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CHAIRMAN’S WELCOME
On behalf of the conference organizing committee, it is our great pleasure to welcome
you to the 1st International Conference on Data Science and Official Statistics (ICDSOS)
2021. The conference is organized by Politeknik Statistika STIS and Statistics Indonesia
(BPS) in collaboration with Forum Pendidikan Tinggi Statistika (FORSTAT) and Ikatan
Statistisi Indonesia (ISI). ICDSOS 2021 is providing an international forum for exchanging
ideas and information among statisticians and data scientists from academia, National
Statistical Offices (NSOs), professionals, and beyond. The theme of this conference is
"Strengthening The Contribution of Data Science and Official Statistics To The Society in
The Disruption Era".
We are honored to welcome distinguished keynote speaker: Dr. Eng. Imam Machdi
M.T., the Deputy for Methodology and Statistical Information of BPS-Statistics Indonesia. It
is also a great honor for us to welcome our invited speakers: Prof. Pedro Pita Barros, Prof.
Tsuyoshi Murata, Dr. Arturo Martinez Jr., Prof. Budi Nurani Ruchjana, Prof. Jean-Bernard
Chatelain, Dr. Alexander Kowarik, Assoc. Prof. Woojoo Lee, and Dr. Walter J. Radermacher.
Official Statistics are produced, collated, and disseminated by the National Statistical
Office (NSO). These data are almost invariably nationally representative because they are
obtained from complete censuses or very large-scale national sample surveys, and they
usually seek to present definitive information conforming to international definitions and
classifications or other wellestablished conventions. Data Science enables us to efficiently
understand big amount of data from multiple sources and derive valuable insights to make
smarter data-driven decisions.
In this ICDSOS 2021, we aim to: 1) Promoting the value of Data Science and Official
Statistics, 2) Elaborating the role of statistical community in the disruption era and
implications for Sustainable Development Goals (SDGs) monitoring, 3) Employing Big Data
as a modern data source for Official Statistics, 4) Developing new statistics, methods, and
statistical analysis using Data Science, 5) Disseminating the latest research on the application
of statistics in the economic, social, and computational science fields.
We have received 173 submissions, which 129 are considered as clean submissions for
peerreviewing process and submitted from different countries across continents: Indonesia
(121), Italy (1), Turkey (1), India (1), Bhutan (2), Nigeria (1), China (1), and Guatemala (1).
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After being peerreviewed by two or three independent reviewers in a double-blind procedure,
100 papers are accepted (77.52% acceptance rate).
The conference would not be conducted without the hard work, dedication, and
valuable contribution of the committee, supporting institutions, and reviewers. We would like
to express our sincerest gratitude to the steering committee, the organizing committee, the
scientific committee who contribute tirelessly to make this conference run efficiently. We
gratefully acknowledge Politeknik Statistika STIS, Statistics Indonesia (BPS), Forum
Pendidikan Tinggi Statistika (FORSTAT), and Ikatan Statistisi Indonesia (ISI) for providing
all required resources and supports to this conference. Our deep sense of appreciation also to
the reviewers for their expertise which ensure the scientific quality of accepted papers.
Finally, we thank all the authors, presenters, and participants of the conference. We
hope that all of you enjoy the conference.
Jakarta, November 13th, 2021
ICDSOS 2021 Chairman

Dr. Eng. Arie Wahyu Wijayanto
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A Rating Evaluation and Lexicon-Based Sentiment Analysis
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Abstract. E-commerce as a business platform offers abundant advantages in modern life all
over the world. Sellers and buyers at online marketplaces may get benefits and advantages
from e-commerce. One of the advantages is that e-commerce can be accessed anywhere and
anytime. Despite providing advantages, e-commerce also has disadvantages including product
quality fraud and data theft. Online marketplaces provide facilities for consumer evaluation,
through star rating and consumer reviews. In this paper, we focus on the Business-to-Consumer
(B2C) e-commerce type and extract consumer opinion data from a leading online marketplace
in Indonesia and use text mining approaches to compare the rating evaluation and sentiment
analysis on consumer reviews. With 2,937 records, we investigate the relationship between star
rating and lexicon-based sentiment analysis. From the results, we found that most consumers
do not hesitantly provide a good evaluation indicated by a 5-star rating and positive sentiment
of reviews. A quite polarized rating distribution is found and indicates a straightforward
consumer opinion. However, a further examination of the relation between rating and review,
we discover inconsistencies in consumer opinion where the good rating may also contain
negative reviews. Our result findings provide an insight to build a more integrated consumer
opinion indicator in e-commerce and that online marketplace sellers need to look deeper at the
detailed reviews rating.

1. Introduction
The advancement of current technology in the digital era has been improving modern human daily life.
One of the prominent conveniences in the digital era is the emergence of electronic commerce (ecommerce). E-commerce is a business platform that connects sellers/providers and buyers/consumers
to perform market activities over the internet [1]. E-commerce provides a very broad market space, in
contrast to conventional markets which are limited to a location in a place, a city, or a country [2]. Ecommerce even reaches sellers and buyers across continents [3]–[7].
E-commerce provides numerous advantages for sellers and buyers. E-commerce can be accessed
anywhere and anytime [1]. Not only unlimited by time, but e-commerce also does not require buyers
to have warehouses and stores. On the other hand, e-commerce also provides product variety. For
buyers, product variety is an advantage because it provides product choices to be purchased. Fast
delivery is also an e-commerce advantage. Another advantage is competitive prices, ease of payment,
and ease of communication [3]–[5], [8].
Besides providing benefits and advantages, e-commerce also has disadvantages and potential risks.
The disadvantages include products not in accordance with the order, product damage or poor quality,
longtime delivery, fraud in e-commerce, and privacy issues such as potential data theft [2], [8]–[10].
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For evaluation and to determine consumer satisfaction, e-commerce provides facilities for consumers
to give feedback or assessment. Consumers can give a rating and write a review. Rating is an
assessment of e-commerce which is usually on a scale of 1 to 5 or sometimes 1 to 10, or it can also use
certain symbols such as stars or hearts or other symbols. Review is a summary, a consumer evaluation
review of e-commerce which is usually delivered in text. Through a review, it will be known in more
detail about advantages and disadvantages, quality of e-commerce, stores or products, shipping
quality, and another aspect. Consumer evaluation and feedback help and improve e-commerce services
[11]–[14].
To quickly find out e-commerce evaluation, it is usually enough to consider only the rating. In 1star to 5-stars scale rating, 1-star indicates bad rating, 5-stars indicates good rating. To reveal a more
detailed evaluation, it is necessary to read the review [11], [12]. Reviews provide more assessment of
what aspects are good and what aspects are bad. Reviews also contain sentiment, which can be a
positive, negative, or normal sentiment. Rating and review influence consumers for purchasing ecommerce products [7], [10], [15], [16].
The research question in this paper is to find out whether a good rating always has a positive
review and a bad rating always has a negative review. To do this, in this paper, we use text mining
approaches to study consumer opinion behavior on evaluating e-commerce through ratings and
detailed reviews measured as positive or negative sentiments. In the age of data science, the researcher
can explore the data both quantitatively and qualitatively. Here, text mining can be used as one of the
statistical tools to address qualitative research and knowledge management. To begin with, [17]
performs the text mining of the zakat administration in times of COVID-19. However, [18] used text
mining as the perfect preference in job finding. Furthermore, we examine the relationship between
consumer ratings and reviews, whether a good rating also has a positive sentiment review, vice versa.
We will perform analysis on consumer ratings and perform sentiment analysis on consumer reviews.
2. Theoretical Background
2.1. E-Commerce
Many researchers have discussed and explored e-commerce. About the definition of e-commerce, ecommerce is a business platform that allows seller or service provider and buyer or consumer to meet
for marketing/business activities over the internet [3], [12], [13], [16], [19], [20]. The development of
computer technology and network infrastructure has triggered the emergence of e-commerce today
[3]. Advantages of E-commerce such as make people's lives easier in their daily activities [3], [12],
[13], [16], [19], [20].
Activity in e-commerce includes various types of marketing/business activities, such as shopping,
banking, transportation, services, and investment [2], [14], [19]. Amazon.com and eBay became the
first and most popular e-commerce in the world [20]. Then followed by the emergence of e-commerce
companies in other countries such as Alibaba.com in China. In Indonesia, e-commerce has also
emerged, such as Tokopedia, Bukalapak, Lazada, Go-Jek, Shopee and the others [3].
There are at least 5 types of e-commerce include Business-to-Business (B2B), Business to
Consumer (B2C), Business-to-Government (B2G), Consumer-to-Consumer (C2C), and Mobile
commerce (M-Commerce) [5], [11]. E-commerce is easily accessible anytime and anywhere, not
limited to time and region. E-commerce can also be accessed through various devices, such as desktop
computers, laptops, tablet PCs, and mobile phones.
2.2. Reviews on E-Commerce
E-commerce evaluation is necessary for consumer satisfaction and improving e-commerce services
[1], [2], [8], [16], [20]–[22]. Evaluation and feedback from consumers are usually through ratings and
reviews. Rating and reviews are needed to provide a consumer experience with a product. The
consumer when purchasing a product in e-commerce could not physically experience the product. In
this [20] exploring and mitigating fraud rating, this [9] research about product rating and reviews
(sentiment). Many scholars also explore e-commerce reviews, the sentiment of reviews, and customer
purchasing behavior [1], [2], [8], [15], [22], [23].
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2.3. Lexicon-Based Sentiment Analysis
Lexicon-based sentiment analysis (LSA) is one of the major approaches in sentiment analysis. LSA
works by using the word semantic orientation in a given text to calculate the sentiment [22]. LSA
requires a dictionary consisting of positive or negative sentiment labels assigned to each of the words.
To compose the dictionary, different existing ways have been introduced, not only manually but also
automatically. Given an input text, in LSA, the text will be converted as a bag of words (BoW) and all
of its positive and negative words are labeled with sentiment values based on the pre-defined
dictionary [24]. To make an overall sentiment value of the input text, we apply sum or average to the
input text as a combining function. In this study, we utilize the lexicon-based approach which helps us
to generate a labeled training set.
3. Methodology
3.1. Dataset
The data used in this article is collected reviews data from e-commerce in Indonesia. We use data from
Shopee (2,937 records/instances), one of the top e-commerce in Indonesia. The original extracted
review is in the Indonesian language (Bahasa Indonesia).
3.2. Pre-processing
There is an initial process that needs to be done when performing text analysis in machine learning.
This process is called text pre-processing. Data about review from web crawling needs to be cleaned
up first. Because in the text review there is a noise that will interfere with the analysis process. There
are common methods that can be used in text pre-processing, including text transformation,
tokenization, and filtering [1], [14], [25].
a. Text Transformation
Transformation is the process to transforms text from original text to modified text. The most common
and most frequently performed process is to apply the text to lowercase transformation. We need to
transform text to lowercase because the computer will identify a word as a different word if written in
different cases. For example, the word "Car" and "car" will be interpreted differently by computer.
This will make duplication of words in the dictionary we created later [14], [25].
Another transformation method is removing accents, parsing HTML, and removing web URLs.
Remove accents will remove all diacritics or accents in the original text. Parse HTML will detect
HTML tags on the original text and parse out text only. Remove URLs will remove URLs from the
original text. In this article we perform 3 transformations, lowercase transformation, parse HTML and
remove URL. Remove accents are not performed because in Bahasa Indonesia there is no accent word
[14], [25].
Text transformation example:
Lowercase transformation: Original TEXT will transform to the original text.
Remove accents: “naïve” will be transformed to “naive”.
Parse HTML: <strong>Original text</strong> will transform to original text.
Remove URL: This is a https://www.example.com/ URL will transform to This is a URL.
b. Tokenization
Tokenization is a method for separating a text into smaller text units. The smaller text units are called
tokens. The token can be a word, a character, or a sub-word. Usually, the tokenization process is
classified into 3 types: words, characters, and sub-words (n-gram characters) tokenization. The goal of
tokenization is to create a vocabulary of the text [14]. In this article, we perform tokenization by word
only.
c. Filtering
Filtering is a process to remove or keep a selection of words. In this article, we remove stop words in
Bahasa Indonesia. Stop words are common words that usually appear in large numbers and are
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considered meaningless [14], [25]. Examples of stop words for English include "of", "the", and “on”.
Meanwhile, Bahasa Indonesia includes "yang", "di", and "ke". For this goal, we need a stop words list
in Bahasa Indonesia. In this article, we use a list of stop words in Bahasa Indonesia from the list by
[7].
3.3. Lexicon-Based Sentiment Analysis
Sentiment analysis in this article uses lexicon-based sentiment analysis with a positive and negative
dictionary in Bahasa Indonesia from the word list created by [6]. We calculate the sentiment score for
reviews based on the dictionary and add a tag or label to the text with (-1) for negative sentiment, add
a tag to the text with (1) for positive sentiment and add tag (0) for the normal sentiment.

Figure 1. Reviews Analysis Step
4. Results and Discussion
4.1. Pre-processing Results
After performing text pre-processing, we will have a dictionary/word list in lowercase that is clean of
stop words, the meaningless common words. In this dictionary we also calculate the frequency of each
word. Figure 2 shows us the different list of the words before pre-processing and after pre-processing.
Before pre-processing is performed, there are many meaningless words and punctuation in the
data/corpus.

Figure 2. Top 10 words before and after pre-processing
One of the interesting outputs in the text analysis is the word cloud. Word cloud is a method for
displaying text data visually. Word cloud is popular in text analysis/text mining because it is easy to
understand. Word cloud has a function to bring up a visual image of text. The use of word clouds will
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help us to get a complete understanding of an idea from a collection of texts. The word cloud will
visualize the words based on the number of times they appear in the dictionary. The more frequency of
a word, the larger size of the word is visualized. Word cloud in Figure 3 shows us words with large
size are “belanja” (shopping), “barang” (things/product), “shopee” (name of e-commerce), “bagus”
(good), “ongkir” (shipping charges), “suka”, “aplikasi”, “gratis”, some of these words represent
positive reviews. We also saw negative words like "kecewa" (disappointed) and “tolong” (help)
printed in a smaller size.

Figure 3. Word cloud before and after text pre-processing
4.2. Rating Distribution
The distribution of ratings could be seen in Figure 4. From Figure 4, consumer rating with 5-star
reaches 56,79% (1,668 instances), 4-star reach 7,73% (227 instances), there are no instances with 3star, rating with 2-star reach 7,9% (232 instances) and the rating with 1-star is 27,58% (810 instances).

Figure 4. Rating Distribution
Figure 4 shows us that consumers tend to give a 1-star rating and 5-star rating. Most of the
consumers give 5-stars or a good rating (56,79%). The second is a 1-star or bad rating (27,58%).
Statistics for the rating are mean (µ) = 3,58 and standard deviation (σ) = 1,78. Based on this rating
evaluation, we can conclude that e-commerce is good.
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4.3. Sentiment Analysis
From total data of 2,937 instances, there are 30.61% (899 instances) negative reviews, 23.12% (679
instances) were normal reviews and 46.27% (1,359 instances) were positive reviews. This can be seen
in Figure 6. If we look at the distribution of sentiment scores in Figure 5, we find mean (µ) = 2.11 and
standard deviation 8.09. From this, we know that data tends to be positive reviews.

Figure 5. Sentiment Score Distribution

Figure 6. Sentiment Label Distribution
Therefore, from sentiment analysis, we can conclude that consumers tend to give positive reviews
for e-commerce. Figure 7 and Figure 8 show the top 5 negative sentiment scores (maximum score = 50) and top 5 positive sentiment scores (maximum score = 40). Some of the negative keywords from
Figure 7 are “lemot” (slowly), “gagal” (failed), “buruk” (bad), “jelek” (bad), “kecewa” (disappointed),
and “lambat” (slowly). Then, some of the positive keywords from Figure 8 are “bagus banget” (very
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good), “mudah” (ease), “cepat” (fast), “suka” (like / love), “hebat” (great), baik (good / kindness),
“responsif” (responsive), “membantu” (helping), “terbaik” (best), and “ramah” (good / kindness).

Figure 7. Top 5 Negative Sentiment Score

Figure 8. Top 5 Positive Sentiment Score
4.4. Ratings and Review Relation
In the previous section, results of the e-commerce evaluation have been discussed for rating and
review separately. Both rating and review show a good e-commerce evaluation from consumers. In
this section, we will evaluate the rating and review simultaneously. When we examine more deeply,
by looking at the reviews provided by consumers, it is found that at the 4-star and 5-stars ratings (good
ratings) there are many negative reviews from consumers, see Region A in Figure 10. This case is
shown in Figure 9 and Figure 10. Figure 9 is a scatter plot between sentiment score and rating from
consumers. Figure 10 is a scatter plot between sentiment (label) and rating from consumers. From
these results, we know that consumers still give a good rating on e-commerce even though the
consumer experiences with e-commerce were disappointing (which can be seen from the review). We
can also see that in a bad rating, there is a positive review. This part is the main article contribution,
about rating evaluation paired with review sentiment.

Figure 9. Rating and Sentiment Score Scatter Plot
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Figure 10. Rating and Sentiment Scatter Plot (a. without Jittering b. with Jittering)
Region A in Figure 10 is instances with ratings more than 4 (4-star and 5-star rating) and have
negative sentiment (-1). Number instance for region A is 392 instances from 2,937 instances (13,34%).
Region B in Figure 10 is instances with bad ratings (1-star and 2-star) and have positive sentiment (1).
Figure 11 shows the top 5 negative sentiment scores but has a good rating (4-star and 5-star).

Figure 11. Top negative sentiment score and has a good rating (rating 4 and rating 5)
4.5. Discussion
Consumer behavior on a business platform may be different from one consumer group to another, in
certain regions, or other aspects. In this article we work with e-commerce data from Indonesia, we can
see the behavior or trends of consumers in giving ratings. Based on the data and our investigation
results, consumers in Indonesia prefer to choose 1-star and 5-star rather than other ratings. In theory, a
rating with 1-star indicates a bad rating, while 5-stars indicates a good rating. Our finding shows that
consumer behavior still gives a good rating, even though the consumer is experiencing
disappointment. This could be due to the culture of the Indonesians who are full of politeness even
though there are inconveniences in the reviews but the rating can still be good. This behavior needs to
be studied further.
Another topic that can be learned more is about what aspect has the most negative review and what
aspect has the most positive review. We will know which part of e-commerce is the best and which
part has received criticism from consumers to make improvements. For this purpose, we can perform
“topic modeling”.
5. Conclusion
E-commerce opinion evaluation may refer to both of the ratings given by the consumer as well as the
consumer reviews. In this study, we extract consumer opinion data from a leading online marketplace
in Indonesia and use text mining approaches to compare the rating evaluation and sentiment analysis
on consumer reviews. Based on the rating evaluation results, there is a polarized rating distribution
where the majority of consumers tend to give an extreme 1-star or 5-star rating rather than the more
moderate ones such as 2-star, 3-star, and 4-star ratings. We also found that most consumers are not
hesitantly expressing a good evaluation indicated by a 5-star rating and positive sentiment of reviews.
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However, in our further assessment of the relationship between rating and reviews, we find
irregularities in the opinion distribution where the good rating may likewise contain negative
comments. It can be seen that even though the consumer is not satisfied with e-commerce, the
consumer still gives a good rating. In other words, from the data, a 4-star and 5-star rating are not
always reflecting good opinions, there are many negative reviews from consumers. Finally, to get a
rich e-commerce evaluation result we need to look deeper at the reviews provided in e-commerce, it is
not enough to just look at the rating.
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Abstract. National statistical offices around the world show a strong interest in producing
reliable, objective, and accurate information in compliance with a high level of professional
and scientific standards. Such a set of information provided by government agencies is known
as the official statistics. To support the potential of knowledge-based business process and
deliver high-quality public services, knowledge management systems (KMS) are undoubtedly
required. In this work, we study the impact of embracing KMS in one of the most massive
scale statistical census in South East Asia, the 2020 Indonesia Population Census (IPC2020).
The regression analysis is utilized in this study where the perceived usefulness is the dependent
variable and the perceived ease of use become the independent variable. Our findings reveal
that KMS utilization gains a positive influence on the perceived ease of use and usefulness
among the stakeholders and organizing personnel. This provides an incentive to enlarge the
range of implementation and improve the system and infrastructure capability to better support
the knowledge-driven collaboration among stakeholders of the statistical office.

1. Introduction
In this study, we aim to investigate the implementation of a knowledge management system (KMS) in
supporting population census in Indonesia and to investigate whether the perceived ease of use of
KMS influences the perceived usefulness towards the implementation of KMS. The national statistical
office of Indonesia, known as Statistics Indonesia (BPS) as the principal actor behind the 2020
Indonesia Population Census (IPC2020), is one of the government institutions responsible for
providing official statistics, mainly in basic statistics, but also supporting the dissemination of sectoral
statistics and specific purpose statistics. Therefore, as a trustworthy data provider for the government
and public, BPS create innovation by implementing KMS on one of its censuses, which is IPC2020.
However, BPS has no experience in implementing KMS on its previous census/surveys and is still
currently learning how KMS should be implemented in the statistical business process.
As the sole provider of official basic statistics in Indonesia, BPS is aware that the development of
technology has been improving quite fast, especially in supporting its statistical business processes.
Nowadays, the public sector in government agencies is encouraged to incrementally transition from
old-fashioned bureaucratic services into more managerial approaches (Sandhu et al., 2011). Such
transition is fundamental to meet the high expectation of national-scale citizens which require the
equivalent service standards and levels of government agencies compared with their private sectors
counterparts. Massaro highlighted that public sector agencies have been encountering greater
challenges in terms of responsiveness, accountability, and representativeness than the private sector

12

A M A Putra and A W Wijayanto

ones (Massaro et al., 2015). Hence, government agencies need to begin institutionalizing careful
knowledge management strategies and objectives as potential efforts to deal with these challenges and
to avoid unexpected falling in public trust (Young et al., 2013). Overall, the requirement of knowledge
management for the government institution is undoubtedly critical. To this end, the remaining question
is no longer about whether they need knowledge management, but rather how to achieve all possible
benefits from knowledge management in an effective and efficient manner.
The principle of knowledge management is to ensure extensive implementation of knowledge
management processes efficiently and effectively. Knowledge management processes, namely, the
knowledge creation, capturing, storage, sharing, and application should be widely used to achieve the
high level of the institutional key performance indicators (Alavi & Leidner, 2001; Von Krogh, 1998).
As opposed to the private sector where the main objective is for maximizing income and profits, the
three essential pillars of public sector performance are the service delivery quality, innovation, and
operational service efficiency of the organization (Cong & Pandya, 2003). Unfortunately, to the best
of our knowledge, there are no recent studies in the literature that have comprehensively discussed the
impact of KMS implementation in the public sector, especially related to a statistical activity like
census or survey, though there have been few studies in the public sector that looked at the
implementation of KMS on human resource-related fields including employee motivation, managerial
initiatives, and job assignment. A comprehensive discussion of KMS implementation in statistical
activity would enable policymakers to prioritize the KMS implementation in line with BPS
performance goals. Moreover, such discussion would provide the ability of BPS to identify the
existing knowledge management processes and encourage enhancements to those discovered to be
lagging in demonstrating the ideal performance, in terms of the implementation efficiency and
effectiveness.
Based on the current situation and challenges, the implementation of KMS in BPS is inevitable.
KMS is necessarily needed to support the census or survey. KMS is much believed would make
statistical activity run smoothly, especially IPC2020. In this research, we investigate the
implementation of KMS in BPS, especially on supporting IPC2020. The acceptance towards KMS
implementation will be evaluated using the technology acceptance model (TAM) approach but limited
only to analyse the impact of perceived ease of KMS use towards its perceived usefulness.
2. Theoretical Background
2.1. Knowledge Management System (KMS)
Knowledge is hard to be defined precisely, since many scholars have different ways to
comprehensively understand its role and benefit according to their perspectives. An earlier study
(Nonaka et al., 1996) has provided a definition of knowledge as a useful and meaningful collection of
information that consists of a legitimized correct belief and/or a representation of technical ability.
Knowledge is the progression of transforming information and earlier practices into a set of
relationships which possess meaning that is understandable and applicable by individuals (Debowski,
2005).
Knowledge is one of the most important assets of an organization, yet is often left behind, not well
documented, difficult to access, and, even worse, potentially disappear. As the business process of an
organization is still running, the knowledge that belongs to the organization will continue to grow.
Therefore, the importance of knowledge management is inevitable. Knowledge management can be
explained as a mechanism of identification, selection, arrangement, and disseminating essential
expertise and information that is part of an institution in an organized form (Lucas, 2008).
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Figure 1. SECI Knowledge Conversion Model (Nonaka & Takeuchi, 1995)
The SECI model is firstly presented by Nonaka & Takeuchi and it has become the establishment of
the theory of knowledge creation and transfer. They introduced four different approaches that
knowledge types can be consolidated and converted, demonstrating how knowledge can be created
and shared in any particular organization (Nonaka & Takeuchi, 1995). The model depends on two
different forms of knowledge: tacit and explicit. In the SECI model, the fundamental process for
knowledge creation and sharing in the KM process consists of the socialization, combination,
externalization, and internalization processes (Becerra-Fernandez & Sabherwal, 2015). Socialization is
a knowledge conversion from tacit to tacit. Its sources could be passed on through observation,
guidance, and practice. Externalization is an alteration from tacit to explicit knowledge. In other
words, it is a codifying process of tacit knowledge into documented forms, such as manuals and
books. Meanwhile, combination is a conversion between explicit knowledge. Documents scanning is
an example of combination process. Lastly, internalization, the opposite of externalization, is a
transformation of explicit to tacit knowledge, such as reading a book and taking a course.
Meanwhile, KMS is a supporting system to manage the organizational knowledge. The knowledge
management system is developed using three components of the technology, those are collaboration,
communication, and storage & retrieval (Tiwana, 2002). Many organizations have successfully
implemented KMS. A US government organization has implemented knowledge management in its
human capital strategy by applying the knowledge management pyramid to its framework (Liebowitz,
2003). In the same year, a study in Australia shows that knowledge management was alleged to be
more about evolving the culture of knowledge than about managing organizational structure and
processes (Zhou & Fink, 2003). KMS is also proven to increase firm performance, it helps to reduce
administrative cost and improve productivity (Feng et al., 2005). Higher education in Taiwan sees the
implementation of KMS as a reasonable step in order to enhance quality and performance (Chou Yeh,
2005). Another study (Chong & Chong, 2009) proposes that knowledge management implementation
could be done with the support of knowledge management preliminary success factors (organizational
structure, business strategy, knowledge map, knowledge management team, and knowledge audit) and
knowledge management elements (culture, leadership, measurement, and technology). Successful
implementation of KMS also needs a knowledge management-oriented culture within the organization
as a pre-requisite (Erwee et al., 2012). Meanwhile, research in German shows that numerous existing
family firms do not utilize their maximum potential with regards to their knowledge base management
(Döring & Witt, 2020).
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According to previous study (Nor et al., 2011), KMS is defined as an instrument meant for creating
the knowledge repositories, enhancing the access of knowledge, and sharing along with
communication through collaboration. KMS improves the environment of knowledge and manages
knowledge as an institutional asset. The experts state that for an institution to manage its knowledge
properly, it highly needs a KMS. Such system encourages users to collaborate regardless of place and
time, even more so, using different platforms. In other words, it is a tool for organizational
collaboration internally and externally with the aim to create, store, share, and implement the
knowledge.
2.2. Official Statistics
Official statistics, based on (Law of The Republic of Indonesia on Statistics, Number 16, 1997), are a
compilation of data and information, also called as statistics, officially disseminated by government
agencies or other public sector entities. Official statistics can be divided into three types, basic
statistics, sectoral statistics, and specific statistics. Basic statistics are statistics intended for broad
purposes, whether for the government or the community. Basic statistics can only be provided by the
government agency, which is BPS. IPC2020 is one of the censuses carried out by BPS in order to
provide basic statistics.
2.3. Technology Acceptance Model (TAM)
Many researchers, especially in the information system, use the technology acceptance model (TAM)
as the framework to defining the acceptance level of an information system. TAM, presented by F.D.
Davis in the previous study (Davis, 1989), is the modification from the Theory of Reasoned Action
(TRA), which is constructed particularly to model user acceptance of any specific information
systems. The purpose of this technique is to give an explanation of the acceptance determinants of the
computers utilization in general, ready to explain the user behaviors for all populations and ranges of
users of computer system and technology, which matchs in parsimonious and hypothetically.
TAM proposes two things are accepted as the true realities: perceived usefulness and perceived
ease of use, as the principal association to the behavior of computer acceptance (Davis, 1993). The
first principle, perceived usefulness, is defined as how much an individual accepts that using a specific
system can improve its performance. While the second principle, perceive ease of use, is defined as
how much an individual accepts that using the system is not needed any effort (effortless). Perceive
ease of use likewise influences the perceived usefulness which may imply that if an individual feels
the system is not difficult to utilize, the system is valuable for them.
2.4. TAM Approach in KMS
In previous research (Money & George, 2005), TAM was used to investigate user behavior in
accepting. They highlighted that the accomplishment of KMS is begun unquestionably with individual
acceptance. The study attempts to widen understanding of the connection between two significant
research themes of Information Technology (IT): user acceptance of IT and knowledge management
organization. TAM model is utilized in the study because it has been broadly embraced among IT
researchers and seems to be growing rapidly, has the reliability, and build legitimacy were set up.
3. Methodology
The focus of this study is mainly to describe the implementation of KMS in supporting census activity,
especially IPC2020. Technically, this is the first time of KMS implementation on supporting
census/survey activity held by BPS in Indonesia. Therefore, as the basic data provider in Indonesia,
BPS is still currently learning how KMS should be implemented inline to the standard statistical
business process. However, this research will focus on demonstrating the influence of perceived ease
of use towards perceived usefulness as suggested in previous research (Davis 1989). This is due to
KMS will still be used as part of the employee’s daily activity despite are still being developed.
A survey was established using a questionnaire based on TAM for investigating an employee’s
acceptance of KMS. The questionnaire was made with the Integrated Collection System (ICS) and
distributed through Microsoft Kaizala. Respondents were all of BPS employees involved in IPC2020
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with collection’s period in late October 2020. The respondents are asked whether they have
experienced in accessing KMS, and if they respond in the affirmative, they are invited to take part in
the survey. Respondents are requested to choose the response which best portrays the level of
agreement on a 7-point Likert scale, from "strongly disagree" (encoded as 1) to "strongly agree"
(encoded as 7).
Variables and questions which were used in the questionnaire are explained on Table 1. “Perceived
Usefulness” is the dependent variable in this research. Meanwhile, the independent variable is
“Perceived Ease of Use”.
Table 1. Measured Variables and Questions
Variables

Questions

Perceived Ease of Use

1. Learning the operation of KMS is easy for me.
2. Using KMS makes it easier for me to access the knowledge I
need.
3. The use of KMS is clear and understandable.
4. The use of KMS is very flexible.
5. To master and be skilled in using KMS is very easy for me.
6. Overall, KMS is easy to use.

Perceived Usefulness

1.
2.
3.
4.
5.
6.

Using KMS allows me to complete daily tasks more quickly.
The use of KMS improves my work performance.
The use of KMS increases productivity in my work.
The use of KMS increases effectiveness in my work.
Using KMS makes my job easier to do.
Overall, KMS is very useful for my work.

As the data were all collected, each individuals score will be converted to t-score. The formula of
conversion is shown below. Regression analysis were conducted to the converted data subsequently.
𝑡𝑠𝑐𝑜𝑟𝑒 = (𝑧𝑠𝑐𝑜𝑟𝑒 × 10) + 50

(1)

Until the end of the survey period, 4,948 responses were successfully collected. Descriptive analyses
were used to describe the characteristics of the sample. We build a regression model using SPSS 26 to
determine the influence of perceived ease of use towards the perceived usefulness of KMS in BPS.
4. Results and Discussions
4.1. Results
The knowledge capturing process is developed through virtual discussions on Microsoft Kaizala.
These discussions are carried out by utilizing the 'Ask Question' feature implemented on Microsoft
Kaizala which is installed on employee’s cell phones. The number of recorded questions during the
IPC2020 period is 980 questions. As shown in Figure 2, out of a total of 980 questions, 665 questions
are successfully answered.
From the collected and answered questions, the questions are grouped based on categories and
subcategories to make it easier in arranging candidate knowledge content. The next step is to
summarize the questions and answers which have a similar topic. The summarizing process is done
manually with the help of the Questions and Answers (QnA) management application.
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Figure 2. Percentage of questions based on responses related to IPC2020.
The summarizing process produced 122 knowledge contents related to IPC2020. In comparison to
the collected and answered questions, only 12.44% of which is made into knowledge contents. This
was due to the large of similar questions so that one knowledge content could have been created from
several questions. The total views of knowledge contents related to IPC2020 are 7,209 views. Thus,
the average views per content are 60 views.
Out of 4,948 responses, only 967 respondents have accessed KMS as described in Figure 3. This
happens because the KMS utilization has not been widely echoed by BPS employees. The
socialization process is an important phase in the knowledge lifecycle. Therefore, BPS has to take it
seriously for the success of KMS implementation.

Figure 3. Percentage of respondents who have accessed KMS.
Table 2. Regression Analysis Between the Perceived Ease of Use and the Perceived
Usefulness (alpha = 0,05)
Unstandardized

Standardized

Coefficients

Coefficients

Model
B

Std. Error

(Constant)

7.762

.878

Perceived Ease of Use

.845

.017

t

Sig.

8.837

.000

49.036

.000

Beta
.845

a. Dependent Variable: Perceived Usefulness
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In this study, the influence of the perceived ease of use on perceived usefulness is also being
investigated. Simple regression analysis is conducted and the result is described in Table 2. Based on
Table 2, the significant value of perceived ease of use is under 0.05, which means it is proven that
perceived ease of use significantly influences perceived usefulness. Table 2 also explains the positive
relationship between perceived ease of use and perceived usefulness which indicates by non-negative
coefficient of perceived ease of use. It can be inferred that the easier to use KMS will increase the
perception of its usefulness.
4.2. Discussion
According to Figure 2, over 30% of the questions were not answered. It occurred due to the large
number of questions submitted almost at the same time. This causes several questions were left
unanswered. The other problem was network issues. Sometimes, when the question responder entered
a poor network area, the question was not fully loaded. Therefore, the question remained unanswered.
In fact, this KMS implementation is firstly undergone to support census/survey activities in BPS,
the results are quite encouraging. The number of views shows that employees welcomed KMS quite
well. It seems promising for future implementation since knowledge is a precious and useful asset to
an institution. It is easier to find solutions to problems encountered during the census/survey period.
This also shows that the internalization process, as described in the SECI model, is going pretty well.
5. Conclusion
In this study, we examine the impact of knowledge management system utilization in the 2020
Indonesia Population Census (IPC2020). Based on the results and discussion of this study, there is a
positive influence between perceived ease of use and perceived usefulness of KMS implementation.
Therefore, in order to make KMS more useful to all BPS employees, the developer of KMS in BPS
has to make KMS easier to use in future expansion. The stakeholders of KMS have also to consider its
infrastructure for more practical use. Since KMS will be accessed by all BPS employees, the KMS has
to run flawlessly. Hence, bigger bandwidth and larger capacity server are undoubtedly required.
Further investigation on the alignment evaluation of KMS in BPS to comply the standard Generic
Statistical Business Process Model (GSBPM) and its implementation maturity level according to the
Strategic Alignment Maturity (SAM) model are parts of our future works.
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Abstract. Ensuring high-quality and effective urban waste management has been an important
priority to achieve sustainable and environmental-friendly cities and communities mandated by
Sustainable Development Goals (SDGs). The massively growing population in urban regions
of developing countries, such as Bandung City, Indonesia, leads to the increasing volume of
daily goods consumption and households waste production. The waste transportation route is
one of the main determining factors for the cost of waste management. In this paper, we
introduce the Multi-objective Non-dominated Sorting Genetic Algorithm II (MNSGA-II) to
solve the waste transportation route optimization problem in the Eastern and Southern Regions
of Bandung City, Indonesia. Compared to the existing traditional evolutionary algorithms,
MNSGA-II offers three major important benefits: efficient computational complexity, no
requirement of sharing parameters, and a non-elitism mechanism. Algorithm parameters
include the number of generations, mutation rate, and crossover rate. Our extensive
experiments suggest the best solution resulted in 14 routes with a total distance of 152,63 km.
Further, our proposed route optimization is potentially beneficial to support the improvement
of the sustainable waste management service system at Bandung City.

1. Introduction
Urban waste management has been one of the fundamental global issues, especially in developing
countries, such as Indonesia. Population growth and improvement in living standards have led to an
increase in the volume of waste. According to Waste Management Law of Indonesia No. 18 of 2008,
waste management is defined as an integrated activity of waste reduction, disposal, and handling
which should be conducted in a comprehensive, systematic, and sustainable manner. Among other
metropolitan areas in Indonesia, Bandung City has been facing critical challenges in maintaining
sustainable waste management. The significantly increasing number of populations in Bandung City
has implications in the growing volume of households and industries consumption and urban waste
production activities. The waste transportation route is known as one of the determining factors for the
cost of waste management. Hence, it is necessarily required to optimize the process of collecting the
waste throughout the city areas.
The increasing volume of daily waste production in Bandung City is quite fast. The average
amount of waste transported to the Final Processing Site (Tempat Pemrosesan Akhir - TPA) is 1400-
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1500 tons/day. Waste management in Bandung is carried out by a specially formed organization,
namely Perusahaan Daerah (PD) Kebersihan. The task of the organization is to transport waste from
a Temporary Shelter (Tempat Penampungan Sementara - TPS) to a TPA. Transportation of waste in
the city of Bandung is divided into 4 (four) operational areas with the number of TPS, namely Western
Bandung with 42 units of TPS locations, 35 units of Eastern Bandung, 38 units of Southern Bandung,
and 39 units of Southern Bandung. TPA is located in the village of Sarimukti, Western Bandung. Due
to the distance between TPA Sarimukti from the city center, which is about 45 km, the Gedebage
Intermediate Transfer Facility (Stasiun Peralihan Antara - SPA) was chosen as the starting point as
well as the endpoint of the waste transportation route.
The problem of collecting waste from TPS to SPA can be considered as an instance of the Vehicle
Routing Problem (VRP). One major type of VRP is known as the Capacitated Vehicle Routing
Problem (CVRP). CVRP is a VRP model with vehicle capacity constraints. CVRP can design a route
to collect waste with the minimum cumulative traveling distance, served by the minimum number of
available vehicles with respect to the specific constraints, such as the capacity of vehicles [1].
The waste collecting route must be effective and efficient so that the most optimal collecting route
is obtained. Optimization is carried out by considering aspects of distance, the amount of waste piled
up at the TPS, and the capacity of the waste trucks. An optimization problem that has several objective
functions is called multi-objective optimization. Multi-objective algorithm finding a solution that is
close to Pareto optimality [2].
In this study, there are two objectives to be achieved. The objectives are to minimize the total
traveled distance by waste trucks and the number of waste trucks used. The route starts from the SPA.
Each TPS is only served once by one truck. The total capacity carried on a trip does not exceed the
maximum capacity of the truck. Each route returns to the SPA. One of the algorithms that are quite
well known to get the optimal solution is the Multi-objective Non-dominated Sorting Genetic
Algorithm II (MNSGA-II). The MNSGA-II is one of the evolutionary algorithms developed by
Kalyanmoy Deb. This algorithm will store the optimal solution by sorting based on the Pareto front
and comparing the solutions between each generation [3].
Extensive studies have been conducted to investigate the effectiveness of MNSGA-II optimization
in multiple different objectives. For instance, in the application of the MNSGA-II in stock portfolio
optimization [4], MNSGA-II improves the aimed performance with adaptive mutation operators in the
case of stock mutual fund portfolios [5]. Other examples include the contribution of waste
transportation to the optimization of waste management in the Bandung City [6] as well as optimizing
the waste transportation route in the Yogyakarta City using a hybrid genetic algorithm [7]. In this
study, we aim to propose the use of the MNSGA-II algorithm to find the optimal route for waste
transportation in the Southern Bandung and Eastern Bandung regions. The main contribution of this
study is expected to support the Bandung City government in solving the distribution problem of
waste transportation, especially the Eastern Bandung and Southern Bandung region.
2. Material and Methods
This study uses data available in the Open Data of Bandung City and BPS-Statistics of Bandung
Municipality. The data used is data on the location of TPS contains the name of the TPS, coordinate
(latitude and longitude), the amount of waste entering each TPA (± m3≥/day), and the number of
operational vehicles/trucks for waste management with a capacity of 10 m3. Based on data obtained
from BPS in 2018, the number of trucks is 64, and the capacity is 10 m3. The list of TPS for the
Eastern Bandung and Southern Bandung region is described in Table 1.
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Table 1. List of TPS
TPS ID

TPS

Amount of waste generated
in TPS (m3/day)
0.3

TT05

Cicukang

TT06

Bojong Awi

TT08

Gading Regensi

3

TT13

Cipadung Rw 08

1.5

TT15

Cempaka Arum

7.71

TT16

Rancabolang

2.56

TT17

Derwati

7.57

TT19

Bandung Inten

1.5

TT20

Cipagalo

9.29

TT21

Cijaura Girang

1.5

TT25

Suka Asih

3

TT28

Cigending

8

TT29

Ujung Berung Indah

1.71

TT30

Cinambo Indah

1.14

TT31

Golf

7.43

TT32

Panyileukan

6.29

TT33

Pangaritan

7

TT35

Polda Jabar

1.5

TS01

Kosambi

9.08

TS03

Gedung Pakuan

1.78

TS05

Bi Braga

TS10

Tarumatex

1.5

TS15

Pln Sukarno Hatta

9.1

TS24

Pt. Delami

6

TS25

Lp Kb. Waru

1

TS27

Cibangkong Rw 11

3.84

TS29

Maleer Rw 05

4.21

TS30

Maleer Rw 06

3

TS34

Pasar Moden Batununggal

1.5

TS35

Len Lipi

1.4

TS37

Jakapurwa

5.8

0.5

8
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2.1. Captivated Vehicle Routing Problem
The problem of collecting waste from TPS to SPA is a problem that regulates the distribution of
resources with limited vehicles and truck capacity. The parameters are the number of TPS, the
capacity of the waste trucks, and the total distance from TPS to another TPS [8].
2.2. Haversine Distance
The haversine formula is a method to measure the angular distance between two points located on a
sphere, such as a ball, from their respective coordinates on the surface of the sphere, i.e., the
longitudes and latitudes. The distances are calculated according to this formula [9].
1/2
latt1-latt2
2 long1-long2
)
+
cos(latt1)
cos(latt2)
sin
(
))
)
2
2

d=2r. arcsin ((sin2 (

(1)

where d is distance, latt is latitude, long is longitude, R is the Earth radius (radius = 6,371km).
2.3. Multi-objective Optimization
In single-objective optimization, the solution is easier to find because the search space is well defined.
But if there is more than one objective, there is a set of possible solutions. Multi-objective
optimization is an objective optimization problem which consist of two or more functions. Multiobjective optimization can be defined in equation [10]:
minimize[f1 (x),f2 (x),…,fk (x)]

(2)

where k is the total objective function; x is the vector of decision variables.
In this study, the function that will be optimized is the total distance of the waste collecting route and
the number of the truck.
2.4. Dominance Test
In a multi-objective optimization problem, the best solution is determined by dominance. X1 dominates
X2 if the solution X1 is better than X2 in all the outcomes of the objective function or at least one
objective function. A non-dominated solution set is defined as a set of all the possible solutions that
are not dominated by any solution from the available solution set. The collection of the nondominated solution set is called the Pareto-Optimal set. The boundary that is defined by the set of all
points mapped from the Pareto-Optimal set is known as the Pareto-optimal Front [11]. Hence, all
Pareto-Optimal members set are considered as the best optimal solutions according to the existing
objective functions.
2.5. Multi-objective Non-dominated Sorting Genetic Algorithm (MNSGA-II)
Genetic algorithm, a metaheuristic algorithm and a member of evolutionary algorithms class, has been
widely used as an optimization scheme in numerous human daily activities and operations.
Metaheuristic algorithms are known for their effectiveness to optimize the objective function of
diverse machine learning tasks, including clustering [18-21], classification, regression, etc.
Individuals in the initialized population are sorted according to the non-domination solution on
each front. The first front is formed based on non-dominant groups in the initial population, while the
next front will be dominated by individuals on the previous front and so on [4]. Individuals also use
crowded distance as a parameter to measure the distance from other individuals. In addition, the
crowding process on each individual also helps in exploring the search space and maintaining
population diversity [12]. Flowchart of the Multi-objective Non-dominated Sorting Genetic Algorithm
II (MNSGA-II) is illustrated in Figure 1.
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Figure 1. Flowchart of MNSGA-II
2.6. Non-dominated Sorting
Non-dominated sorting is used to sort the solutions in the population according to dominance. The
sorting algorithm can be seen in Table 2.
Table 2. Pseudocode of MNSGA-II for Waste Transportation Route Optimization
Multi-objective Non-dominated Sorting Genetic Algorithm II
Step 1: for each p in the population P, do
a) Initialize Sp=∅, which will contain all individuals dominated by
p.
b) for each q in p, do
If p dominates q then add q to the set of solutions dominated
by p. Sp = Sp U{q}.
If q dominates p then np = np + a1
c) If np=0 i.e., no individual dominates p so that p is the first
front and then individual p is given rank 1. Update the first
front by adding p to the first front, namely F1 = F1U{p}.
Step 2: Initialize the front counter.
Step 3: Performed on the I-front when Fi≠0
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Multi-objective Non-dominated Sorting Genetic Algorithm II
a) Q=∅ is the storage for the members of the next front.
b) for each p in the Fi front, do
Each q that is in Sp (Sp contains all the individuals
dominated by p.
nq= nq-1, individual subtraction q.
If nq = 0, no individuals on the next front dominate q.
Consequently, change qrank = i+1 and update Q by adding
individual.
c) Add count front by 1.
d) The change Q to the next front so that Fi = Q

2.7. Crowding Distance
Crowding distance reflects the density of surrounding individuals from other individuals in the same
population. When the rankings of the two non-dominant solutions are different, the solutions with the
lower rank will be chosen. When two solutions fall within the same Pareto boundary, the solution with
the larger crowding distance will be chosen [13].
2.8. Binary Tournament Selection
The selection process uses the binary tournament selection method. When forming parents, two
solutions are chosen randomly in the population then their rank values are compared. The best solution
is the solution that has a lower rank. If the rank values are the same, then the best solution is the
solution that has the largest crowding distance [14].
2.9. Crossover
The crossover process can produce new offspring. The first thing to do is determine the initial random
value. The random value is compared with the crossover probability value. If the random value is less
than the probability value, the crossover process begins. The result generates a new offspring based on
a cross with a certain part of parents [15].
2.10. Mutation
The mutation process is replacing a gene in an individual by exchanging genes that have been chosen
at random [15]. The mutation process is carried out on each gene with a predetermined mutation rate.
The mutation rate value determines the number of genes selected for mutation and produces new
offspring [16].
3. Result and Evaluation
Bandung City consists of 30 districts with a total of TPS. Figure 2 shows that the operational areas of
waste collection in Bandung City are Western Bandung, Eastern Bandung, Southern Bandung, and
Northern Bandung. In this study, the authors took two regions to be analyzed. The selected regions are
Eastern Bandung and Southern Bandung. The amount of waste transported to the TPA is not always
the same as the number of existing landfills. The reason is that the waste transportation system is not
optimal, so there are still piles of waste that are not collect every day.

25

N Afira and A W Wijayanto

Figure 2. Map of Waste Collection Operational Areas in Bandung [17].
In modeling the selected area, it is necessary to know the location of the latitude and longitude
coordinates. The distance between two points on the coordinates is calculated using the Haversine
formula. Generating the initial population requires initializing the genetic algorithm parameters first.
The MNSGA-II parameters used (300) population size, (100) generation, (0,9) crossover rate, and
(0,2) mutation rate. Later we will be evaluating the comparison of crossover rate and mutation rate to
the fitness value. The fitness value is calculated using the DEAP library in the python programming
language. The formation of offspring through a selection process using the mutation, tournament
selection, and crossover mechanisms.

Figure 3. MNSGA-II Convergence Plot (100)

Figure 4. MNSGA-II Convergence Plot (150)
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The total distance in the first generation is in the range of 210 km. Furthermore, the graph
decreased to 160 km but still did not converge, so the author added more generations. The graph is
shown in Figure 3. The distance from generation to generation is monitored and recorded in a
convergence plot as depicted in Figure 4. From this plot, it can be clearly visualized that the minimum
distance to converge to the optimum between one generation and the next generation is about 150 km.
The trial of the combination of both mutation and crossover rates aims to find out the most optimal
combination. The crossover rate and mutation rate values used are between 0 to 1. Each generation has
experimented with five times, and the average distance value is calculated. The test results show in
Figure 5. In conclusion, the best combination of mutation rate and crossover rate is 0.3:0.7. The
optimal solution obtained results in a total distance of 152,63 km.
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Figure 5. Comparison of Crossover Rate and Mutation Rate
The route plot generated is presented in Figure 6. Each node represents the TPS ID, while each
edge denotes the generated route of trucks during waste collection throughout the city. X and Y
coordinates represent the real coordinate of each TPS in terms of longitudes and latitudes respectively.
Different edge color illustrates different assigned truck for each particular route.
Waste collection by one truck in one cycle starting from the SPA to the first TPS and another TPS
until it reaches truck capacity. The optimal route arrangement obtained is 0 – 3 – 27 – 22 – 25 – 7 – 8
– 20 – 21 – 28 – 26 – 30 – 29 – 17 – 4 – 14 – 13 – 12 – 15 – 1 – 6 – 31 – 10 – 23 – 9 – 16 – 11 – 2 –
19 – 24 – 5 – 1 8 – 0 with a total distance of 152,63 km and 14 sub-routes. Complete details
regarding the sub-routes are described in Table 3.
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Figure 6. Optimal Route of Waste Transportation for Eastern Bandung and Southern
Bandung Region.
The optimal route found by the MNSGA-II algorithm is described in table 3. For instance, the first
truck start from SPA to Gading Regensi, then proceed to pick the produced waste at Maleer Rw 05.
Tarumatex is set to be the next destination of garbage collection before the truck heading to Lp Kb.
Waru and finalizes its trajectory at SPA. Among fourteen trucks, different routes are being allocated
regardless the number of visiting point during waste collection process.
Table 3. Optimal Route
Truck

Route

1

SPA - Gading Regensi - Maleer Rw 05 - Tarumatex - Lp Kb. Waru – SPA

2

SPA - Derwati - Bandung Inten - SPA

3

SPA - Gedung Pakuan – Bi Braga – SPA

4

SPA - Maleer Rw 06 - Cibangkong Rw 11 - Len Lipi - Batununggal Indah - SPA

5

SPA - Pangaritan – Cipadung Rw 08 – Cinambo Indah – SPA

6

SPA - Ujung Berung Indah - Cigending - SPA

7

SPA - Golf - Cicukang – SPA
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Truck

Route

8

SPA - Rancabolang - Jakapurwa - Cijaura Girang – SPA

9

SPA –Pln Sukarno Hatta – SPA

10

SPA - Cipagolo – SPA

11

SPA - Panyileukan - Suka Asih – Bojong Awi - SPA

12

SPA - Kosambi - SPA

13

SPA - Pt. Delami- SPA

14

SPA – Cempaka Arum – Polda Jabar - SPA

4. Conclusion
Based on the experimental evaluation at Eastern and Southern regions of Bandung City, we can
conclude that the proposed use of Multi-objective Non-dominated Sorting Genetic Algorithm II
(MNSGA-II) is able to find the optimal route solutions for modeling waste transportation activities
managed by the local government institution, namely PD Kebersihan. The best achieved solution
resulted in 14 routes with a total distance of 152,63 km. The results of this study are potentially
beneficial in providing the supporting information to improve the service quality of the waste
collecting system in the Eastern and Southern regions of Bandung city as well as to be implemented in
other metropolitan areas of Indonesia.
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Abstract. Personal safety and privacy have been the significant concerns among women to use
and access public restrooms/toilets, especially in developing countries such as Indonesia.
Privacy-enhancing designs are unquestionably expected to ensure no men entering the rooms
neither intentionally nor accidentally without prior notice. In this paper, we propose a facial
recognition approach to ensure women's safety and privacy in public restroom areas using
Convolutional Neural Networks (CNN) model as a gender classifier. Our main contributions
are as follows: (1) a webcam feed automatic gender detection model using CNN which may
further be connected to a security alarm (2) a publicly available gender-annotated image
dataset that embraces Indonesian facial recognition samples. Supplementary Indonesian facial
examples are taken from a government-affiliated college, Politeknik Statistika STIS students'
photo datasets. The experimental results show a promising accuracy of our proposed model up
to 95.84%. This study could be beneficial and useful for wider implementation in supporting
the safety system of public universities, offices, and government buildings.

1. Introduction
In gender-diverse public spaces, male-female segregated restroom (toilet) design has an important
requirement to preserve high standards of privacy and safety [18]. For instance, in a public women's
restroom, it is expected to restrict men from entering the space during operational times unless under
certain maintenance conditions [1]. Numerous recent studies have stated that public restrooms in
developing countries commonly fail to provide basic safety instruments and are vulnerable to violent
attacks, crimes, and harassment [17,23]. Further vulnerability is increasing in remotely accessed public
spaces where limited security officers are available.
The United Nations Commission for the Status of Women mandates comprehensive approaches of
Information & Technology (IT) to overcome unpleasant violence towards women and girls at schools,
workplaces, parks, public transportation, etc [17]. Facial recognition technology offers an abundant
potential advantage for achieving such goals. Retrieval of information from facial recognition can be
in the form of a person's gender classification. This can be used to maintain women's privacy while in
the women's restroom. The safety and comfort of toilet users are very important because it is the most
gender-sensitive place. Several cases cause discomfort, for example, the mistake of a man entering the
women's toilet or not being warned when the men's cleaning service enters the women's toilet. The
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most disadvantaged are women in terms of their privacy. Therefore, this study aims to design a
mechanism that can protect women's privacy while in the women's toilet with gender classification
through webcam-based facial recognition.
Face recognition is a type of biometric that identifies human characteristics based on faces or
images. However, the information received for facial recognition is very susceptible to brightness or
illumination, noise, and defects from the specifications of the camera lens used. To eliminate the
lighting effect that hinders the face recognition system, a facial representation called Local Quantized
Patterns (LQP) is proposed in [13]. Illumination invariance in the representation leads to improved
performance for advanced methods in the Labeled Faces in the Wild (LFW) database [21]. In [7] a
robust illumination normalization technique is proposed using Gamma correction, Gaussian difference
filtering, masking, and contrast equalization. The preprocessing step improves recognition
performance on some benchmark databases. In [8], a near-infrared image was used for face
recognition regardless of the visible illumination changing in the environment.
Computer vision is a science and technology capable of acquiring to understanding an image or
video streaming to retrieve information and make a decision [3]. The decision is in the form of gender
classification based on gender detection from a person's face. So, computer vision is a combination of
cameras, computers, and pattern recognition.
Digital image processing (image processing) is a method to improve the quality and extract
information from the image. In [11], images of the same subject with different expressions are viewed
as an ensemble of mutually correlated signals, and scattering accounts for the variation in expression.
Humans can classify a person's gender by seeing it directly. However, computers need a lot of data to
learn the characteristics or specifications of gender based on the person's face. Variations in face
position are needed to study the angle of face tilt and the distance of the human face to the camera
[15]. Another critical concern is that numerous existing studies discussed the racial bias of the facial
recognition model where facial samples from Western countries are more represented. Darker color
people such as those from Africa and Asia, including Indonesia, have less representation on the
publicly available annotated dataset. Hence, in this study, we use not only datasets of male and female
facial samples from several photo angles taken from the Kaggle website, but also introduce
supplementary gender-annotated Indonesian samples taken from a student photos dataset of a
government-affiliated college, Politeknik Statistika STIS, especially Batch 60 students. A total of
2,763 images have been grouped into 2 folders, the female folder with 1,289 images and the male
folder with 1,474 images
2. Research Method
2.1. Data and Preprocessing
As shown in Figure 1, the research begins by collecting datasets in the form of images or faces. which
can be seen in Figure 2 and Figure 3, the pre-processing is carried out. The process of data
transformation is to change the data into a form that is suitable for the next process. This study uses
one of the Deep Learning algorithms, namely the Convolutional Neural Network (CNN) method. This
method accepts input in the form of an image from the pre-processing dataset. Furthermore, it is
processed to determine aspects in recognizing and distinguishing one image from another.
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Input Data
Data
Pre-processing
CNN Modelling

Gender Prediction
Figure 1. Research stage.

Figure 2. Female image dataset.

Figure 3. Male image dataset.

2.2. Prediction Model using Convolutional Neural Networks (CNN)
Convolution prediction is an operation process to generate a feature map or convolved feature by
using the kernel repeatedly [22]. The kernel moves from top left to bottom right. There is a
convolution operation on two-argument functions that have real values.
𝑆(𝑡) = (𝑥. 𝑡)(𝑡) = ∑∞
𝛼=−∞ 𝑥(𝛼). 𝑤(𝑡 − 𝛼)

(1)

Formula (1) explains that S(t) is a single output in the form of a feature map, x is an input of 3x3
size, and w is a weight (kernel). Determination of the output volume can also be determined from each
layer with hyperparameters. Hyperparameter is used to calculate the number of activation neurons in
one output [10].
𝑇ℎ𝑒 𝑠𝑝𝑎𝑡𝑖𝑎𝑙 𝑠𝑖𝑧𝑒 𝑜𝑓 𝑡ℎ𝑒 𝑜𝑢𝑡𝑝𝑢𝑡 𝑣𝑜𝑙𝑢𝑚𝑒 =

𝑊−𝐹+2𝑃
𝑆+1

(2)

Formula (2) explains that W is the size of the image volume, F is the size of the filter, P is the
padding value used, and S is the size of the shift (stride). Pooling is the process of reducing the image
size. The process consists of a filter with a certain size and stride that will alternately shift over the
entire feature map area. A feature is a component in a convolutional layer that contains a weight
matrix (kernel). If there are 6 filters, then each filter has 3 kernels with a size of 5x5. Stride is the
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number of filter shifts in the convolution process. If the stride value is 1, then the filter will shift by 1
pixel horizontally and vertically. Padding is the addition of pixel size with a certain value around the
input data so that the result of the receptive field (sensory space) is not too small. Adaptive Moment
Estimation (ADAM) is a type of optimizer for CNN. The optimizer functions to update the weights to
minimize the loss function.
This study has a target which is a label or class for gender classification decisions whether it is 1
for women or 0 for men. The sigmoid activation function is performed on the CNN output vector
before the loss calculation. Using binary cross-entropy loss because of the type of binary classification
on its output. Processing the algorithm using the OpenCV and Tensorflow packages in Python.
OpenCV is used as the main program between the webcam and the computer to process dynamic
images in real-time. Meanwhile, Tensorflow is a computational framework for building CNN models.
1

𝑓(𝑠𝑖 ) = 1+𝑒 −𝑠𝑖

(3)

𝐶𝐸 = − ∑𝐶𝑖=1=2 𝑡𝑖 log(𝑠𝑖 ) = −𝑡1 log(𝑓(𝑠1 )) − (1 − 𝑡1 )log (1 − 𝑓(𝑠1 ))

(4)

′

At the prediction stage, the accuracy and loss of the training data and validation data are calculated.
Formulas (3) and (4) explain that f(si) is a sigmoid activation function for the CNN output layer, s i is
the CNN output vector. While CE is Cross Entropy with C`=2 (binary), namely classes C 1 and C2, t1 is
the interval of [0,1], s1 is ground truth (fundamental truth) and the value of class C1, t2 is (1- t1), and s2
is (1- s1) or ground truth and grade C2. Figure 4 illustrate the CNN layers.
Input layer

Convolution

Pooling

Flattening

Output layer
Figure 4. Structure of CNN layers.
2.3. Related Work
The currently existing literatures have been investigating the utilization of Convolutional Neural
Network based gender detection model. Table 1 provides the summary of relevant studies related to
our work. Our study is focusing on the use of the student photos dataset of a government-affiliated
college, Politeknik Statistika STIS, especially Batch 60 student in this study has a unique image
because it contains the faces of various ethnic groups in Indonesia. This is because STIS accepts
students from various parts of the country.
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Table 1. Summary of Related Work.
No

Study

1 Using Convolutional
Neural Networks to
Discover Cogntively
Validated Features for
Gender Classification
[19]

Objective
In this study, the classification results are
compared with different regularization
techniques and other standard classifiers.
The CNN models yield higher accuracy
(88.46%) than both SVMs (Support Vector
Machines) and Random Forest classifiers.

Research Gap
Discusses how to improve
CNN accuracy by flipping
and L2 Regularization.
However, the accuracy
obtained is still below 90%.

2 Age, Gender, and Fine- This study focuses on predicting the age,
Grained Ethnicity
gender, and fine-grained ethnicity of an
Prediction using
individual by providing baseline results. It
Convolutional Neural provides baseline results using a
Networks for the East convolutional neural network (CNN) on
Asian Face Dataset
the Wild East Asian Face Dataset
[14]
(WEAFD).

Discussing inter-class
variation of facial attributes
across East
Asian women and men.
However, the accuracy of
gender prediction is still
below 90%, which is
88.02%.

3 CNN Based Aerial
Image Processing
Model for Women
Security and Smart
Surveillance [4]

This study intended to deliver serious
protection encompasses violence against
women and sexual or gender-based
violence. This project helps in utilizing
drone technology in an effective way to
solve different issues of society by
proposing a CNN-based image processing
model.

The model formed has a
high precision of 98.63%.
However, it does not
explain the accuracy
obtained because it is quite
accurate only on highquality input with proper
lighting conditions.

4 Implementation of
Machine Learning for
Gender Detection
using CNN on
Raspberry Pi Platform
[5]

This study proposed system describes
gender detection based on Computer
Vision and Machine Learning Approach
using CNN. The whole system is
introduced by Raspberry Pi programmed
using Python.

The research discusses realtime applications for gender
detection to close the gap of
Google Cloud Vision
technology. It also proposes
the system for the field of
security in public but does
not explain in detail its use.

The classification program is becoming increasingly rich in information on the uniqueness of the
male and female gender faces from all over the archipelago. At the Overseas, the application of facial
recognition in toilets was successfully carried out by China in 2017. According to the BBC.com
website [2], China makes tissue dispensers with facial-recognition toilet paper dispensers to limit how
much paper a person can take. Therefore, the idea of women's toilet safety can be a new invention that
can be developed again and become a pioneer of women's toilet safety technology by an embedded
system.
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3. Result and Evaluation
3.1. Input Layer
The way the input in the form of an image to a computer works is by converting it into an array. The
standard image is known as an RGB (Red Green Blue) image and has a 24-bit color system consisting
of 8 bits each [3]. The color representation of the integer type varies from 0-255, while the float type
ranges from 0-1. The color value is stored in a 3-dimensional matrix which is denoted in intensity I(X,
Y, channel). The dimensions of the array depend on the resolution of the image. In [12], a 3D model
for each subject in the dataset was constructed using a single 2D image. Since faces are usually
detected by automatic face detectors [20], the cropped faces were not aligned. However, since most
feature annotators require alignment before feature extraction, the discrepancy lowers the performance
value of the facial recognition system. The pixel representation can be in the form of binary (black and
white), greyscale (grey), color, and many grooves (multi-channel) images. This study processes
datasets with color images.
Table 2. Data pre-processing.
Image

Input

Resize

Rescale

Array
array([[[ 24, 41, 27],
[ 25, 42, 28],
[ 25, 42, 28],
:
...
:
[141, 137, 132],
[140, 137, 129],
[141, 137, 132]]], dtype=uint8)
[[[ 26 43 29]
[ 26 43 29]
[ 24 42 27]
:
...
:
[138 135 127]
[140 136 131]
[140 136 131]]]
[[[0.10196078 0.16862745
0.11372549]
[0.10196078 0.16862745
0.11372549]
[0.09411765 0.16470588
0.10588235]
:
...
:
[0.54117647 0.52941176
0.49803922]
[0.54901961 0.53333333
0.51372549]
[0.54901961 0.53333333
0.51372549]]]

Size

2963 pixel high, 2222
pixel width, and 3
dimension

96 pixel high, 96-pixel
width, and 3 dimension

96 pixel high, 96 pixel
width, and 3
dimension
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It can be concluded that face alignment can reduce the performance of the facial recognition system
suddenly [6]. Before entering the input layer, pre-processing the dataset which can be seen in Table 2
is carried out, namely rescale or dividing all pixel values by the largest value (255) and producing an
interval [0,1] or float type. This normalization is used so that the training process becomes more
effective because synaptic weights on neurons are usually generated at small intervals and make it
easier for the network to carry out the learning process.
3.2. Convolution→ Pooling → Flattening
This CNN method uses a Multi-Layer Perceptron or Fully Connected Layer model because it
combines all the features to form the final model. Using the Feedforward training algorithm which
only moves in one direction, namely forward and there are no cycles or cycles in the network
(network). The convolutional layer is CNN's first layer which is used to store pixel values from image
to array and extract image features. ReLU (Rectified Linear Unit) is an activation function that
converts the normalized negative pixel value to zero and other values are kept constant. The pooling
layer is the process of reducing the image size as much as possible by reducing the total number of
nodes in the next layer [9]. In the flattening process, the pooling data in the form of a 2-dimensional
array is converted into 1-dimensional single vector data. Dense is a function to add a fully connected
layer. This study uses 1024 units of the number of nodes that must be in the hidden layer. The output
layer is the final classification result of whether an image has a value of 1 or 0. The sigmoid function
(also known as the logistic function) is a basic activation function that assigns values from 0 to 1.
Therefore, this function is appropriate to use in the output layer that produces binary numbers. The
summary of the CNN layer can be seen in Table 3 and the CNN architecture can be seen in Figure 5.
Table 3. Summary of CNN layers.
Layer (type)

Output Shape

Param #

conv2d_5 (Conv2D)

(None, 96, 96, 32)

896

max_pooling2d_3

(MaxPooling2 (None, 32, 32, 32)

0

conv2d_6 (Conv2D)

(None, 32, 32, 64)

18,496

conv2d_7 (Conv2D)

(None, 32, 32, 64)

36,928

max_pooling2d_4

(MaxPooling2 (None, 16, 16, 64)

0

conv2d_8 (Conv2D)

(None, 16, 16, 128)

73,856

conv2d_9 (Conv2D)

(None, 16, 16, 128)

147,584

max_pooling2d_5

(MaxPooling2 (None, 8, 8, 128)

0

flatten_1 (Flatten)

(None, 8192)

0

dense_2 (Dense)

(None, 1024)

8,389,632

dense_3 (Dense)

(None, 2)

2,050
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1x8192

128@16x16

64@32x32

32@96x96

64@32x32

128@16x16

128@8x8

64@16x16

32@32x32

Max-Pool

Convolution

Convolution

Max-Pool

Convolution

Convolution

Convolution

Max-Pool

Flatten

Figure 5. Proposed CNN architecture.
3.3. Output Layer
Determining the learning rate greatly affects the training process. If it is too large it will decrease the
MSE until it rises and falls uncontrollably, while if it is too small it will decrease the MSE slowly [16].
Therefore, this study set a learning rate of 0.001. The number of iterations or epochs of 100 is used as
a stop condition during the training process. To avoid overfitting is to divide the dataset into two,
namely 20% (553 images) for testing data and 80% (2210 images) for training data with a size of 96 x
96 pixels and color. The training data is used to build the model, while the testing data is used to
calculate the accuracy of the model that has been built.

Figure 6. Experiment with a laptop
webcam in real-time.

Figure 7. Experiment with an image
of a female in hijab with a laptop
webcam in real-time.
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Figure 8. Experiment with an image
of a female with a laptop webcam in
real-time.

Figure 9. Experiment with an image
of a male with a laptop webcam in
real-time.

Figure 10. Loss and accuracy graph.
In the experiment with the webcam, the results of gender classification were obtained. Accuracy is
calculated based on the maximum confidence interval of the prediction model. Hence, it can classify
the gender of women (wanita) or men (pria) correctly. The model as illustrated in Figure 10 is already
quite good because the validation loss is 0.1510 and the training loss is 0.0274 which is almost close to
the value of 0.
Table 4. Loss calculation and accuracy.
Epoch

Loss

Accuracy

Validation Loss

Validation Accuracy

1

0.8528

0.6988

0.7408

0.5172

2

0.4331

0.8390

0.7764

0.4937

3

0.3747

0.8649

0.9379

0.5172

…

…

…

…

…

99

0.0425

0.9858

0.0721

0.9747

100

0.0274

0.9921

0.1510

0.9584
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Table 4 demonstrates the calculation of loss function and performance accuracy. The training
accuracy in the 100th epoch has reached 0.9921 or 99.21%, while the validation accuracy is 0.9584 or
95.84%. Because the accuracy is close to 100% of the model created by the training data, the gender
classification is very good.
4. Practical Implementation Design of Privacy Preserving Model

Figure 11. Female restroom exterior’s
mockup.

Figure 12. Female restroom interior’s
mockup.

To further enhance the usability of Convolutional Neural Networks model as gender classifier in
practical implementation, we construct a mockup design of how the webcam feed model can be
installed at public restroom. In Figure 11, there is a webcam and monitor that shows the number of
female faces detected entering the restroom. When the woman comes out of the restroom, the monitor
will show a reduced number. Meanwhile, in Figure 12, there is a speaker that will sound "male enters
the restroom" when a male's face is detected entering the restroom. The mockup design can further
provide a security warning for women who are in the restroom. Thus, the existence of this system can
help male cleaning services to see whether the female restroom they are going to clean is empty or not
and for mutual convenience.
In the application of face counting, there will be a reduction number when a woman's face comes
out of the restroom. The idea of reducing this number is if a woman's face is detected a second time
then the number decreases. But in practice, when women come out of the restroom, we cannot point
the camera into the restroom for privacy reasons. Therefore, it is necessary to add a motion detection
algorithm to the camera in front of the restroom door. Hence, the number on the monitor will increase
when a woman's face is detected entering the restroom and will decrease when the motion sensor
detects someone coming out of the restroom. The monitor can be a smart tablet, mini LCD, or another
hardware. Furthermore, the design of this system can replace the webcam with an embedded system (a
low-power microprocessor-based computer intelligent system that is capable of performing specific
tasks). One of the embedded systems that are often used is Closed Circuit Television (CCTV).
However, the Rasberry Pi can be the best choice because it is economical and can handle our proposed
Convolutional Neural Network model on the OpenCV-based image processing. Figure 13 shows a
schematic illustration of the utilization of the embedded system to implement our privacy preserving
automatic gender detection model.
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Figure 13. Schematic illustration of model implementation.
5. Conclusion
Based on the extensive evaluation results, the performance of our proposed CNN model is quite good
with validation loss and training loss approaching the value 0. Gender classification can be performed
with validation accuracy up to 95.84%. While the accuracy of the results of gender detection with a
webcam can be calculated with the maximum confidence interval of the prediction model.
Our proposed model and system idea mockup can be further developed into an integrated
embedded system to be implemented in wider public places. The system is able to detect facial
features and classify gender correctly, to ensuring women safety and comfortability. Additionally, the
mockup system is designed to emit a "male entering the restroom" sound when a woman is in it
through the speaker. This can be done by counting the number of women's faces that accumulate when
entering or leaving the restroom and can be displayed on the monitor screen. When a man enters the
restroom and the system detects a woman in it, a warning sound will sound. With this system, women
can find out whether the restroom is empty or there are people. Men can also respect women's privacy
more so that they are not careless and even careful not to enter the women's restroom. A company that
only employs male cleaning services can benefit from the convenience of its employees. The male
cleaning service can find out if there are still people or it is deserted by looking at the number of users
on the monitor screen in front of the entrance to the women's restroom.
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Firebase Platform on Mobile Application: A User-Centered
Design Approach
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Abstract. The dissemination of official statistics as publicly available information has been
mandated in the United Nations Fundamental Principles of Official Statistics (UNFPOS) to be
highly accessible to all users. Recently, with an increasing volume of data and public demand,
National Statistical Offices (NSO) including Statistics Indonesia (BPS) are being challenged to
provide accurate, excellent-quality, and user-friendly information. In this paper, we introduce
our attempts to enhance the official statistics data dissemination by developing an Androidbased mobile application using a User-Centered Design (UCD) approach to meet the
requirement of specifically targeted users. Google Firebase platform is utilized to improve the
administrator-level usability in updating the disseminated information. The proposed mobile
application is launched at BPS-Statistics Madiun Municipality, East Java Province called Batu
Cadas (an acronym for BAca TUjuh CAtatan DAta Statistik). Further evaluations using BlackBox functionality testing, System Usability Scale, and specific needs comparison conclude that
the proposed mobile application is sufficient to cover the gap between user needs and the
currently existing applications.

1. Introduction
Providing comprehensive data of official statistics via multiple online platforms has been a primary
concern in the statistical processing life cycle. The dissemination platforms are also expected to
address the priority needs at different levels of national and regional requirements to reduce the
reporting burden. Statistics Indonesia (BPS) has been providing two major online statistical data
dissemination platforms, namely the BPS official website and an android application called AllstatsBPS which contains millions of statistical data. However, at the regional level, such as provinces,
regencies, and municipalities, customized dissemination platforms are needed to serve the specific
needs of targeted users in their respective regions.
Despite the high-quality information architecture of the official BPS website and Allstats-BPS,
both are not specifically designed to satisfy the diverse user segment in each particular region. It is
because the initial objective is intended for the benefit of national data users. The interests of data
users in each region may vary. For instance, contrary to the national-level applications that are mostly
accessed by public citizens, the main user of disseminated information of BPS-Statistics Madiun
Municipality, East Java Province are local government agencies. Hence, it is important to build a
specific data dissemination platform with a design method that involves users to increase user
satisfaction towards official statistics information.

43

W E Nurcahyanti

In this study, we aim to develop an Android mobile application using the User-Centered Design
approach by taking the BPS-Statistics Madiun Municipality as a case study to improve user
satisfaction in the region. The User-Centered Design approach has been widely known in recent
literature for its ability to guide the development of mobile applications with respect to the user's need.
For instance, to build a portal system for a digital campus, the information architecture designed using
the UCD approach provides us with a more reasonable information classification and clearer
information structure [1]. The UCD approach focuses on the user as the center of application
development, hence it can produce a user-friendly system with a high level of usability [2], [3]. The
UCD also prioritizes user needs when creating a design hence it will produce a better design with
respect to the user needs [4], [5]. Another investigation has been conducted by Fanani and
Kusumaningrum, in which they found that the usability of the application build using this UCD
approach is at an acceptable level [6], [7]. UCD approach can also be used in geospatial applications
to enhance performance and also user satisfaction as introduced by Soleman and Sasmito[8], [9].
Additionally, we utilize the Google Firebase platform into Android to increase the usability and
easiness of administrators to update the disseminated data. With the Google Firebase platform, the
data updating process can be performed directly through the application interface without having to go
back and forth to Android Studio. To this end, there is no updating burden in creating new Android
Package (APK) updates and upload them to the Google Playstore, which were commonly found in
standard Android development platforms.
Google Firebase has also been widely used for developing Android-based applications. Android
application MCCApp is able to utilize the features provided by Firebase to show its usage as the best
Mobile Backend-as-a-service [10]. Firebase technology is also commonly utilized to support the
features contained in a digitalized jersey design ordering application system [11]. Google Firebase can
handle the backend of the communication operation, highlighting the various features of both the
operating system and the service, hence it is very powerful to support real-time applications [12]–[14].
Another advantage offered by Google Firebase is that the database stores data locally when a device is
not connected to the internet [15]. Such an advantage is in line with government regulations that
require government agencies to provide cheap, affordable, and easily accessible services [16]. Firebase
also supports geospatial apps [17] and monitoring [18]. Some existing studies have been using
Firebase technology to provide push notification [19] and to support preventing traffic accidents [20].
The development process of the proposed mobile application, called Batu Cadas (an acronym for
BAca TUjuh CAtatan DAta Statistik), provides the potential benefit for other local and regional levels
of BPS Statistics Indonesia to enhance the official statistics data dissemination quality which is easily
updated at any time and improve the user satisfaction of their respective user needs.
2. Research Framework
The research framework in this study can be briefly described in Figure 1. With the existing issues in
current data dissemination applications and the available opportunities, we develop a new online
statistical data dissemination application using the UCD approach.
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Figure 1. Research Framework
3. Methodology
Application design is carried out using the User-Centered Design (UCD) approach [5] as illustrated in
Figure 2, where we build an application not only because we want to create, but indeed based on the
requirements and needs of the user for the application. Besides UCD, there is also a design method
with the Human-Centered Design (HCD) approach. For ordinary people, the two are often considered
the same. The significant difference between the two is that HCD is a design method with an approach
that tends to be open to all users while UCD has a focus on specific users. Because the purpose of
making this application is to meet the specific needs of users, we use the UCD approach.
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Figure 2. User Centered Design Method
Step-by-step processes:
1. The first step, Specify the Context of Use, explains what this application is made for. It can be
obtained from interview with the Subject Matter, to make sure the specific target user for the
application.
2. The second step, Specify User and Organizational Requirements, analyzes application requirements
from the user side. Looking for gaps between user requirements and existing applications. Tools which
can be used is questionnaire in form of hardcopy or online document like Google Form.
3. The third step, Produce Design Solutions, builds a design as a solution to the user needs identified
in the previous two steps, which have not been met by existing applications. The design will be build
using Android Studio with the addition of Google Firebase.
4. The fourth step, Evaluate Design Against User Requirements, sees whether the application created
has been able to cover the gap formed from existing applications versus user needs. The process
involved some of potential users. If the results is not as expected then return to step three. If it is, then
complete.
3.1. Android Studio
Android Studio is an IDE (Integrated Development Environment) for android application
development, this application was published by Google on 16 May 2013 and is available for free
under the Apache 2.0 license, this Android studio replaces the previous android development software,
Eclipse [21].
3.2. Google Firebase
Firebase is a BaaS (Backend as a Service) currently owned by Google. Firebase was first founded in
2011 by Andrew Lee and James Tamplin. The product that was first developed was the Realtime
Database, where developers can store and synchronize data to multiple users. Then developed into an
application development service provider. In October 2014, the company was acquired by Google
[11].
4. Result
We will describe step by step processes from the methodology and it’s implementation as follows:
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4.1. Specify the Context of Use
According to the interview with the Subject Matter, the main common users of this application are the
local government agencies. The admin should be from BPS-Statistics of Madiun Municipality
personal.
4.2. Specify User and Organizational Requirements
Respondents who were interviewed and given a questionnaire in this Specify User and Organizational
Requirements process were selected from representatives of local government ranks. The
questionnaire were given used Google Form. From the results of the interviews and the distribution of
the questionnaire, seven main data were identified that were of the most interest, namely: Population,
Open Unemployment Rate, Human Development Index, Poverty Percentage, Economic Growth,
Literacy Rate and Life Expectancy Rate. Their demand is that the data should be available in series, up
to date, and easily searchable.
Admin from BPS-Statistics of Madiun Municipality demand that the admin should be easy in
update either adding, changing or deleting data. Straight from the application user interface.
4.3. Produce Design Solutions
Based on the result of the previous two processes above, this simple application design was made. An
android application that contains the seven data series, plus a feature called OLAH DATA which is
specifically made for admin to update either adding, changing or deleting data.
In this application, the data is displayed in the form of tables and series from several years back
until now. This application has gone through a series of tests on each of its features and all of these
features work well. This application has been uploaded to the Google Playstore under the name Batu
Cadas (an acronym for BAca TUjuh CAtatan DAta Statistik) and socialization of its use to data users
has been carried out both through media coverage and during meetings with local government
officials.
The Android-Firebase application system architecture in this Batu Cadas Application can be
described in Figure 3 as follows:

Figure 3. Application System Architecture
One of the advantages of Google Firebase is that it stores its database locally when not connected
to the internet, so users don't have to always be connected to the internet to be able to use the
application. Contrary to the BPS Website and BPS Allstat. Both of these statistical data dissemination
facilities require internet access before users can use their features.
Users of this application are divided into general users and admins. The main menu structure of the
Batu Cadas application is described in Figure 4, as follows:
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Figure 4. Main Menu Structure of BATU CADAS
The login page with the obligation to enter a username and password, is only displayed when
general users access the OLAH DATA menu. To access menus other than OLAH DATA, users do not
need to log in with a specific username and password. The goal is to streamline the user's process of
obtaining the desired data.
The OLAH DATA menu is used to update data, be it adding, changing or deleting data. Data
updates made by the admin will be immediately visible on the user's device after synchronize process
through internet (one time only).
The followings are some screenshots of the Batu Cadas application:

48

W E Nurcahyanti

Figure 5. Home Page
View

Figure 6. Slider Left
View

Figure 7. Example of
Statistical Data Series

Figure 5 illustrates the Home Page View when we open Batu Cadas application in first time. If the
user clicks on the icon on the top left, a slider left will appear as shown in Figure 6, which contains 10
menus like the structure in Figure 4.
Users can directly choose what data they want to get. With one click, the application will display
the selected data series starting in 2010, except for statistical data that are only produced after 2010.
Figure 7 illustrates an example of statistical data series. To return to the Home Page View, simply
click the icon on the top left, then the slider left will reappear to provide another menu options, as in
Figure 6.

Figure 8. Olah Data
Login Page View

Figure 9. Olah Data
Page View

Figure 10. Example of
Updating Page View
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If the user selects the Olah Data menu, Login Page View of Olah Data Menu will appear as shown
in Figure 8. When user enters the correct username and password succesfully, it will be considered as
an admin-level user, and can enter the interface page to update data as shown in Figure 9. Adminlevel user can add, update and delete the data as shown in Figure 10.
4.4. Evaluate Design Against User Requirements
We perform functional Black-Box testing and System Usability Scale (SUS) testing. The Black-Box
testing in this application was performed by evaluating 13 scenarios of events carried out by
researchers. The test results showed that all the scenarios tested were as expected. The SUS test was
conducted on 20 participants from local government agencies as the main ordinary users and 2
participants from BPS-Statistics Madiun Municipality as the administrator users. Based on the test
results, an average score of 100 % was obtained, which means all menu in the application has been
well functioned as shown in Table 1.
Table 1. The results of Functionality Testing using Black-Box Testing
Test Scenario
Show series table from Menu
ANGKA HARAPAN HIDUP
Show series table from Menu
ANGKA MELEK HURUF
Show series table from Menu
INDEKS PEMBANGUNAN
MANUSIA
Show series table from Menu
PERSENTASE PENDUDUK
MISKIN
Show series table from Menu
PERTUMBUHAN
EKONOMI
Show series table from Menu
PROYEKSI JUMLAH
PENDUDUK
Show series table from Menu
TINGKAT
PENGANGGURAN
TERBUKA
Show the Login Page from
Menu OLAH DATA
Validate the correct
username and password
Adding Data
Delete Data
Edit Data
Exit Button Function

User Role
Common and Admin User

Result
Success

Common and Admin User

Success

Common and Admin User

Success

Common and Admin User

Success

Common and Admin User

Success

Common and Admin User

Success

Common and Admin User

Success

Admin User

Success

Admin User

Success

Admin User
Admin User
Admin User
Common and Admin User

Success
Success
Success
Success

The issue of specific user needs that have not been met by the BPS Website and the Allstats-BPS
mobile application, which was extracted from interviews with users in the early stages of development
of this application, was finally resolved through the Batu Cadas application, as described in the Table
2.
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Table 2. Comparison between Allstats-BPS Mobile Application, Website and Batu Cadas Android
Application in Answering the Issue of Specific Needs of Data Users in Madiun Municipality.
No
1

Issues
Number of Data

Allstats BPS
Many and vary

Website
Many and vary

2

Location of Data Series

Scattered

Scattered

3
4

Internet Access
Update Data by Admin

Always
Performed by
central admin

Always
Can be done by
regional admins,
must use a PC or
Laptop

5

Application Update
Requests from users

It took a long time
to accommodate
because we had to
contact the central
admin

It took a long time
to accommodate
because we had to
contact the central
admin

Batu Cadas Android Apps
Specific, only show what is
needed by user
It's been sorted into series and
grouped in a certain menu
Not Always
Can be done by regional
admins, directly through the
OLAH DATA menu in the
application on the Android
device
It can be fulfilled soon because
the developer is regional office

5. Conclusion
A specific data dissemination platform to increase user satisfaction towards official statistics
information using Google Firebase on Mobile App by User Centered Design Approach at BPSStatistics of Madiun Municipality has been succesfully built.
Despite the simplicity of the Batu Cadas application, it is currently sufficient to cover the gap
between user needs and existing applications.
Batu Cadas has been widely used by Madiun Municipality local government in their daily activity,
especially in meetings which need statistical data. They prefer to use Batu Cadas than BPS Website
and Allstats BPS, because the data they need most has been sorted into series and grouped in a certain
menu. So it can be easier to obtained, even without internet signal. This application also makes it easy
for admins to make changes to the data, either adding, editing or deleting.
However, this application still has a limitation as it is not equipped with a magnifier (zoom) feature
to adjust to the user's device settings. In addition, there are many chance for improvements to further
develop of this application. Future enhancements that can be done include the integration with the BPS
website so that updates made to this application are also simultaneously synchronized with the data on
the website, or vice versa. Another future improvement is to integrate this application with speech-totext technology and or machine learning models. We believe that our application is potentially
beneficial to support the quality of data dissemination at BPS-Statistics Indonesia in general.
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Abstract. The use of Paper and Pencil Interviewing (PAPI) at BPS requires manual data entry
that cannot be separated from the human ability to recognize handwriting. For computers,
handwriting recognition is complex work that requires complex algorithms. Convolutional
Neural Network (CNN) is an algorithm that can accommodate the complexity of handwriting
recognition. This research intends to conduct a study on the implementation of the handwriting
recognition model using CNN in recognizing handwriting on PAPI questionnaire in data entry
activities. Handwriting recognition model was built using the EMNIST dataset separately
according to its character type and provides 89% accuracy for characters in the form of letters
and numbers, 95% for characters in the form of letters, and 99% for characters in the form of
numbers. Implementation of the handwriting recognition on the questionnaire image shows
good results with 83.33% accuracy. However, there are problems found in the process of
character segmentation where characters are not segmented correctly because the line of
writing that continues on the character that should be separated and disconnected characters
when they should be joined. The result obtained in this study is expected to be a consideration
regarding the entry method data used by BPS later.

1. Introduction
In this digital era, the use of digital devices has changed how work related to texts and documents is
done [1]. However, the use of paper-based media will still be an option for some people or
organizations [2]. One example that cannot be separated from the use of paper media is the Central
Statistics Agency (BPS).
BPS is a non-ministerial government agency whose role is to provide data needs for the
government and the community. In data collection activities, the dominant method used by BPS is
PAPI (Paper and Pencil Interviewing) [3]. PAPI is an interview method in which the enumerator holds
a paper questionnaire, reads the questions to the respondent, then fills in the respondent's answers to
the questionnaire by hand. Unlike CAPI (Computer-Assisted Personal Interviewing) or computerassisted interviews, PAPI requires almost no technical skills to be applied and it is easier for
enumerators or respondents to provide open or qualitative answers [4]. The consequence of the
implementation of PAPI is that manual data entry activities are required from the handwritten data on
the PAPI questionnaire into the database using human labor.
The average speed of a professional typist is 50 to 80 words per minute, so that would be
approximately 200 pages per hour for a form with 15 one-word blocks and not including reading and
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sorting time [5]. In terms of costs, Regulation of the Head of BPS RI No. 51 of 2013 states that the
average cost of data entry activities is 10.000 IDR per questionnaire. Through this description, the idea
emerged to implement a technology that involves handwriting recognition and image processing to
automate data entry activities. Furthermore, a comparative study was conducted on the effectiveness
and efficiency between the data entry method using this technology and the conventional or manual
data entry method.
Humans can recognize an object easily. The more often someone sees an object, the more familiar
with the object. In recognizing objects, humans process visual information in semantic space by
extracting meaningful features such as line segments, boundaries, shapes, and so on [6]. For
computers, the ability to recognize objects has its challenges compared to humans who consider it as
an easy thing [7].
Handwriting recognition in particular has been the subject of many studies [8]. Some of the
problems encountered in handwriting recognition are high data uncertainty due to the different
characteristics of each person's handwriting, some characters have similar shapes, there are broken or
distorted characters, differences in the thickness of the characters written, and the use of various
scanners [9]. Handwriting recognition cannot be separated from image processing which is identical to
pattern recognition.
Pattern or object recognition is usually done by feature extraction and classification. The feature
extraction process typically uses various methods to obtain a representation of the data. After that, the
classifier is used to process the data classification. These processes are still done manually and
separately. Recently, feature extraction and classification are integrated automatically into a single
method. This method is commonly used to model data with a high level of abstraction and is often
known as a deep learning technique [10] .Deep learning is an implementation of basic machine
learning concepts that apply neural network algorithms, but with more layers. From the large number
of hidden layers that are used between the input and output layers, a neural network can be said to be a
deep neural network.
One of the deep learning architectures that can be used to recognize an object in a digital image is
the Convolutional Neural Network (CNN) [11]. CNN is a type of Neural Network that is specifically
for processing data that has a grid-shaped topology. CNN is claimed to be the best model in handling
object detection and object recognition. In digital image recognition, the recognition accuracy can
rival humans in the case of certain datasets [12].
As with other deep learning models, CNN has a challenge in the length of the model training
process. But along with the development of increasingly sophisticated hardware, this can be overcome
using a Graphical Processing Unit (GPU), one of which is on the Tensorflow platform. The system
from Tensorflow can accommodate a wide variety of algorithms, including training and inference
algorithms for deep neural network models. Tensorflow has been used to conduct research and apply
machine learning systems to production in many fields of computer science and other fields, such as
speech recognition, computer vision, robotics, information retrieval, natural language processing,
geographic information extraction, and computational drug discovery [13].
This study takes a case study of the SAKERNAS questionnaire because the Analysis of the Results
of the Survei Kebutuhan Data (SKD) 2019 shows that when viewed from the data source, the most
microdata obtained from the Central BPS data provider is SAKERNAS microdata. In addition,
SAKERNAS is a survey conducted in a fairly frequent frequency, namely twice a year. Therefore,
efforts to streamline the existing processes in the implementation of SAKERNAS will be required by
BPS. In addition, the characteristics of the contents of the questionnaire in the SAKERNAS
questionnaire can represent the characteristics of the contents in other BPS questionnaires because
they include open and closed entries, letter entries, number entries, letters and numbers entries, and
checkmark entries.
Based on the description of the problems above, this study will build a handwriting recognition
model to be implemented in the SAKERNAS August 2020 questionnaire and then conduct a
comparative study between the data entry method using the handwriting recognition model and the
manual data entry method. The handwriting recognition model that is built will use the Convolutional
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Neural Network algorithm with the Tensorflow library. The results of the study of data entry methods
are expected to be used as considerations or even recommendations in determining data entry methods
at BPS in the future. Furthermore, the handwriting recognition model obtained is expected to be
applied to other BPS activity questionnaires.
2. Related Works
Several previous studies related to the topic of handwriting recognition and used as references for this
research.
Trnovszky et al. [14] compared CNN with several other classification methods in animal object
recognition. The classification methods compared to CNN are Principal Component Analysis (PCA),
Linear Discriminant Analysis (LDA), Local Binary Patterns Histograms (LBPH), and Support Vector
Machine (SVM). The dataset used in that research is animal dataset of 500 subjects which is divided
equally into 5 classes. The results showed that of all the methods compared in classifying, the use of
the CNN method gave the best results with an accuracy rate of 98%. It shows that the CNN method is
very good to be implemented in the classification of an image.
Bhagat et al. [15] use handwriting recognition that was carried out using the Optical Character
Recognition (OCR) method. The working principle is divided into six stages: obtaining images,
preprocessing, segmentation, feature extraction, classification, and post-processing. OCR offers
processing with high speed and accuracy.
Nath et al. [16] state that the efficiency of handwriting recognition depends on the feature
extraction and classification method. That study reviews the comparison of methods and accuracy of
several studies related to handwriting recognition from various languages. The result shows that the
best classification method is feed-forward neural network and counterlet extract.
Another study on handwriting recognition in [17] implemented a Neural Network which was
developed into CNN to classify the MNIST Digits dataset. The results show that the CNN model
architecture can improve performance in solving handwriting recognition problems in the form of
digits.
Research [18] constructed a handwriting recognition system on form documents that implements
CNN in the feature extraction process and SVM in the classification process. The system built in this
research includes preprocessing, segmentation, and character recognition. The preprocessing method
used in that research is Median Filtering technique.
In research [3], a handwriting recognition model has been successfully built at the level of
character prediction using CNN which is implemented on the Sensus Penduduk 2020 PAPI
questionnaire in predicting the contents of the questionnaire. In the image processing stage, a
bounding box template is used which does not yet accommodate the type of open field box where each
character field is not limited by a vertical line. As a result, the prediction scheme has an accuracy of
78.35% in recognizing handwriting on the Sensus Penduduk 2020 questionnaire.
3. Proposed Method
This section contains explanation of research methods to achieve research objectives.

Figure 1. Research Method.
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3.1. CNN Model Building
3.1.1. Dataset Preparation. The data used as training data is the Extended Modified NIST (National
Institute of Standards and Technology) dataset as known as EMNIST. The EMNIST dataset is a
development of the NIST Special Database 19 dataset which contains a collection of handwritten
letters and numbers from more than 500 people [19]. The use of this dataset is because it is free and
has been widely used as training data in several studies on handwriting recognition described in the
related work section.
The EMNIST dataset is divided into six sub-datasets: EMNIST Balanced, EMNIST by Merge,
EMNIST by Class, EMNIST Letters, EMNIST Digits, and EMNIST MNIST. From the six EMNIST
sub-datasets, this study only uses three sub-datasets, namely EMNIST Balanced--consists of both
letters and digits, EMNIST Letters--consists of only letters, and EMNIST MNIST--consists of only
digits characters. Therefore, three models with different characteristics will be constructed to be
implemented according to the type of questionnaire filling zone. The resulting model from the
EMNIST Balanced training data will be implemented in a box consisting of both letters and numbers,
the resulting model from the EMNIST Letters training data will be implemented in a box consisting of
only letters, and the resulting model from the EMNIST MNIST training data will be implemented in
the box consisting of numbers only.
Each of the sub-datasets will be divided into training data and test data. EMNIST Balanced will be
divided into 112,800 train data and 18,800 test data. EMNIST Letters will be divided into 88,800 train
data and 14,800 test data. EMNIST MNIST will be divided into 60,000 train data and 10,000 test data.
the training data will be used for the model learning stage while the test data will be used to measure
model's testing accuracy. While testing the implementation of the model will use 10 images of the
second page of the questionnaire. Page 2 was chosen because it already contains all types of entries in
the questionnaire and the total characters it contains is the most compared to other pages.
3.1.2. Modelling. Handwriting recognition models built in this study use CNN. CNN architecture
accommodates feature extraction and classification processes, CNN extracts feature maps from 2dimensional images and then uses them in the classification process.

Figure 2. CNN Architecture
Almost all CNN architectures have the same general design principles, applying a convolution
layer to the input data, performing downsampling (Max pooling) on the spatial dimensions along with
increasing the number of feature maps regularly. There are also fully connected layers, activation
functions, and loss functions. However, of all the operations in the CNN, the core of the CNN are
convolutional layers, pooling layers, and fully connected layers [20].
In convolutional layers, convolution process is carried out on the input data using filters/kernels to
generate a feature map. The filter takes adjacent pixels in the data image and then extracts their
position relationship. Convolution is done by shifting the filter in all parts of the input where the "dot"
operation is performed to produce a feature map. After getting the feature map, downsampling is
applied to reduce the dimensions of the feature map so that it can speed up the computing process and
prevent overfitting. The pooling technique used here is Max pooling which takes the largest value
from the set of values in the filter. Furthermore, the feature map which is still in the form of a
multidimensional array is transformed into a column vector as input for the fully connected layer. The
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fully connected layer is a layer where all activation neurons from the previous layer are connected to
be further processed for classification. The activation function is a function that describes the
relationship between the level of internal activity and can be either linear or non-linear [21]. It is the
function that determines whether the neuron is activated or not. ReLU is a nonlinear activation
function in the neural network that returns only positive values and otherwise is 0 [22]. The ReLu
function can be described by equation 1 below:
𝑓(𝑥) = 𝑚𝑎𝑥(0, 𝑥)

(1)

Softmax activation function is used in classifying. Softmax is a function that calculates the
probability value of each category/label. The calculation can be described in equation 2 below:
𝑒𝑥𝑖

𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑥)𝑖 = ∑𝑛

𝑥𝑗
𝑗=1 𝑒

(2)

In order to prevent overfitting and speed up the learning process, dropout technique is used.
Dropout is a neural network regularization technique in which some neurons will be randomly selected
and not used during training.

Figure 3. Dropout Regularization
The learning model phase is equipped with a loss function, optimizer, and metrics. The loss
function is used to calculate the model's performance loss in predicting the target. The loss value can
be minimized by using the optimizer. In this study, the loss function used is a categorical loss entropy
with the Adam optimizer. The metric used is accuracy--to describe how precisely the model can
predict correctly.
Experimental approach is used in order to determine the architecture of the models. First is
determining how many pairs of convolutional-pooling that will be used. With an image dimension of
28x28 pixels, it will only be tested whether one, two, or three pairs show optimal results. In addition, it
is not possible to apply 4 pairs because the image dimensions will be too small. Next, a similar
approach is taken in determining the size of the feature maps, dense layers, and dropouts. Finally, an
experiment was carried out by applying several advanced features that were claimed to improve the
performance of the model that had been made [23] [24]. The advanced features that will be tested are
changing the 5x5 convolution with two 3x3 convolutions, replacing the pooling layer with 5x5
convolution with strides 2, applying batch normalization, and applying data augmentation.
The experiment to determine the model architecture will use EMNIST MNIST to build the Digit
model by considering the smaller size and number of classes so that the length of the model training
experiment will be relatively faster. Next, the selected architecture will be applied to the Letter model
using EMNIST Letters and the Mixed model using EMNIST Balanced.
3.1.3. Selected Models. The models that have been built will later be implemented according to their
respective characteristics. The Letter model is used to recognize letter entries, the Digit model is used
to identify numeric entries, and the Mixed model is used to identify entries that contain both letters
and numbers. In addition, the accuracy of each model in recognizing handwriting will be calculated.
Accuracy is defined as the percentage of data classified to the correct class and is calculated using the
following equation 3:
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𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =

𝑇𝑃+𝑇𝑁
𝑃+𝑁

(3)

3.2. Model Implementation on Questionnaire
3.2.1. Questionnaire Acquisition. At this step, scanning is carried out on the SAKERNAS 2020
questionnaire which has been filled out by the enumerator. Furthermore, the scanned image will be
used to implement the handwriting recognition model that has been built.
3.2.2. Image Preprocessing. The pre-processing stage of the image is very important in character
recognition which includes noise removal, binarization, skeletonization, and normalization [25]. Noise
is a level of unwanted value in the image that does not give a significant value to the output [15]. The
noise removal technique used is the median filter. The median filter sorts all the pixels in a given area
and replaces the centre pixels with the median of the sorted values. Binarization is the process of
converting a colour or grayscale image into a bi-level image. The adaptive thresholding method is the
method used in this binarization process. This method calculates the threshold value for a small part of
the image so that it is possible to obtain different values for each part of the same image,
Skeletonization is a morphological process that transforms an image into a one-pixel wide
representation without affecting its connectivity. The thinning process is needed to get the image
frame by removing pixels that have more than two neighbours. Normalization includes normalizing
the size and slope of the image. Size normalization is done by changing the image size to A4 paper
size. Slope normalization is done by matching the input image to the image that has been used as a
template.

Figure 4. Image Matching
3.2.3. Filling Zone-Cropping. After the image has gone through the pre-processing stage, cropping is
carried out for each entry zone in the questionnaire using a bounding box template that has been
created by marking the coordinates of each field.
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Figure 5. Questionnaire
Page 2

Figure 6. Filling Zone
Page 2

3.2.4. Segmentation. The image of the questionnaire that has been pre-processed will be cropped in its
contents section. For each cropping result, segmentation is carried out to the character level to be
predicted using the model.

Figure 7. Image Segmentation
3.2.5. Character Recognition. The segmented character image is used as input data in the handwriting
recognition model according to the type of content to identify the character. For the checkbox type, the
method used to identify the character input is by counting the number of black pixels in the cropped
image of the checkbox type.

4. Results and Discussion

The search for the CNN model architecture to be used begins with determining how many pairs of
convolutional-pooling are optimal. The following are the accuracy results obtained on running models
of 1 pair, 2 pairs, and 3 pairs.
Table 1. Experimental Results in Determining How Many Pairs of
Convolutional-Pooling Layers
Convolutional-Pooling Pair
1
2
3

Train Accuracy Test Accuracy
0.99996
0.99167
0.99996
0.99981

0.99325
0.99442

From the above experiment, it can be seen that 3 pairs of convolutional-pooling are slightly better
than 2 pairs. However, in order to streamline additional computational costs, 2 pairs of convolutionalpooling are chosen as the first architectural parameter. Next, an experiment was conducted to
determine the size of the feature map to be included in the 2 pairs of convolutional-pooling layers.
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Table 2. Experimental Results in Determining Feature
Maps Size
Maps
8 – 16
16 – 32
24 – 48
32 – 64
48 – 96
64 – 128

Train Accuracy Test Accuracy
0.99981
0.99150
0.99998
0.99998
0.99998
0.99998
0.99998

0.99383
0.99408
0.99408
0.99442
0.99392

From the table above, it can be seen that the 24 feature maps in the first convolution layer and 48
feature maps in the second convolution layer are the best. The 32-64 feature map combination yields
the same accuracy as 24-48 but was not selected due to the larger number. In addition, the
combination of 48-96 feature map pairs with double the size only performs slightly better and is not
worth the additional computational cost. Furthermore, an experiment was conducted to find the size of
the dense layer by applying a pair of feature maps as much as 24 and 48.
Table 3. Experimental Results in Determining Dense Layer Size
Dense Layer Size
0

Train Accuracy
0.99994

Test Accuracy
0.99233

32
64
128
256
512
1024
2048

0.99996
0.99996
0.99996
0.99998
0.99996
0.99990
0.99998

0.99350
0.99367
0.99458
0.99517
0.99483
0.99475
0.99342

It can be seen that the best size is 256 units of layer. The next step is to apply it to the experiment to
find the optimal dropout size.
Table 4. Experimental Results in Determining Dropout Size
Dropout
0

Train Accuracy
0.99998

Test Accuracy
0.99325

0.1
0.2
0.3
0.4
0.5
0.6
0.7

0.99985
0.99944
0.99881
0.99710
0.99475
0.98971
0.98258

0.99442
0.99442
0.99433
0.99417
0.99475
0.99392
0.99133
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Dropout of 0.3 is the best measure from the experimental result. With this, we have obtained a
basic CNN architecture (without implementing advanced features) which shows the best results.
However, a final experiment will be carried out by applying advanced features to find out whether
there is a significant difference in the accuracy of the model.
Table 5. Experimental Results in Applying Advanced Features
Advanced Features
CNN basic

Train Accuracy Test Accuracy
0.99779
0.99517

32C3-32C3
32C5S2
both+BN
both+BN+DA

0.99854
0.99925
0.99919
0.99616

0.99550
0.99492
0.99583
0.99675

The application of advanced features in the form of changing a 5x5 convolution into two 3x3
convolutions, replacing the pooling layer with a 5x5 convolution with strides 2, applying batch
normalization, and applying data augmentation has proven to improve the accuracy of the basic CNN
model. Therefore, the architecture of the model chosen to be implemented in the CNN model
development in this study is in the form of a convolutional layer with 24 feature maps followed by a
convolutional layer with 48 feature maps, a dense layer with a size of 256 units, a dropout of 30% and
the application of advanced features.
With the selected architecture that has been implemented for the construction of the three models,
the accuracy for each model is obtained in table 6.
Table 6. CNN Models Test Accuracy
Model
Dataset
Test Accuracy
Digits EMNIST Balanced
99%
Letter
Mixed

EMNIST Letters
EMNIST MNIST

95%
89%

Next, the model is implemented on the second page of the questionnaire image to identify the
characters in the contents. From the implementation of the model that has been done, the accuracy of
the character segmentation process and the accuracy of the model in recognizing the character input
will be calculated. With the correct segmentation process, exactly one complete character will be
obtained and from there, the accuracy of the model in recognizing handwritten characters will be
calculated.
The following results from the calculation of the implementation are presented in table 7.
Table 7. Model Implementation Accuracy on the Questionnaire
Variables
Overall Character Segmentation

Total of Process True Process Accuracy
1021
846
82.85%

Character Segmentation on Open Fill Box

685

519

75.76%

Character Segmentation on Closed Fill Box
Character Recognition Using CNN

336
846

327
705

97.32%
83.33%

Character Recognition on Checkbox

68

68

100%
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Since the built model is still limited to character level recognition, when the cropped image is not
segmented properly, the character recognition results are inaccurate. This is because the model is not
capable of recognizing two or more characters in one recognition process. Here's an example of the
recognition result on open fill box in Figure 10.

Figure 8. Example 1 of Open
Fill Segmentation Result

Figure 9. Example 2 of
Open Fill Segmentation
Result

In addition, from closed fields, there are also character segmentation problems found. It is because
the character that was supposed to be whole is truncated. The following is an example of the
introduction of closed fields in Figure 11.
Figure 10. Example of Closed Fill
Segmentation Results whose Characters
are Disconnected
Apart from the character segmentation error, the accuracy of the implementation of character
recognition by the CNN model is 83.33% which can be said to be good. However, there are findings
of letter character recognition errors when the implementation of the letter model is carried out on
letter characters that have similar shapes. This is one of the factors that cause the accuracy of the CNN
model implementation to decrease. The following is an example of an error in recognizing letters
between "O" and "D".
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Figure 11. Character “O”
recognized as “D”
Figure 12. Character “O”
recognized Correctly
Figure 13. Character “D”
recognized Correctly
The following is an example of an error in recognizing letters between "N" and "H".
Figure 14. Character “N”
recognized as “H”
Figure 15. Character “N”
recognized Correctly
Figure 16. Character “H”
recognized Correctly
To overcome errors like above, adjustments can be made from the model training dataset side to
the writing characteristics of the enumerators or from the writing side of the enumerators whose
characters match the writing characteristics of the dataset. This is because the CNN model learns a
handwriting characteristic based on the characteristics of the training data used.
5. Conclusions
Three models of handwriting recognition using CNN have been successfully built to recognize entries
in the SAKERNAS 2020 questionnaire. When the accuracy of the model is tested using EMNIST test
data, the model for recognizing letter entries has an accuracy of 95%, the model for recognizing
numeric entries has an accuracy of 99%, and the model for recognizing both letters and numbers has
an accuracy of 89%.
When the model is implemented in the image questionnaire, the results of character recognition
produced are quite accurate, namely 83.33%. In the character segmentation process, the overall
accuracy is 82.85%. In the open field, there are findings in the segmentation process where several
characters that should be separated are combined into one character because the writing lines between
these characters are unified or do not have empty spaces as separators so that the accuracy obtained is
75.76%. While in the closed entry, the segmentation process is constrained by disconnected characters
so that an accuracy of 97.32% is obtained. In addition, it can be due to poor image pre-processing
parameters or poor input image quality. Therefore, it is also necessary to pay attention to the device
used for the questionnaire scanning process and the condition of the questionnaire used.
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Abstract. Numerous diseases and illnesses exhibit similar physical and medical symptoms,
such as COVID-19 and its similar disguised illness (common cold, flu, and seasonal allergies).
In this study, we construct a Bayesian Network model to distinguish such symptom variables in
a classification task. The Bayesian Network model has been widely used as a classifier
comparable to machine learning models. We develop the model with a scoring-based method
and implement it using a hill-climbing algorithm with the Bayesian information criterion (BIC)
score approach. Experimental evaluations using publicly available Mayo Clinic based data
using this Bayesian Network model that present Directed Acyclic Graph (DAG) which can
show the relationship between the similar symptoms and the type of disease with Conditional
Probability Table (CPT). This model shows a promising accuracy performance up to 93.14%
which is better than the performance of other machine learning classifiers, including the
Support Vector Machine (SVM) and the ensemble approaches such as Random Forest (RF),
while slightly smaller than that of the neural networks (NN).

1. Introduction
According to the World Health Organization (WHO), coronavirus disease (COVID-19) is an
infectious respiratory disease caused by a SARS-CoV-2 virus infection that was recently discovered in
the current pandemic era. Most people who contract COVID-19 will experience mild to moderate
symptoms and will recover without special treatment. All corners of the world are very badly affected
by the virus. Everyone has deep concerns and take various preventive ways that are done to protect
themselves from the virus, one of which is by keeping a distance from people who have symptoms
arising from the COVID-19 virus. The most common symptoms of COVID-19 are fever, cough, and
fatigue. But there are many other possible signs and symptoms. However, COVID-19 cannot be
detected easily because other conditions have similar symptoms. Several other illnesses have similar
symptoms, namely common colds, seasonal allergies, and influenza (the flu) which certainly have
differences in certain symptoms.
This problem can be solved by building a model for diagnosing COVID-19 and similar diseases.
With this model, it can greatly assist doctors in making the initial diagnosis to patients can be solved,
addition to the knowledge and experience of doctors can be maintained to provide the results of
disease diagnosis appropriately and effectively.
The symptoms and types of this disease will be variable in making a diagnosis of the disease. This
study aims to build a model that represents the relationship between variable symptoms and diseases
using the Bayesian Network as well as we using the resulting model to classify COVID-19 disease and

66

E Luthfi and A W Wijayanto

similar diseases. The Bayesian Network approach is a probabilistic method to describe causal
relationships among variables in an observed environment. Currently, a learning method has been
developed that makes it possible to build Bayesian network structures directly from the database.
These methods that will be used in this study are search and scored-based. In its application, Bayesian
Network has been widely applied in the field of health, especially to diagnose various types of
diseases.
In previous research, the Bayesian Network was used to make medical decisions on the diagnosis
of psychiatric illness [1]. In the development of this model, the Bayesian Network was used to look at
the relationship between factors and the results of diagnosis [2]. Based on previous research Bayesian
Network produces good accuracy for the diagnosis of diseases, so in this study, Bayesian Network is
used to diagnose COVID-19 disease and similar diseases, common colds, flu, and allergies. The
research that will be conducted includes the construction of the Bayesian Network structure,
determining the parameters of each symptom and disease, probabilistic inference, and comparisons to
other classification algorithms, among others, Random Forest, SVM, and Neural Network as an
evaluation of the adopted model.
2. Literature Review
2.1. Bayesian Network
Bayesian Network is one method to classify the simple probability that is mixed in the Bayes
Theorem. This method became popular in the last decade because it was used as a learning machine
and for various applications. Bayesian Network is also one of the Probabilistic Graphical Models
(PGM) based on graph theory and probability. Graph theory is a theory that is directly related to the
form of representation obtained while probability theory is a theory directly related to data [3].
Bayesian Network method is a good method in machine learning based on training data, with
conditional probability of course. The Bayesian Network method can also be used to perform
descriptive and predictive functions. Descriptive has a function to learn the relationships that occur in
each variable or also called structural learning.
In building the Bayesian Network, the structure is built by applying the Bayes theorem.
Conditional opportunity is a calculation of opportunities where an event A is known if event B has
been known first, so it is denoted as P(B). This theorem is used to calculate the chances of a data set is
included in a particular class based on existing data references. The basic formula of the Bayes
Theorem is:
𝑃(𝐴|𝐵) =

𝑃(𝐵|𝐴)𝑃(𝐴)
𝑃(𝐵)

(1)

which can be denoted as follows:
𝑃(𝐴|𝐵) =

𝑝(𝐴)𝑃(𝐵|𝐴)
𝑃(𝐵|𝐴)𝑃(𝐴)+𝑃(𝐵 |𝐴´)𝑃(𝐴)

(2)

which is a degree of belief (trust) or Probabilistic information. Prior Probability is denoted as P(X)
serves as a Probabilistic reference if no other biased information is used as an event or condition.
𝑋

𝑃=𝐴

(3)

where P indicates the prior value, X is a number of data in each class, and A is the sum of data.
Conditional Probability Table (CPT) is a table containing a probabilistic possibility A and B.
Conditional Probability itself is part of the quantitative component of the Bayesian Network
Method. If in the process new information or new value has been obtained then the value or new
information from the Probabilistic is used as a reference. This probability is referred to as conditional
probability [4] which can be expressed as follows:
𝐶𝑃𝑇 =

𝑃(𝐴|𝐵 )
𝑃(𝐵)

(4)
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where CPT is the conditional probability, 𝑃(𝐴|𝐵) represents the probability of event A occurring on
the condition that the possibility of that B occurs, and 𝑃(𝐵) denotes the probability of occurrences of
data B.
Normalizing Constant or also called Constant Normalization is a step used in the Bayes method to
normalize conditional probability results. In the Bayes Theorem, it is mentioned that the comparison
between Posterior probability is the same as Conditional Probability. Where P(A) is the value of prior
assuming the Prior value is true while P(B| A) is the value of Conditional Probability of the data or
symptoms inputted.
Bayesian networks consist of two components Directed Acyclic Graph (DAG) and Conditional
Probability Table (CPT). DAG is the graphical structure of the Bayesian networks graph which is a
directional graph without a directional cycle. The DAG consists of nodes and edges. Nodes represent
random variables and edges represent a direct dependency relationship and can also be interpreted as
direct influences (causations) between the variables they connect to. The absence of edge indicates a
conditional freedom relationship between variables. This graph is used to represent the knowledge of
an uncertain domain. In particular, each node in the graph is a random variable, while the tip between
nodes represents a probabilistic that relies on among the corresponding random variables. These
dependency conditions in graphs are often estimated using computational statistics. Therefore, this
model combines the principles of graph theory, probability theory, computer science, and statistics.
The set of parameters is defined as the conditional probability distribution for each variable. On the
Bayesian network, nodes correspond to random variables. Each node is associated with a set of
conditional opportunities, 𝑝(𝑥𝑖 |𝐴𝑖 ) so 𝑥𝑖 is a variable associated with the node and 𝐴𝑖 is the set of the
parent in the graph [5].

Figure 1. Examples of Simple Structure of Bayesian Networks [5].
In general, if there is node 𝑈 = 𝑈𝑖 … 𝑈𝑛 , the joint probability function for each Bayesian Networks
is as follows:
𝑃(𝑈) = ∏𝑛𝑖 𝑃(𝑃𝑘 ∨ 𝑝𝑎𝑟𝑒𝑛𝑡𝑠(𝑃𝑘 ))

(5)

Based on equation 5, it can be known that you are a representation of a node contained in Bayesian
Networks, then 𝑃(𝑈) is a product of all conditional probabilities contained in the graph structure, and
parents (𝑃𝑘 ) is the parent of the 𝑃𝑘 node.
𝑃(𝐴, 𝐵, 𝐶, 𝐷) = 𝑃(𝐴). 𝑃(𝐵|𝐴). 𝑃(𝐶|𝐵) … 𝑃(𝐶 ∨ 𝐵)

(6)

Equation 6 is for calculating joint probability contained in Figure 1 graph A[5].
2.2. Random Forest
Random Forest is a compound tree method where we construct numerous decision trees which later
form a colloquially known as "a forest", from which the majority vote is performed to infer the final
decided class. Random Forest offers a potential benefit that prevents overfitting in data sets when it
achieves maximum accuracy. However, in a class imbalance case, one of the problems in data mining,
Random Forest is also facing a difficulty. This happens at a time when the sample size of the minority
class is significantly smaller than that of the majority class [6].
2.3. Support Vector Machines (SVM)
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SVM is a technique designed to find the optimal separator hyperplane that has a maximum margin
[7]. SVM linear classification can be calculated by Equations 7 and 8 [8].
[(𝑤 𝑇 , 𝑥𝑖 ) + 𝑏] ≥ 1𝑓𝑜𝑟𝑦𝑖 = +1

(7)

[(𝑤 𝑇 , 𝑥𝑖 ) + 𝑏] ≤ −1𝑓𝑜𝑟𝑦𝑖 = −1

(8)

Equations 7 and 8 can be solved using the Lagrange Multiplier function. As for finding the
best hyperplane can be used Quadratic Programming (QP) Problem method [9]. In non-linear cases,
kernel methods can be used in the initial data set to feature. With the kernel, data features are mapped
from low dimensions to new features with relatively higher dimensions [10].
2.4. Neural Network
Neural Network derives weight values for transforming values from input nodes to output nodes from
a particular learning algorithm [11]. Weight value updates are generally formulated in Equation 9.
𝑤𝑖𝑗 (𝑛 + 1) = 𝑤𝑖𝑗 (𝑛) + ∆𝑤𝑖𝑗 (𝑛)

(9)

where ∆𝑤𝑖j (𝑛) is calculated by learning algorithms and 𝑤𝑖j (𝑛) is a randomly determined initial weight
at the initiation stage. Neural Network can solve difficult and various problems because this method
has fault tolerance capability to a certain extent, so this method can still produce output even though
the data is incomplete [12].
2.5. Model Evaluation
Model evaluation is done after classifier classification of data testing. In this final task, the system
performance will be measured by accuracy, precision, and recall values [13].
Accuracy is the ratio of the accuracy of the system in classifying documents to their appropriate
class. Precision is a ratio of the number of relevant documents found to the total number of documents
found by the classifier. Precision is a measure of how close is the predicted class to the genuine class.
The recall is the ratio of the number of relevant documents recovered to the total number of documents
in a document that are considered relevant. Precision and Recall can be calculated by creating a
confusion matrix table first. Examples of confusion matrix tables can be seen in Table 1, and equations
for calculating accuracy, precision, and recall values can be seen in equations 10, 11, and 12.
Table 1. Confusion matrix
Classifier\Actual
Actual Positive
Classified Positive True Positive
Classified Negative False Negative

Actual Negative
False Positive
True Negative

𝑇𝑃+𝑇𝑁

(10)

𝑇𝑃

(11)

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 = 𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 = 𝑇𝑃+𝐹𝑃
𝑇𝑃

𝑅𝑒𝑐𝑎𝑙𝑙 = 𝑇𝑃+𝐹𝑁

(12)

3. Research Methods
3.1. Stages of Research
Building a Bayesian Network model to classify COVID-19 disease and others consists of several
stages, namely (1) Identification of problems, (2) Data collection, (3) Application of Bayesian
Network method, and (4) Evaluation of models built with other models [14]. The research framework
of this study is illustrated in Figure 2 based on Polancik [21] and Dawson [22] scheme where the
schematic diagram the motivated problem, proposed method, indicators, research objective, and
measurements are described.
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Figure 2. Research Framework.
3.2. Data Collection
The data obtained from Kaggle's website which is data on symptoms and types of diseases simulation
results built on the theory from the article Mayo Clinic with 44.453 records of 21 variables, which
provides a common symptom difference between COVID-19, common cold, flu, and seasonal
allergies [15].
Variables consist of cough, muscle aches, fatigue, sore throat, runny nose, tiredness, fever, nausea,
vomiting, diarrhea, shortness of breath, difficulty breathing, loss of taste, loss of smell, itchy nose,
itchy eyes, itchy mouth, itchy ears, sneezing, pink eyes, and the types (categories of diseases) are
sequentially defined as described in Table 2.
Table 2. List of variables
No.

Name of variable

Type of variable

1

Cough

Predictor variable

2

Muscle_Aches

Predictor variable

3

Fatigue

Predictor variable

4

Tiredness

Predictor variable

5

Sore_Throat

Predictor variable

6

Runny_Nose

Predictor variable

7

Stuffy_Nose

Predictor variable

8

Fever

Predictor variable

9

Nausea

Predictor variable

10

Vomiting

Predictor variable

11

Diarrhea

Predictor variable

12

Shortness_Of_Breath

Predictor variable
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No.

Name of variable

Type of variable

13

Sneezing

Predictor variable

14

Difficulty_Breathing

Predictor variable

15

Loss_Of_Taste

Predictor variable

16

Loss_Of_Smell

Predictor variable

17

Itchy_Nose

Predictor variable

18

Itchy_Eyes

Predictor variable

19

Itchy_Mouth

Predictor variable

20

Itchy_Inner_Ear

Predictor variable

21

Type of disease/illness

Target variable

3.3. Application of Bayesian Network Method
In this study, we use 20 symptoms and the type of disease, each represented by variable. To model, the
connectedness between these 21 variables, a Bayesian Network structure model was built from the
data using Rstudio and Google Colaboratory software. The resulting model will be used to classify
COVID-19 diseases, common colds, flu, and allergies. In general, the workflow of the model to be
built consists of 6 stages as in Figure 2, namely preprocessing data, building the Structure of Bayesian
Network with BIC score approach, visualization of Bayesian Network structure with output in the
form of Directed Acyclic Graph (DAG), calculating learning parameters of Bayesian Network
structure, and evaluation to get accuracy value from confusion matrix results for further use as a
comparison of Bayesian Network model with other models based on accuracy obtained.
3.4. Comparison with other Classification Methods.
Existing machine learning classification methods have been investigated in the recent literatures to
distinguish multiple symptoms of illnesses [16-20]. The classification method used in this study is a
further evaluation in comparing the performance of models that have been built using the Bayesian
Network, including Random Forest, Support Vector Machines (SVM), Neural Network.
4. Results and Discussion
In this study, there were 4 types of diseases, namely COVID-19, colds, flu, and allergies, and 20
symptoms of the disease. Due to related research, that they don’t make causal relationship of the
symptoms at all, each symptom only depends directly on the type of disease. Therefore, here is built a
model using the Bayesian Network method against these symptoms so that this method can present a
causal relationship between the symptoms that have not been defined in the related research. In
addition, this method can also calculate the probability of symptoms of a disease suffered. On the
Bayesian Network, all parameters are variables so that each parameter has a distribution value. The
simulation data published on Kaggle is based on the theory in the Mayo Clinic article with many
simulations of 44.453 rows data so that it can support to be applied to the Bayesian network method.
There are several steps in implementing this Bayesian Network method, the following are the steps
and explanations of the methods mentioned.
4.1. Bayesian Network Model
We construct a Bayesian Network structure for the classification of COVID-19 diseases, colds, flu,
and allergies. In this study, the Bayesian Network model was implemented using RStudio software.
The model structure was constructed using the Hill-Climbing method which is a popular method for
the formation of the Bayesian Network of data. By using a Bayesian Information Criterion (BIC) score
to obtain a high-quality Bayesian Network structure with reasonable time. Iterations of the Scoring
Based algorithm assume that each node is in a sorted state and starts from a structure that has no
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connection/network at all, and the network creation process will stop if it meets the number of
iterations. In that order, there is a rule that the nodes in the initial order are unlikely to be a child for
the next sequence node. The formation of the Bayesian Network model uses a Scoring Based
algorithm and the output is illustrated in Figure 3.

Figure 3. Output result from Bayesian Network modeling
4.2. Bayesian Network Structure
It can be seen that by using a scoring-based algorithm with Hill climbing application and BIC score
approach, 27 arcs formed from 21 variables, so that the Bayesian Network structure obtained is made
into the plot visualization of the resulting DAG structure can be seen in Figure 4.

Figure 4. The Directed Acyclic Graph structure of our Bayesian Network model
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4.3. Learning Parameters
Calculating the Learning Parameters of the DAG structure in Figure 4 as the interrelationship between
data variable. After the Bayesian Network structure is formed, a value is generated for each parameter
according to the probability. In the calculation of learning parameters itself using Bayesian Estimation,
the calculation is done by using data to get the value of CPT (Conditional Probability Table).
For example, based on the structure in Figure 4, there can be identified an association between
cough variables that indicate an association with LOSS_OF_TASTE (loss of taste) and
ITCHY_MOUTH (itchy mouth) that is described in Table 3.
Table 3. Conditional Probability Table
Cough

Itchy Mouth
Yes

No

Loss of Taste

Loss of Taste

Yes

No

Yes

No

Yes

0,455

0,493

0,500

0,502

No

0,545

0,507

0,500

0,498

4.4. Confusion Matrix
The result of the confusion matrix of the Bayesian Network model assisted by using package 'mltest'
in RStudio obtained the following output results in Figure 5.

Figure 5. Bayesian Network’s Confusion Matrix
From the results of the Bayesian Network model that has been produced, then continued the
evaluation by looking at the accuracy of the model with other classification methods namely
Random Forest, SVM, and Neural Network. By using the help of a web application from Google
Collaboratory obtained the output for the random forest method in Figure 6.

73

E Luthfi and A W Wijayanto

Figure 6. Random Forest’s Confusion Matrix
Performance result of the Support Vector Machine (SVM) and neural network methods are provided
in Figures 7 and respectively in terms of the precision, recall, F1-score, and accuracy.

Figure 7. SVM’s Confusion Matrix

Figure 8. Neural Network’s Confusion Matrix
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From the above results, we can see and compare the accuracy of the Bayesian Network method
with the three classification methods compared further and compiled based on the accuracy value as
follows.
• Bayesian Network : 93.14%
• Random Forest : 88%
• SVM : 92%
• Neural Network : 93.84%
From the experimental results, the highest accuracy value is achieved by using the neural network
method while Random Forest obtained the lowest accuracy value. The proposed Bayesian Network
model achieved better accuracy than RF and SVM while it is slightly worse than the Neural Network.
Hence, in this case, the Bayesian Network method is quite good at classifying the respiratory diseases
the directed acyclic graph structure of Bayesian Network model is quite representative in classifying
the cases of COVID-19 among other similar counterparts.
5. Conclusion
From the Bayesian Network Modeling that has been proposed and constructed in this study, it can be
concluded that the use of this model using scoring-based methods, with its application using hillclimbing algorithms is able to produce a fairly representative Bayesian Network. The obtained
accuracy of 93.14% is quite good and better than other machine learning classification models of
Random Forest and Support Vector Machine (SVM). In a sense, the method of the Bayesian Network
is a promising approach in classifying the symptoms of diseases of the type of COVID-19 disease,
common colds, flu, and seasonal allergies.
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Abstract. Rainfall modeling is one of the most critical factors in agricultural monitoring and
statistics, transportation schedules, and urban flood prevention. Weather anomaly during the
dry season in urban coastal areas of tropical countries such as Jakarta, Indonesia has become a
challenging issue that causes unexpected changes in rain patterns. In this paper, we propose the
Bayesian Network (BN) approach to model the probabilistic nature of rain patterns in urban
areas and causal relationships among its predictor variables. Rain occurrences are predicted
using temperature, relative humidity, mean-sea level (MSL) pressure, cloud cover, and
precipitation variables. Data are obtained from the remote sensing sources of National Oceanic
and Atmospheric Administration (NOAA) satellite in Jakarta 2020-2021. We compare both of
the score-based, i.e., Hill Climbing (HC), and hybrid structure learning algorithms of Bayesian
Network including the techniques of Max-Min Hill Climbing (MMHC), General 2-Phase
Restricted Maximization (RSMAX2), and Hybrid-Hybrid Parents & Children (H2PC). Further,
we also compare the performance of score-based model (Hill Climbing) under five different
popular scorings: Bayesian Information Criterion (BIC), K2, Log-Likelihood, Bayesian
Dirichlet Equivalent (BDE), and Akaike Information Criterion (AIC) methods. The main
contributions of this study are as follows: (1) insights that the hybrid structure learning
algorithms of Bayesian Network models are either superior in performance or at least
comparable to its score-based counterparts (2) our proposed best performed Bayesian Network
model that is able to predict the rain occurrences in Jakarta with a promising overall accuracy
of more than 81 percent.

1. Introduction
Global warming that impacts climate change, has been considered as one of the most fundamental
concerns in Sustainable Development Goals (SDGs), especially in Goal 13 which is climate action. It
is undoubtedly regarded as the main factor behind the weather anomalies [1,2]. Urban coastal areas in
tropical countries such as Jakarta, Indonesia are among the most affected areas by global warming due
to the high intensity of mobilities and economic activity [1-3]. In the dry season of 2020, especially in
Jakarta, there was a weather anomaly that caused changes in rain patterns such as frequent rains in dry
season. The Meteorological, Climatological, and Geophysical Agency of Indonesia (BMKG) stated
that the frequent occurrence of rain in the dry season is caused by the interaction of three factors, sea
surface temperature anomalies, atmospheric waves, and unstable atmospheric conditions [1]. This
change in rain patterns continues in 2021.With changes in rain patterns, it will be more difficult to
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predict the occurrence of rain in a location, even though the place is equipped by a rain observation
post or a complete climatology post [2]. In fact, rain prediction is very important to overcome flood
disasters, especially in the Jakarta area which is often flooded.
The occurrence of rain can be influenced by several factors including temperature [4], humidity [4],
mean sea level (MSL) pressure [5], and cloud cover [6]. The difficulty of predicting rain occurrences
in a location due to weather anomalies causes the need for new weather models that can describe rain
occurrences [7,8]. Data corresponding to these parameters can be obtained from processing remote
sensing data [9,10]. Satellite imageries data has been an important data source to model various realworld applications [11,12]. Data for the entire surface of the earth can be provided by the output of
NOAA (National Oceanic and Atmospheric Administration) satellites. NOAA satellites are used to
obtain information about the physical state of the oceans or oceans and the atmosphere [13]. The study
about finding the best parameter in remote sensing is required, [14] uses the analytical hierarchy
process (AHP) to determine the level of importance for each parameter. And the feature selection is
recommended to perform the classification of global and local climate zone [15-17].
In line with the era of disruption that requires updates to what exists, this study focuses on using an
Artificial Intelligence (AI) approach to model rain occurrences in Jakarta. Artificial Intelligence (AI)
is a part of computer science that studies how to make machines (computers) that can do jobs like and
as well as humans do, maybe even better than that [18]. One of the Artificial Intelligence (AI)
algorithms that have the potential to model rain predictions is the Bayesian Network, or also known as
the Belief Network because each weather parameter tends to have a causal relationship with the other.
Bayesian Network is a form of probabilistic graphical model (PGM) which is used to represent
patterns in data. Bayesian Network models a problem using a direct acyclic graph (DAG), this model
considers the causality relationship between the variables used [19]. The formation of the DAG
structure can be done automatically using automatic learning with various algorithms including Hill
Climbing, MMHC (Maximum-Minimum Hill Climbing), RSMAX2 (General 2-phase Restricted
Maximization), and H2PC (Hybrid HPC). Bayesian Network can be constructed using discrete data,
K-Means is one of the algorithms commonly used for data discretization.
Based on the existing background and potential, the purpose of this research is to build a Bayesian
Network modeling of rain occurrences in Jakarta from 2020 to early 2021 through weather parameters
based on remote sensing data taken from the NOAA (National Oceanic and Atmospheric
Administration) satellite. The resulted model of this study is expected to provide an overview of the
causal relationship among influenced variables causing the rain patterns in Jakarta and inferences that
can be used as a basis for decision making. The data used for the construction of the model is events
data from January 1, 2020 - April 21, 2021. The model built is then used to predict rain occurrences
from April 22, 2021 - May 13, 2021. In addition, simulations were carried out to show the
performance of the built model in predicting rain occurrences for each Jakarta city on 14 May 2021
(00.00-06.00 GMT+7). The benefit of this study is weather modeling which is built using the Bayesian
Network approach by comparing the different network structures and network scoring parameters. The
resulted model of this study is expected to provide an overview of the causal relationship among
influenced variables causing the rain patterns in Jakarta and can make inferences that can be used as a
basis for decision making. The main contribution of this study is the Bayesian Network approach for
weather modelling which is constructed by selecting the best performed network structures and
network scoring parameters.
2. Methods
The research carried out in building the prediction model of rain occurrences in Jakarta from 2020 to
early 2021 including the data collection, data preprocessing, and Bayesian Network model
construction with several computational algorithms. The research framework of this study is
schematically illustrated in Figure 1.
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Figure 1. Research Framework
The proposed Bayesian Network learning approach is further investigated by comparing two
different popular network structures: score-based algorithms, which is represented by Hill Climbing
(HC) algorithm and hybrid-based learning algorithms which includes the MMHC (MaximumMinimum Hill Climbing), RSMAX2 (2-phase Restricted Maximization), and H2PC (Hybrid HPC).
The score-based Hill Climbing is compared based on its scoring criteria: Hill-Climbing Bayesian
Information Criterion (HC-BIC), Hill Climbing K2 Method (HC-K2), Hill Climbing Log Likelihood
(HC-LL), Hill Climbing Bayesian Dirichlet Equivalent (HC-BDE), and Hill Climbing Akaike
Information Criterion (HC-AIC). The best model is the selected by evaluating the model performance
in terms of the accuracy, sensitivity, specificity, and F1-score measurements.
2.1. Data Collection
The data used in this study is weather parameter data obtained from the NOAA (National Oceanic and
Atmospheric Administration) satellites [22]. Data is retrieved via Google Earth Engine (GEE), a
cloud-based platform designed to store and process earth data. The data taken is cumulative data for
every 6 hours of observation from January 1st, 2020 to May 13th, 2021. Data from January 1st, 2020 to
April 21st, 2021 is used for the construction of the model. The model built is then used to predict rain
occurrences on April 22nd, 2021 to May 13th, 2021. Weather parameters that are used are available in
the NOAA CFSR (Climate Forecast System Reanalysis) documentation, such as temperature, relative
humidity, MSL pressure, cloud cover, and precipitation. Temperature is a measure of how hot or cold
something [20]. Relative humidity is defined as the percentage ratio between partial water vapor
pressure and saturated water vapor pressure, humidity itself is a level of wet air environmental
conditions caused by water vapor [21]. MSL pressure is the mean pressure at sea level (MSL) in the
International Standard Atmosphere (ISA) is 1013.25 hPa, or 1 atmosphere (atm), or 29.92 inches of
mercury [22]. Cloud cover indicates the cloud mass that covers the area. Precipitation is the
outpouring or falling of water from the atmosphere to the earth's surface in a different form namely
rainfall [23].
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Figure 2. Data Collection Flow Chart
Figure 2 shows the flow chart of data collection. Geotagging is carried out to mark an area that
becomes scope of the research, Jakarta. Geotagging is done on Google Earth Engine maps. Figure 3
shows the results of geotagging performed.

Figure 3. Geotagging Result
The coding stage is the stage of writing a program script to retrieve weather parameter data
according to the corresponding band on the satellite. The code is written using the JavaScript
programming language. Table 1 shows the data that is taken and the corresponding bands.
Table 1. Data Taken from NOAA Satellite
Parameter
Temperature
Relative Humidity
MSL Pressure
Cloud Cover
Precipitation

Measure
K
%
Pa
𝑘𝑔/𝑚2
𝑘𝑔/𝑚2

Band
Temperature_surface
Relative_humidity_entire_atmosphere_single_layer
Pressure_reduced_to_MSL_msl
Cloud_water_entire_atmosphere_single_layer
Total_precipitation_surface_3_Hour_Accumulation

Figure 4 shows an example of visualization of data obtained from temperature parameters in
Jakarta from 2020-early 2021 measured in Kelvin (K).
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Figure 4. Temperature Data Visualization of Jakarta in 2020-early 2021
Data that has been taken is then validated to ensure that it is matched with expectations. If the data
taken is not as good as what we expected, then return to the coding stage. The data is then saved in the
comma separated value (csv) format. This study obtained a dataset with 1985 lines. The model was
built using the first 1901 data lines (January 1, 2020 – April 22, 2021) while the remaining 84 (April
23, 2021 – May 14, 2021) will be used for validation purposes.
2.2. Data Preprocessing
Preprocessing is a very important stage in the construction of the Bayesian Network model because
the model built will depend on the input data. At this stage, unit conversion, coding, and data
integration are carried out. Unit conversion is carried out on temperature parameter by changing the
unit to Celsius. Coding is done to change the previously continuous scale data to be discrete. The
coding of precipitation variable is done by encoding the value 0 as no rain and the > 0 value as rain.
The coding of the variables of temperature, relative humidity, MSL pressure, and cloud cover was
performed using K-Means clustering algorithm. K-Means is an algorithm that assigns an object into a
cluster that has the closest centroid [24]. The following are the steps for forming a cluster in the KMeans algorithm:
a. Divide the data into k groups, the selection of k is determined by the Elbow Method which
provides information regarding the goodness of the number of clusters based on the sum of
square error (SSE) value.
b. Calculate the mean in each group as a centroid.
c. Grouping each data into the nearest centroid, the distance calculation is carried out with the
Euclidean distance function as follows
𝑑(𝑠, 𝑡) = √(𝑠𝑥 − 𝑡𝑥 )(𝑠𝑦 − 𝑡𝑦 )

(1)

d. Recalculate the average of each group formed into a new centroid.
e. Steps b to d are repeated so that the new group formed is the same as the previous one or is
stable.
f. Conduct profiling to interpret the formed groupings.
The last process, data integration, is carried out to collect all data into one dataset.
2.3. Bayesian Network Model Construction
Bayesian Network is a form of probabilistic graphical model (PGM) which represents a causal
probabilistic relationship between a set of random variables, conditional dependencies, and provides a
complete representation of the joint probability distribution. Bayesian Network consists of two main
parts, namely a directed acyclic graph (DAG) and a set of conditional probability distributions. If there
is a probabilistic causal dependency between two random variables in the graph, the corresponding
nodes will be connected by a directed edge. Since a directed arc represents a static, causal probabilistic
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dependency relationship, cyclicality is not allowed in the graph. The conditional probability
distribution is defined for each node in the graph [21].
The advantage of the Bayesian Network algorithm is that it can be used in the construction of
predictive and descriptive models. As a predictive tool, this model provides an efficient tool for
solving various inferential problems including posterior probability, abductive or diagnostic reasoning,
relevance analysis, and classification. In the case of description, this model can describe the
dependency relationship between random variables and construct the modeled problem domain [19].
Within a wise decision framework developed, Bayesian analysis offers reasonable and coherent way
of mixing prior and posterior data information [25-27]. Bayesian Network is built based of Bayesian
Statistics. Given data 𝑥 and parameter 𝜃, a simple Bayesian analysis starts with a prior probability
𝑝(𝜃) and likelihood 𝑝(𝑥|𝜃) to compute a posterior probability 𝑝(𝜃|𝑥) ∝ 𝑝(𝑥|𝜃)𝑝(𝜃). Therefore, we
perform the Bayesian Network which represents a causal probabilistic relationship between a set of
random variables, conditional dependencies, and provides a complete representation of the joint
probability distribution.
Bayesian Network model development can be done in two ways, manual construction and
automatic learning. Manual construction is done by identifying the relevant nodes (variables) and the
structural dependencies between them, this construction requires knowledge of the expert. Automatic
learning is done by building a Bayesian Network structure with an algorithm that is applied to a
dataset [21]. In this study, the construction of the Bayesian Network structure was carried out by
automatic learning applying several kinds of algorithms, Hill Climbing, MMHC (Maximum-Minimum
Hill Climbing), RSMAX2 (General 2-phase Restricted Maximization), and H2PC (Hybrid HPC). Hill
Climbing is a local search algorithm that explores the search space by starting from the initial solution
and performing a series of steps until a solution is found to maximize the value of f. In Bayesian
Network construction, the steps taken include adding arcs, removing arcs, and reversing arcs on a
directed acyclic graph (DAG) [28]. Several scoring or assessments that can be implemented in the Hill
Climbing (HC) algorithm include BIC, K2, Log Likelihood, BDE, and AIC. Maximum-Minimum Hill
Climbing (MMHC) was first proposed by Tsamardinos et al. in 2006. This algorithm is a hybrid
method that combines ideas from local learning, constraint-based, and search-and-score techniques.
MMHC initially studied the Bayesian Network framework with the Max-Min Parents and Children
(MMPC) algorithm and then adjusted its skeletal construction by implementing the Hill Climbing
algorithm [29]. General 2-phase Restricted Maximization (RSMAX2) is a general implementation of
Maximum-Minimum Hill Climbing that uses a combination of constraint-based and score-based
algorithms [30]. H2PC (Hybrid HPC) is a hybrid algorithm that is intended for Bayesian Network
construction. H2PC constructs a Bayesian Network frame and then performs a Bayesian-scoring
greedy hill climbing search to search for edge adjustments [30]. The Bayesian Network construction
process is presented in Figure 5.

Figure 5. Bayesian Network Construction
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Modeling begins by applying each Bayesian Network construction algorithm with automatic
learning including Hill Climbing, MMHC (Maximum-Minimum Hill Climbing), RSMAX2 (General
2-phase Restricted Maximization), and H2PC (Hybrid HPC). After obtaining scores and dependencies
for each node and the form of their connection, the results are then visualized in the form of a directed
acyclic graph (DAG). The parameter is then calculated to get the conditional probability table (CPT)
value, which is a value that represents the probability value of an event with the condition that other
events occur. In this study, the calculation of the learning parameter value is carried out using
Bayesian Estimation. The next stage is inferencing to see how the model built makes predictions. The
entire construction phase of the Bayesian Network is carried out with the bnlearn library on R.
2.4. Model Validation Evaluation
Model validation checking is carried out to see how valid the built model. This evaluation is
performed by predicting the test data. Then, we match the predicted results with the actual results.
2.5. Selection of The Best Model
Based on the validation tests that have been carried out previously, the best model is selected by taking
into account the performance measurements of accuracy, sensitivity, specificity, and F1-score.
2.6. Analysis of Results
Based on the best selected model, an analysis was carried out to obtain a descriptive picture of the
obtained model.
3. Results
3.1. Data Discretization
K-Means discretization was applied to temperature, relative humidity, MSL pressure, and cloud cover
variables. Discretization is done by categorizing the data based on the closest distance to each
centroid. The centroid is calculated from the mean of grouped data. The process will be repeated and
stopped after the formed categories are stable. Manual discretization is applied to the precipitation
variable by coding the value 0 as the occurrence of no rain and a value > 0 as the occurrence of rain.
Table 2 shows the results of the discretization obtained.
Table 2. Discretization Result
Temperature

Variable

Relative Humidity
Mean Sea Level (MSL) Pressure
Cloud cover

Precipitation

Discretization
Low
High
Low
Moderate
High
Low
Moderate
High
Very Low
Low
High
Very High
Raining
Not Raining

3.2. Bayesian Network Construction
In this study, the construction of the Bayesian Network structure was carried out by automatic learning
applying several kinds of algorithms, such as Hill Climbing (HC), MMHC (Maximum-Minimum Hill
Climbing), RSMAX2 (General 2-phase Restricted Maximization), and H2PC (Hybrid HPC). Figure 6
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shows the directed acyclic graphs (DAGs) that illustrates the modeling results obtained by
implementing these algorithms using the bnlearn library in R.

a) Using HC-BIC, HC-BDE, MMHC,
RSMAX2, H2PC Algorthms

b) Using HC- K2 Algorithm

c) Using HC-LL Algorithm

d) Using HC–AIC Algorithm

Figure 6. The comparison of constructed Directed Acyclic Graph (DAG) of the Bayesian
Network model for rain occurrence prediction
Figure 6a shows the directed acyclic graph (DAG) that illustrates the modeling result obtained by
Hill Climbing with BIC and BDE scoring, MMHC, RSMAX2, H2PC algorithms. Based on those
DAG, it can be seen that the variables that directly affect the precipitation variable (precip) are cloud
cover (ca) and relative humidity (rh). The cloud cover variable (cc) is influenced by the relative
humidity variable (rh). The relative humidity variable itself is influenced by the temperature variable
(temp). The only variable that does not affect the precipitation variable is the MSL pressure variable
(pmsl). The MSL pressure variable is influenced by temperature variable (temp).
Figure 6b shows the directed acyclic graph (DAG) that illustrates the modeling result obtained by
Hill Climbing with K2 scoring algorithm. Based on those DAG, it can be seen that variables that
directly affect the precipitation variable (precip) are cloud cover (cc) and relative humidity (rh). The
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cloud cover variable (cc) is influenced by relative humidity variable (rh). The relative humidity
variable (rh) itself is influenced by temperature variable (temp). The only variable that does not affect
the precipitation variable is MSL pressure variable (pmsl). The MSL pressure variable (pmsl) is
directly affected by temperature (temp), relative humidity (rh), and precipitation (precip) variables.
Figure 6c shows the directed acyclic graph (DAG) that illustrates the modeling result obtained by
Hill Climbing with Log Likelihood scoring algorithm. Based on those DAG, it can be seen that the
variables that directly affect the precipitation variable (precip) are temperature (temp), cloud cover
(cc) and relative humidity (rh) variables. The cloud cover variable (cc) is influenced by relative
humidity (rh) and temperature (temp) variables. The relative humidity variable itself is influenced by
temperature variable (temp). The only variable that does not affect the precipitation variable is the
MSL pressure variable (pmsl). The MSL pressure variable (pmsl) is directly affected by (temp),
relative humidity (rh), and precipitation (precip) variables.
Figure 6d shows the directed acyclic graph (DAG) that illustrates the modeling result obtained by
Hill Climbing with AIC scoring algorithm. Based on those DAG, it can be seen that the variables that
directly affect the precipitation variable (precip) are cloud cover (cc) and relative humidity (rh)
variables. The cloud cover variable (cc) is influenced by relative humidity (rh) and temperature (temp)
variables. The relative humidity variable itself is influenced by the temperature variable (temp). The
only variable that does not affect the precipitation variable is the MSL pressure variable (pmsl). The
MSL pressure variable (pmsl) is directly affected by temperature (temp), relative humidity (rh), and
precipitation (precip) variables.
Based on the described modeling result, similar results were obtained, the precipitation variable
(precip) is influenced by the temperature variable (temp), relative humidity variable (rh), and cloud
cover variable (cc) either directly or indirectly. This shows that to predict rain occurrences based on
those algorithms, it can be done using the values of temperature, relative humidity, and cloud cover.
3.3. Bayesian Network Models Evaluation
The results of Bayesian Network construction with automatic learning for rain modeling at the
previous point are then evaluated. The evaluation was carried out by looking at several measures of
the goodness of the model such as accuracy, sensitivity, and specificity, and F1-score with the
occurrence of rain as a positive class. Evaluation is used to predict rain on 84 data that are not used in
model construction, weather parameter data on April 22nd, 2021 – May 13th, 2021. The results of the
evaluation can be seen in Table 3.
Table 3. Model Evaluation Result
Accuracy
81.18%

Sensitivity
78.26%

Specificity
84.62%

F1-Score
81.81%

Model 2 (HC-K2)

72.94%

58.97%

84.78%

77.23%

Model 3 (HC-LL)

72.94%

53.85%

89.13%

78.10%

Model 4 (HC-AIC)

72.94%

58.97%

84.78%

77.23%

Model 1

Model

(HC-BIC, HC-BDE, MMHC, RSMAX2, H2PC)

Based on Table 3, it can be seen that the best accuracy value was obtained using Model 1, other
measures, sensitivity, specificity, and F1-Score also received quite high results. Models 2, 3, and 4
have very low sensitivity values, so it can be concluded that these three models are not good at
predicting negative class. Therefore, the best model chosen in the case of rain prediction in Jakarta is
Model 1.
3.4. Bayesian Network Best Model Parameter Analysis
Based on the best-selected model, the learning parameters are calculated using Bayesian Estimation.
The calculation is done using training data to get the CPT (Conditional Probability Table) value for
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each node. In this discussion, CPT analysis is presented for the precipitation (precip) and relative
humidity (rh) nodes.

Figure 7. Conditional Probabilities of Precipitation Variable towards the Relative
Humidity (rh) and Cloud Cover (cc)

Figure 8. Conditional Probabilities of the relative humidity (rh) variable towards
temperature (temp)
Figure 7 shows the conditional probabilities for the precipitation node. It can be seen that in
conditions of very low cloud cover (cc), but moderate relative humidity, the probability of rain
occurrence is high. In conditions of low cloud cover (cc), a high probability of rain occurs if the
relative humidity is moderate and high, a high probability of not raining is high when the relative
humidity is low. In conditions of high cloud cover (cc), the probability of rain falling is high when the
relative humidity (rh) is moderate or high, the probability of not raining is high when the relative
humidity is when the relative humidity is low. In very high cloud cover (cc) conditions, the probability
of rain occurrence is high when the relative humidity (rh) is moderate or high.
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On the other hand, Figure 8 describes the conditional probabilities for the relative humidity (rh)
node. It can be seen that at low temperatures, the probability of occurrence of high relative humidity is
quite high compared to the probability of occurrence of moderate and low relative humidity. At high
temperatures, the probability of occurrence of moderate and high relative humidity tends to be higher
than the probability of occurrence of low relative humidity.
3.5. Inferences
Based on the construction of the Bayesian Network model in the form of a directed acyclic graph
(DAG) and conditional probabilities, several inferences can be made with the following examples:
• Probability of rain in Jakarta when the temperature is high is 57.99%
• Probability of rain in Jakarta when the temperature is high and the relative humidity is low is
16.27%
• Probability of rain in Jakarta when the temperature is high and cloud cover is high is 81.38%
• Probability of rain in Jakarta when the temperature is low and the relative humidity is low is
14.26%
• Probability of rain in Jakarta when the temperature is low and the relative humidity is medium is
82.21%
• Probability of rain in Jakarta when the temperature is high, cloud cover is high, and relative
humidity is high is 60.34%
3.6. Simulation
The simulation was carried out to see how the best model applied in predicting rain in Jakarta at a
certain time. Here, we predict rain occurrences on May 14, 2021, from 00.00 to 06.00 GMT+7 for
each area of Jakarta. Figure 9 shows the visualization of input data.

a) Temperature

b)

c) Relative Humidity

d) Cloud Cover

e)

f) MSL Pressure

Figure 9. Simulation Input
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In Figure 9, we can see that the entire city of Jakarta is classified as high temperature
(Temp_High), low cloud cover (CC_Low), and low MSL pressure (PMSL_Low). East Jakarta is
classified as low relative humidity (RH_Low) while the rest is classified as moderate relative humidity
(RH_Moderate). To get the probability value of rain events that time, inference has done based on the
best model built with the previous data. Figure 10 shows the result of this simulation.

a) Probability of Rain Events

b)

c) Rain Occurences

Figure 10. Simulation Result
Figure 10 shows the comparison between the probability of rain occurrences and rain events that
actually occurs. We can see that the probability of rain events in East Jakarta is very low. In fact, there
is no rain at those area. On the other hand, the probability of rain events in North Jakarta, Central
Jakarta, West Jakarta, and South Jakarta is high. In fact, rain falls at those area.

4. Conclusions

Based on the Bayesian Network modeling that has been constructed in this study, it can be concluded
that the construction of the Bayesian Network model with automatic learning is influenced by not only
the learning algorithm but also the selection of scoring criterion. It is found that the hybrid structure
learning algorithms of Bayesian Network models are either superior in performance or at least
comparable to their score-based counterparts. We predict the rain occurrence in Jakarta based on
atmospheric parameter data obtained from the NOAA satellite (temperature, relative humidity,
precipitation, cloud cover, and mean sea level pressure). The best performed models are the model
built using the Hill Climbing with BIC and BDE scoring, MMHC, RSMAX2, and H2PC algorithms
with overall accuracy on predicting future rain incidents is 81.18%. The represented directed acyclic
graph (DAG) structure of those models reveals that the occurrence of rain in the Jakarta area are
directly affected by the relative humidity and cloud cover variables. The temperature variable
indirectly affects the occurrence of rain. The mean sea level (MSL) pressure variable does not affect
the occurrence of rain either directly or indirectly. The pattern of rain occurrences according to
weather parameter data from the NOAA satellite (temperature, relative humidity, cloud cover, and
MSL pressure) is found so that inference can be useful as a basis for decision making.
Three main suggestions can be inferred from the results of this study. Firstly, this study still only
uses weather parameter data in the Jakarta area taken from the NOAA satellite so that other research is
needed using other parameters. Second, more detailed research is needed to classify rain occurrences
according to their quantity (heavy, light, or otherwise) so that more accurate decisions can be made.
Lastly, we suggest to use the higher resolution satellite for better estimations.
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Abstract. The global Sustainable Development Goals (SDGs) adopted by countries in the
world have significant implications for national development planning in Indonesia in the
period 2015 to 2030. The Agricultural sector is one of the most important sectors in the world
and has a very important contribution to achieving the goals. Availability of accurate paddy
production data must be available to measure the level of food security. This can be done by
monitoring the growth phase of paddy and predicting the classification of its growth phase
accurately and precisely. The paddy growth phase has 6 classes with the number of class
members usually not the same (imbalanced data). This study describes the results of the
classification of paddy growth phases with imbalanced data in Bojonegoro Regency, East Java
in 2019 using machine learning algorithms on the Google Earth Engine (GEE) platform.
Classification is done by Classification and Regression Tree, Support Vector Machine, and
Random Forest. Oversampling technique is used to deal the problem of imbalanced data. The
Area Sampling Frame survey in 2019 conducted by BPS was used as a label for classification
model training. The results showed that the overall accuracy (OA) using the Random Forest
algorithm by modifying the dataset using oversampling was 82.30% and the kappa statistic was
0.76, outperforming the SVM and CART algorithms.

1. Introduction
The agricultural sector is one of the vital sectors in the world and Indonesia because it has a very
significant contribution to the achievement of the goals of the Sustainable Development Goals (SDGs)
and National programs. The implementation of national food security takes into account 3 (three) main
components that must be met, namely: (1) Availability of sufficient and equitable food; (2) effective
and efficient food affordability; and (3) Consumption of diverse and nutritionally balanced foods. The
availability of accurate food data is very important to measure the level of food security. Monitoring
of food crops through estimation of classification in the growth phase is carried out to answer the
objectives of the SDGs.
Various fields and disciplines make use of remote sensing because of the ease of access and
availability of data sets. In agriculture, remote sensing data is used to monitor paddy growth to ensure
harvest [1], classification of plant species [2], estimation of harvest area [3], rice mapping [4],
classifying rice plant phases [5]. BPS has monitored the paddy growth phase using the area sample
frame survey (ASF) [6].
Landsat-8 satellite image data is one of the remote sensing data used for the Classification of Paddy
Growth Phase. The segment approach in ASF is carried out on Landsat-8 data in the form of pixels
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and produces a very large and unstructured amount of data which leads to the "Big Data" problem [7].
This problem demands new technologies and resources capable of handling large amounts of satellite
imagery, such as cloud computing [8, 9]. In the data, it is proposed to use machine learning, because it
will be difficult to find the model manually [10].
In the paddy growth phase which has 6 classes, namely: early vegetative, late vegetative,
generative, harvesting, preparation, crop failure/puso, the number of class members is usually not the
same [11], which means the class distribution is not uniform [12]. These data conditions cause
machine learning algorithms to be biased towards imbalanced data problem, because the classifier will
tend to predict the main class and ignore the small class. As a result, the prediction accuracy for the
minority class will be much lower than for the majority class [13]. Given the significance of the class
imbalance problem, this research aims to find the best model to solve the unbalanced data problem,
which is the most common difficulty in machine learning. To overcome this problem, the data needs to
be processed first to build a balanced dataset [14]. The approach taken is to apply the oversampling
technique so that it has the potential to improve overall predictive performance. Therefore, we propose
Machine learning methods, namely: Classification and Regression Tree (CART), Support Vector
Machine (SVM) and Random Forest (RF) with oversampling using the Google Earth Engine (GEE)
cloud computing platform to classify paddy growth phase from Landsat-8 satellite imagery.
2. Study Area
Geographically, Bojonegoro Regency is 112⁰ 25’ until 112 ⁰ 09’ East longitude and 6 ⁰ 59’ until 7⁰ 37’
South latitude. Bojonegoro Regency is part of East Java province on path/row 119/065 in Landsat-8
imagery, situated approximately 110 km to the East of Surabaya. Bojonegoro Regency area is a land
area of 230.706 Ha. Bojonegoro Regency administration area consists of 28 districts and 430 villages.
Land use in Bojonegoro Regency are paddy land 32.65%, dry land 24.39%, forest 42.74%, plantation
0.04%, others 0.18%. Across the eastern border of Bojonegoro is the Lamongan Regency, to the north
is Tuban while to the south is Ngawi, Madiun, Nganjuk and Jombang. Blora is located to the west, in
Central Java (Figure 1).

Figure 1. Geographical Location of Bojonegoro Regency
3. Reference Data
This study used 4 types of data: Landsat-8 data from GEE obtained in 2019, administrative boundary
shapefiles, Area Sampling Frame (ASF) data from Statistics Indonesia (BPS), and land cover maps
from Ministry of Environment and Forestry (KLHK). The ASF sample is used as a label for the
training data based on the study area from the Landsat-8 satellite imagery map. The sample area in the
ASF is called a segment with a size of 300 m x 300 m. One segment consists of 9 sub-segments
measuring 100 m x 100 m.
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3.1. Landsat archive data in the GEE
Landsat-8 is an Earth observation satellite from collaboration between NASA and the United States
Geological Survey (USGS). This satellite consists of 9 Operational Land Image (OLI) sensors and 2
Thermal Infrared Sensors (TIRS). OLI has nine classes of bands that operate in the wavelength range
of 0.433-2,300 m and provide images with a maximum resolution of 15 m [9]. Each spectral band in
satellite imagery will produce different reflectance values between locations. GEE is a geospatial
technology innovation that provides online access to Landsat-8 data [15]. This study used 7 bands
consisting of aerosol, blue, green, red, NIR, SWIR1, and SWIR2 for the classification of paddy growth
phases (Table 1).
Table 1. Types and uses of the Landsat-8 band (used in the study).

Aerosol

Landsat-8
Spectral
range (µm)
0.43-0.45

Blue

0.45-0.51

Green
Red
NIR

0.53-0.59
0.63-0.67
0.85-0.88

SWIR1

1.57-1.65

SWIR2

2.11-2.29

Band name

Band Applications
Coastal and aerosol studies
Bathymetric mapping, distinguishing soil from vegetation, and
deciduous from coniferous vegetation
Emphasizes peak vegetation, which is useful for assessing plant vigor
Discriminates vegetation slopes
Emphasizes biomass content and shorelines
Discriminates moisture content of soil and vegetation; penetrates thin
clouds
Improved ability to track moisture content of soil and vegetation and
thin cloud penetration

3.2. Vegetation Indices (VI)
Vegetation Indices (VI) is an optical measurement of the greenness of the vegetation canopy, the
composite properties of leaf chlorophyll and the cover of the vegetation canopy. Several studies have
been conducted on the vegetation indices from satellite image data to determine the growth phase of
paddy plants [1]. Vegetation indices to detect the growth phase of paddy include the Normalized
Difference Vegetation Index (NDVI), Enhanced Vegetation Index (EVI), Normalized Difference
Built-Up Index (NDBI), Normalized Difference Water Index (NDWI). ρNIR, ρSWIR, ρRED are two-way
surface reflectance factors for each band [16]. The equations are:

 NIR −  RED
,
 NIR +  RED

(1)

 NIR −  RED
,
(1 +  NIR + 6  RED − 7.5 BLUE )

(2)

NDVI =
EVI = 2.5

NDBI =

 SWIR −  NIR
,
 SWIR +  NIR

(3)

NDWI =

 NIR −  SWIR1
.
 NIR +  SWIR1

(4)
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3.3. Area Sampling Frame (ASF)
Area Sampling Frame (ASF) is a method developed by BPS and BPPT to calculate the area of paddy
harvested each month. This method is formed by using satellite image maps and paddy fields maps.
Sampling was carried out on an area measuring 300 m x 300 m which is called a segment. One
segment (sample area) consists of 9 sub-segments measuring 100 m x 100 m. Paddy growth phase data
generated from ASF in all sub-segments can estimate harvested area [6]. The paddy growth phases
recorded in the ASF consist of 6 categories of paddy growth phases and can be seen in Table 2.
Table 2. Definition of Paddy growth phase in ASF survey.
No
1
2

Paddy growth
phase
Early
vegetative
Late
vegetative

3

Generative

4

Harvesting

5

Preparation

6

Puso (crop
failure)

Definition
The paddy growth phase starts from the beginning of growth
until the maximum tillers
The late vegetative phase begins when the tillers grow, starting
from the appearance of the first tillers until the maximum
number of tillers is reached
The growth phase starts from panicle out, ripening, until before
harvest
The phase when the paddy is being harvested or has been
harvested
The phase in which the paddy fields begin to be cultivated in
preparation for paddy growth
If there is an attack by plant-disturbing organisms or a disaster
so that paddy production is less than 11% of normal

Days after
planting
1-35 days
35-55 days
55-105 days

4. Methods
This study used the Random Forest method with oversampling on the GEE data processing to provide
a solution to the Geo Big Data remote sensing and data imbalanced problem for paddy growth phase
classification. We processed and computed satellite image data using Google Earth Engine (GEE)
which enables smooth and fast cloud and parallel processing on Google servers. Figure 2 shows a
conceptual framework for paddy growth phase classification.

Figure 2. The conceptual framework
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4.1. Google Earth Engine
Google Earth Engine (GEE) is a web portal that provides global time-series satellite imagery (over 40
years), cloud-based computing, and algorithms for processing data. Available data comes from several
satellites: MODIS; U.S. Geological Survey's Landsat; National Oceanographic and Atmospheric
Administration; European Space Agency's Sentinel. CART, RandomForest, NaiveBayes, and SVM are
the only classifier packages available in Google Earth Engine for classification.
4.2. Duplication Oversampling
Oversampling is a sampling method that aims to balance the distribution of data by increasing the
number of data in the minority class. The sampling method can be done by random or duplication.
With the application of sampling on imbalanced data, the level of imbalance is getting smaller and
classification can be done correctly [17]. In this paper, duplication oversampling is used by directly
replicating all members of the minority class to approximate the number of members of the majority
class.
4.3. Machine Learning Algorithms
Machine learning (ML) is a technique for inferring data with a mathematical approach. The essence of
ML is to create mathematical models that reflect data patterns. The ML algorithm that will be used in
this research is the Classification Regression Tree (CART), Support Vector Machine (SVM) and
Random Forest (RF). Classification and Regression Tree (CART) is a nonparametric statistical
method that can describe the relationship between the response variable (dependent variable) and one
or more predictor variables (independent variable). This method can be used for classification trees
using categorical type response variables and regression trees for continuous or numerical type
response variables. Support Vector Machine (SVM) is a technique for making predictions, both in
terms of classification and regression. SVM is used to find the optimal classifier function that can
separate two data sets of two different classes. The ability of SVM has been studied by various
researchers to classify data and show satisfactory performance [18]. Random forest (RF) is a grouping
method based on decision tree ensemble (DT). RF is the development of the CART method by
applying bagging and random feature selection to DT [19]. Classification decisions are made by
majority vote among all trees.
4.4. Evaluation Matrices
The performance of prediction was evaluated as a function of accuracy, precision, and recall. The
confusion matrix is a summary of the prediction result and performance measure for classification
problems (Table 3). The number of true and false predictions for each class is summarized where the
values (AP, AN) represent positive and negative test data, and the values (PP, PN) represent the
predicted results for the positive and negative classes [20].
Table 3. Binary Confusion matrix.
Predicted Positive (PP)
Predicted Negative (PN)

Actual Positive (AP)
True Positives (TP)
False Negatives (FN)

Actual Negative (AN)
False Positives (FP)
True Negatives (TN)

TP is data from the number of correct class member predictions in the positive class, TN is data
from the number of correct class member predictions in the negative class, FP is data from the number
of incorrect class member predictions in the positive class, FN is data from the number of incorrect
class member predictions in the negative class.
4.4.1. Accuracy. Accuracy is the ratio of True (positive and negative) predictions to the overall data.
Accuracy describes how accurate the model is in classifying correctly. Accuracy is an important
measure used to assess the performance of a classification model. Accuracy is calculated as shown in
Equation (5) as follows:
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TP + TN

accuracy:

TP + TN + FP + FN

.

(5)

4.4.2. Precision. Precision is equal to the ratio of True Positive (TP) samples to the number of True
Positive (TP) and False Positive (FP) samples. Precision is used to identify the amount of data that is
correctly classified in the data set on the class. The precision is calculated as given in Equation (6) as
follows:

TP

precision:

TP + FP

.

(6)

4.4.3. Recall. Recall is the ratio of True Positive (TP) samples compared to the overall True Positive
(TP) and False Negative (FN) sample data used to identify the number of correctly classified sample
data in a class data set that can be predicted correctly. The Recall is calculated as given in Equation (7)
as follows:

TP

recall:

TP + FN

.

(7)

4.4.4. Kappa statistic. Kappa statistics are used to provide a quantitative measure of the magnitude of
agreement between observers or the consistency between two measurement methods for nominal
scales [21]. The kappa coefficient can measure the degree of agreement that classifies objects in
mutually exclusive categories. The equation for kappa statistic (  ) is:


=

v
i =1

pii −  i =1 pi + p+ i

,

(8)

pi + p+ i

is the expected proportion of

1 −  i =1 pi + p+ i

where  i =1 pii is the proportion of agreements and
v

v

v



v
i =1

agreements by chance. v is the number of different nominal values for the performance indicator of
interest.
5. Results
Bojonegoro Regency is one of the paddy barns in East Java Province. The ASF map and visualization
of the results of the Classification of Paddy Growth Phases with the Random Forest Algorithm can be
seen in Figure 3. Figure 4. is a map of the study area shaded in grey. Bojonegoro Regency is the study
area in this research. Figure 5 shows the observation points in one sample segment (9 sub-segments).
Each month the ASF survey counts as many as 110 segments. This means that the number of subsegments every month is 992 sub-segments and a year is 11,912 sub-segments. A map of the results of
the classification of the Paddy Growth Phase using the Random Forest Algorithm processed by the
GEE platform is shown in Figure 6. Figure 3 and Figure 6 show the results of the classification using
ROI and the area of paddy fields in Bojonegoro Regency, East Java. Thus, not all areas in Bojonegoro
Regency as study areas will be classified.
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Figure 3. Map of ASF area and classification of Paddy Growth Phase with RF Algorithm.

Figure
4.
Bojonegoro
Regency (study area)

Figure 5. The distribution of
ASF samples.

Figure 6. Classification results
with RF algorithm using GEE
(ROI: Paddy Area).

Table 4 shows the prediction performance for CART, SVM, RF with and without oversampling
technique to handle imbalanced data. In the technique without oversampling, almost all machine
learning algorithms show overall accuracy below 75%. CART shows a value of 60.95%, SVM shows
a value of 70.79% and RF shows the highest result of 74.14%. The precision results for the three
algorithms show that the lowest precision is shown by Class 5 (15.38% and 22.22%) on CART and
SVM, while RF has higher precision for Class 5 although it is still in the 52% range. This shows that
this model cannot predict Class 5 effectively because there are imbalanced data in the ASF data.
Oversampling is applied to ASF data to handle imbalanced data so that the prediction performance of
the minority class (Class 5) can be improved.
The oversampling technique used in this paper is duplication oversampling. For each algorithm,
Table 4 presents the results in terms of accuracy, precision, and recall. The results show that the
oversampling technique can improve accuracy and is predicted to be more efficient in terms of
precision and recall for the minority class compared to the method without oversampling with an
increase in precision in the CART algorithm by 64.62%, the SVM algorithm by 49.21% and the RF
algorithm by 20.91. %. In the technique with oversampling, almost all machine learning algorithms
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show an increase in overall accuracy compared to the technique without oversampling. CART showed
an increase in accuracy to 71.78%, SVM accuracy increased to 78.57% and RF showed the highest
accuracy increase, namely 82.30%. If you look at the precision results for the three algorithms, it can
be seen that there is a very significant increase in all algorithms in Class 5, namely for CART, SVM,
RF respectively by 80%, 71.43%, 76.47%%. This shows that the model has effectively handled the
imbalance data to improve the prediction performance of the minority class.
Table 4. Performance of prediction for CART, SVM, RF with oversampling technique and without
oversampling technique to handle imbalanced data
Algorithm

CART

SVM

RF

CART with
oversampling

SVM with
oversampling

RF with
oversampling

Class
0
1
2
3
4
5
0
1
2
3
4
5
0
1
2
3
4
5
0
1
2
3
4
5
0
1
2
3
4
5
0
1
2
3
4
5

Accuracy (%)

60.95%

70.79%

74.14%

71.78%

78.57%

82.30%

Precision (%)
66.67%
50.00%
63.29%
67.14%
42.86%
15.38%
76.92%
66.67%
50.82%
91.86%
50.00%
22.22%
80.95%
52.94%
66.67%
88.57%
53.85%
55.56%
52.17%
86.81%
50.63%
65.47%
66.67%
80.00%
63.64%
70.00%
57.81%
82.28%
83.33%
71.43%
72.22%
86.81%
60.81%
92.14%
87.50%
76.47%

Recall (%)
76.92%
45.24%
49.02%
77.05%
50.00%
28.57%
90.91%
90.00%
68.89%
66.95%
60.00%
66.67%
89.47%
77.14%
65.17%
77.50%
70.00%
62.50%
75.00%
71.17%
52.63%
79.82%
40.00%
51.61%
100.00%
75.00%
66.07%
70.65%
83.33%
66.67%
86.67%
84.95%
75.00%
82.17%
82.35%
92.86%

The CART algorithm gives the highest improvement for the minority class classification, but
overall the accuracy of the RF algorithm shows the best results in the classification, which is 82.30%.
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It can also be seen in Table 4. that recall for class 5 (Puso) for the CART algorithm is only 28.57%.
This shows that the CART model cannot effectively predict Class 5. While the recall for the SVM and
RF algorithms has produced a Class 5 prediction above 60%, but it is still the lowest among the
predictions of the other classes.
To clarify the performance of the proposed prediction, Table 5. summarizes the confusion matrix
for each class in the paddy growth phase, namely early vegetative (0), late vegetative (1), generative
(2), harvesting (3), preparation (4), failed harvest/puso (5) using RF algorithm with oversampling
technique. The results show that our proposed method achieves the best performance in terms of
prediction as a function of accuracy, precision, recall, and kappa statistics. The evaluation shows that
our proposed method performs much better than other machine learning algorithms with or without
oversampling, as shown in Table 4.
Table 5. Multi-class Confusion matrix of prediction of RF algorithm with oversampling technique.
Actual Class
0

1

2

3

4

5

0
13
3
2
2
3
0
1
0
82
4
0
0
0
2
0
10
48
12
1
2
3
0
0
11
133
2
1
4
0
0
0
0
15
0
5
0
0
0
2
0
19
User’s Accuracy 86.67% 84.95% 75.00% 82.17% 82.35% 92.86%
Overall Accuracy
Kappa Statistic
Predicted
Class

Producer’s
Accuracy
72.22%
86.81%
60.81%
92.14%
87.50%
76.47%
82.30%
0.76

Table 5 shows that Class 5 can be mapped with good user’s accuracy and producer’s accuracy
(92.86% and 76.47%, respectively). This shows that this model can classify paddy growth phases
effectively with a kappa statistic of 0.76 which means model has a very good on the strength of
agreement.

6. Conclusion

In summary, it can be concluded that oversampling is an appropriate technique to overcome the
problem of data imbalance in the case of the paddy growth phase in Bojonegoro Regency, East Java.
In this study, oversampling duplication technique is proposed to overcome the problem of data
imbalance in classification using the ML algorithm. RF algorithm with oversampling has better
performance than other ML classification algorithms without oversampling in terms of percentage
accuracy for classifying paddy growth phases. This can be seen from the overall accuracy and kappa
statistic (82.30% and 0.76). The model also succeeded in classifying the minority class (Class 5)
contained in the ASF data efficiently. The performance of the proposed oversampling method is
substantially better than without oversampling with imbalanced data on the 3 ML algorithm (CART,
SVM, RF). Thus, our proposed method achieves the best performance in terms of paddy growth phase
classification to support the contribution of achieving the SDGs goals in preparing valid food security
data. Therefore, research on other models is an important next step in classifying Geo Big Data. Other
methods, such as SVM and NN, can be used to improve model performance.
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Abstract. Many problems in the IT sector are experienced by employees in carrying out daily
government activities. The problems faced often disrupt government activities in providing
services to the community. This study analyzes the IT problems that are often found in
organizations and their impacts. As many as 43 people have participated in the survey to
identify what problems are often experienced and the impact they have had. The survey started
with 7 IT service groups and produced 37 IT problems. The result is an implementation of a
knowledge-based system that can help employees in solving IT problems on their own in their
work environment.

1. Introduction
The President of Indonesia has formulated a priority program that is outlined in the Nawacita. This
program was initiated to show priority changes to an Indonesia that is politically sovereign,
economically independent, and has a cultural personality. One of the programs in it is digital
transformation in the government sector. This program aims to make the performance of all
government organizations more effective and efficient. One of the points of the 2020-2024 BPS
Strategic Plan also establishes effective and efficient IT to support the provision of quality statistical
data and information.
One of the changes that have occurred in digital transformation is the use of IT to support business
processes in government. The use of IT can increase the efficiency of organizations [1]. IT supports
business process automation which can cut long and time-consuming processes so that the business
process flow becomes more efficient.
However, the transformation in business processes is hampered due to ineffective IT implementation.
The use of IT cannot be separated from the problems experienced by its users. 78% of internal
organizations still experience problems and difficulties in technical matters [2]. These problems
become obstacles in running an organization's business processes. In the government sector, obstacles
that occur in IT implementation can have an impact on services to the public. It can be concluded that
the problems that occur in the implementation of IT have a crucial influence on the output of public
services.
Based on these problems, this study aims to explore these research questions “What information
system design to support everyday IT problem-solving at BPS?”. This study provides an overview of
the flow of analysis, development, and implementation of information system design in an
organization.
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2. Theoretical Background
Knowledge Management (KM) is a process to find, capture, disseminate, and apply knowledge so that
it can achieve the goals of an organization [1]. In addition, the implementation of KM can also
increase the competitive value of an organization [2]. KM is considered central to product and service
innovation, executive decision-making, and organizational adaptation and renewal in government [3].
KM is also a tool for transferring knowledge. Even for organizations whose employees are crossgenerational [4].
KM has been widely implemented in organizations, companies, and governments. The
implementation also covers many fields such as finance [5], services [6], supply chain [7], education
[8,9,10], and others. However, not all organizations are ready to implement KM [11]. Various factors
affect the implementation of KM in organizations, such as perceived compatibility, top management
support, complexity, benefits, competitive pressure, and organizational culture [12].
A knowledge-based Information System (KBS) is one type of KM solution. KBS is an information
system that makes the knowledge function approach the main source of information [1]. KBS is
widely used in the implementation of KM in organizations because knowledge is seen as a good
resource to improve processes of administrative in government organizations [13].
The rapid development of Information Technology (IT) has affected all social systems and made
technology an inevitable life part [3]. Including the continuity of the organization that cannot be
separated from IT support. Organizations need a strong relationship between business and IT to
achieve long-term success [4]. However, IT implementation in an organization is not without
problems. As figure 1 shows, there are seven types of IT services, namely a) internet, b) network
infrastructure, c) hardware, d) system security, e) system integration, f) software, and g) IT
maintenance [2].

Figure 1. General IT Services
IT support in an organization has a close relationship with KM. IT plays a role in supporting the
implementation of KM in an organization [14]. IT plays a role in significant investment that supports
KM practice in organizations. IT also has a vital task in increasing knowledge resources in an
organization [15]. Conversely, KM can also be used to help solve problems in IT implementation.
Disseminated and implemented knowledge can improve the performance of an organization [7].
3. Methodology
This research utilizes a qualitative approach to obtain information on IT issues that often become
problems in daily activities at BPS. We analyzed the collected data which were then used as a
benchmark for compiling the proposed KM solution.
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3.1 Data collection
Data was collected through an online survey of IT coordinators at BPS in all regions. The
questionnaire contains 16 open-ended questions about IT problems that are often experienced and how
they affect them. Based on types of IT services [2] we initiated 7 groups of services that are mostly
experienced by users i.e.
● Internet: this group includes internet services to employees, both in terms of quality and
availability of services.
● Network infrastructure: this service includes access to local devices that are still directly
connected to the user.
● Hardware: the use of PCs/laptops, tablets, printers to supporting devices such as UPS, hand
key machines, and others is a service that is widely used by employees daily.
● Software: employees are also provided with services to use supporting office software as
well as access to several systems at BPS, which are almost entirely connected online.
● Security: security protection for various applications is also provided to employees, such as
protection against phishing emails, protection against viruses and malware, and others.
● System integration: to support the use of tiered applications from regencies/cities,
provinces to the center, there needs to be good data integration so that no data is lost or
delayed in delivery.
● IT maintenance: in addition to supporting when problems are found, the devices and
software used are also routinely maintained so that the likelihood of problems occurring is
small.
3.2 Data analysis
Data is processed using the sensemaking method furthermore. This method is suitable for capturing
the phenomenon as a whole through the process of framing, data collection, and appropriate analysis
to arrive at a substantive theory [16]. From the given answers we analyzed and grouped into 7 IT
service groups. This method can provide more structured information. Grouping information is used as
a base to support system development.
4. Result and Discussion
4.1. Data collection
A total of 97 people have participated and have the eligible answer in the survey. They are spread
across several offices that are geographically separated but have the same role which is to be
responsible for technical IT support at BPS.
Table 1. Respondent demography
Age
20-24
25-29
30-34
35-39
40-44
45-49
50 >
Total

Male
3
8
36
12
3
6
8
76

Gender
Female
4
3
6
1
2
1
4
21

Total
7
11
42
13
5
7
12
97

Table 1 shows that respondents are dominated by male employees (78%) and aged 30-34 years
(43%). This illustrates that employees in charge of IT in each office are dominated by male employees
in productive age.
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4.2. Problems grouping analysis
We have analyzed several IT problems that are often experienced by employees and then grouped by
type of service as illustrated in table 2.
Table 2. IT services problems grouping
No
1

Types of
services
Internet

Problems

No

Internet access problems

Types of
services

Internet access speed is
slow
Inadequate bandwidth
availability
2

3

Network
infrastructure

Hardware

Problem local network
access
Local network access
speed is slow
Firewall & Router
problems
The connection to the
handkey machine has a
problem
PC/laptop is slow in
processing/hangs
PC/laptop dead

5

Security

4

Software

Application installation
failed
The database backup
process on the BPS
application failed
The BPS application
database cannot be
accessed
Application installation was
unsuccessful
VICON is not working
properly
Interference with phishing,
spamming, etc. on Email
Firewall interference

6

System
integration

7

IT
maintenance

Viruses, malware, spyware,
etc. on your PC/laptop
The attendance recap is not
synchronized to the central
attendance system
Employee status,
position/grade are not
synchronized with the TK
Online application
Hardware often breaks
down

Others

The operating system is not
up to date
Email cannot be accessed

Laptop or Tablet is free
of charge
PC turns on but no
display appears on the
monitor
Print results are
unclear/faded/streaked
The printer/Scanner is
damaged
UPS is damaged
BPS application error
BPS web application
cannot be accessed
Force-closed BPS web
application
Failed to save (upload)
data to the central server
using web application

Problems

8

Forgot username/password
Email quota full
Submission of a new email
account
The Laci BPS website
cannot be accessed
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Hardware and software services are widely used by employees to do the work. Many employees
have complained about disturbances on PCs/laptops, tablets, and other supporting tools such as UPS
and printers. Employees have also complained about the use of software and application systems.
Disturbances such as inaccessible websites, failed backup processes or data transmission, to
unsuccessful application installations were experienced by many employees.
The disturbances experienced by employees certainly have an impact on the job. From the
questions posed, almost all employees answered that the disturbance they experienced was an obstacle
to the work being carried out. Employees must rearrange their work schedules, adjusting to
predetermined deadlines. In addition, many disturbances cause employees to have to repeat work that
has been completed previously. Not only had an impact on employees, some disruptions even had a
direct impact on the services provided to the public.
4.3. Design and system development
After formulating the IT problems we design a solution system. we designed a proposed system where
users can search, get, and ask the topic of IT problems to experts or a knowledgeable person who
stated as agents. Employee as a user can read and search article also can create a question ticket if their
problems not solved. Knowledge Agent as knowledge producer has a role to create and manage
knowledge on the system. Then admin can manage content, user, and service groups on the system.
Figure 2a and 2b below shows the use case and class diagram activities in the system design.

Figure 2a. Use case diagram

Figure 2b. Class diagram activity

All designs were then implemented to a knowledge-based information system, named HaloSiTI.
The main features in HaloSiTI are
• Knowledgebase discovery: users can search for the solution for their problems through a
keyword search or choose topic categories (figure 3a).
• Knowledge search result: system display the search result as knowledge to the users (figure
3b).
• Ticket creation: another useful way to get knowledge if existing information in the system has
not solved the problem (figure 3c).
• Knowledge & System Management: content and knowledge management system from admin
(figure 3d).
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Figure 3a. Knowledgebase discovery

Figure 3c. Ticket creation

Figure 3b. Knowledge search result

Figure 3d. Knowledge & system management

5. Conclusion
We have developed a new knowledge-based information system to support IT problem-solving at
BPS. The offered solution is to create a system that can be used as a medium to get knowledge for
employee's IT problems. The stored knowledge in the system generates knowledge values because it
helps users directly to solve IT problems.
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Abstract. Education is an important aspect in improving human resources. Data availability of
education indicators in a low administrative level is needed as a basis for education planning in
that region. The problem of sample size when provide a low administrative level data can be
overcome by indirect estimation, namely Small Area Estimation (SAE). SAE is able to
increase the effectiveness of the survey sample size by using the strength of neighbouring areas
and information from auxiliary variables related to the variables of interest. We obtain
simulation study to compare multivariate model to univariate model and implement
multivariate model to estimate three education indicators which are obtained from the National
Socio-Economic Surveys by Statistics Indonesia. Simulation results are in line with previous
studies, where the multivariate Fay-Herriot model with p variable has smaller of mean squares
error (MSE) than the univariate model. The model implementation to estimate Crude
Participation Rate (APK), School Participation Rate (APS), and Pure Participation Rate (APM)
also shows that the multivariate model produces smaller RRMSE than the direct estimates. It
can be concluded that multivariate model is able to produce more efficient estimates than direct
estimation and univariate model.

1. Introduction
Education is an important aspect in improving human resources. The Statistics Indonesia (BPS)
produces three education indicators to see the development of education sector in Indonesia, namely
Crude Participation Rate (APK), School Participation Rate (APS), and Pure Participation Rate (APM).
These three indicators are calculated from the National Socio-Economic Survey (Susenas), which is
held every semester. Data availability of these indicators in a low administrative level is needed as a
basis for education planning in that region. Unfortunately, based on the survey design, data availability
in the second semester is limited to the provincial level. The sample size that are only sufficient for
provincial level estimates will result in large relative standard errors and unreliable direct estimates at
the district level. This problem can be overcome by indirect estimation, namely Small Area Estimation
(SAE).
According to [1], SAE is able to increase the effectiveness of the survey sample size by using the
strength of neighboring areas and information on auxiliary variables related to the variable of interest.
From the availability of explanatory variables, area-based models are more widely used than unitbased models [2]. Small area estimation using the Empirical Best Linear Unbiased Predictor (EBLUP)
method was initiated by [3] to estimate the logarithm of income per capita in the United States, so this
model is known as the Fay-Herriot Model.
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In general, there are many variables that have strong correlation. By using SAE, these variables can
be estimated together using the multivariate SAE method. Research by [4] [5] [6] and [7] showed that
the multivariate SAE model has more efficient estimation than the univariate SAE model by utilizing
the correlation between the variables of interest. [5] developed Fay-Herriot Model into four different
estimation models based on their covariance matrix structure, namely the univariate FH model (Model
0), the multivariate FH model (Model 1), the autoregressive multivariate FH model (Model 2), and
heteroscedastics autoregressive multivariate FH model (Model 3).
Until now, small area estimation of education indicators has been studied by [9] and [10] with
many models. [9] implemented the EBLUP and EBLUP Benchmarking methods to estimate the Crude
Participation Rate at the university level on Kalimantan and [10] applied on Papua. These two studies
still used univariate model. Research on the multivariate FH model by [6] and [7] uses the multivariate
FH model (Model 1) to estimate the average household expenditure per capita of food and non-food in
Central Java, Indonesia. [5] used model 2 to estimate the proportion of poverty in 2005 and 2006, and
model 3 to estimate the proportion and depth of poverty at provincial level in Spain.
Various studies on the Fay Herriot model that have been carried out are still limited to one or two
variables of interest. In this study, we will conduct simulations and case studies of multivariate models
for more than two variables. Simulations were carried out to see the efficiency of the multivariate
model compared to the univariate model. Then, we will apply the model to three indicators of
education in Indonesia, namely Crude Participation Rate (APK), School Participation Rate (APS), and
Pure Participation Rate (APM) at the university level in East Java, Indonesia.
2. Methodology
Data Description
The data used in this study are three education indicators: Crude Participation Rate (APK), School
Participation Rate (APS), and Pure Participation Rate (APM) in university level as target variables.
Those variables can be calculated by following formula:
𝐴𝑃𝐾 =
𝐴𝑃𝑆 =
𝐴𝑃𝑀 =

𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑢𝑛𝑖𝑣𝑒𝑟𝑠𝑖𝑡𝑦 𝑠𝑡𝑢𝑑𝑒𝑛𝑡
𝑥 100%
𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑝𝑒𝑜𝑝𝑙𝑒 𝑎𝑡 19 − 24 𝑦𝑒𝑎𝑟𝑠 𝑜𝑙𝑑

𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑠𝑡𝑢𝑑𝑒𝑛𝑡 𝑎𝑡 19 − 24 𝑦𝑒𝑎𝑟𝑠 𝑜𝑙𝑑
𝑥 100%
𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑝𝑒𝑜𝑝𝑙𝑒 𝑎𝑡 19 − 24 𝑦𝑒𝑎𝑟𝑠 𝑜𝑙𝑑

𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑢𝑛𝑖𝑣𝑒𝑟𝑠𝑖𝑡𝑦 𝑠𝑡𝑢𝑑𝑒𝑛𝑡 𝑎𝑡 19 − 24 𝑦𝑒𝑎𝑟𝑠 𝑜𝑙𝑑
𝑥 100%
𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑝𝑒𝑜𝑝𝑙𝑒 𝑎𝑡 19 − 24 𝑦𝑒𝑎𝑟𝑠 𝑜𝑙𝑑

The APK, APS, and APM variables are obtained from National Socio-Economic Surveys by
Statistics Indonesia which is held every semester. In 2nd semester, this survey was designed for the
provincial level, so it was not able to produce reliable estimates for district level.
We use administrative data sourced as auxiliary variables. Those auxiliary variables are: number of
family use liquid waste disposal pit, number of family use source of drinking water metered pipe,
number of family use source of bathing water washing metered tap, number of private universities,
and number of hospital.
Multivariate Fay-Herriot Model
The multivariate Fay-Herriot model is a development of the univariate Fay-Herriot Model by utilizing
the correlation between the variables of interest. In matrix, the multivariate Fay Herriot model can be
written as follows:
𝒚 = 𝑿𝜷 + 𝒁𝒖 + 𝒆 = 𝑿𝜷 + 𝒁𝟏 𝒖𝟏 + ⋯ + 𝒁𝑫 𝒖𝑫 + 𝒆

(1)
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where 𝒚 is the direct estimates, 𝑿 is the matrix of the auxiliary variables, 𝜷 is regression coefficient, 𝒁
is the identity matrix, 𝒖 is area random effect, and 𝒆 is sampling error. The components 𝒆, 𝒖𝟏 , … 𝒖𝑫
are independent with distributions:
𝒆~𝑁(𝟎, 𝑽𝒆 ),

𝒖~𝑁(𝟎, 𝑽𝒖 ),

𝑎𝑛𝑑

𝒖𝒅 ~𝑁(𝟎, 𝑽𝒖𝒅 )

(2)

Fay-Herriot model was developed into four models based on the structure of the covariance matrix,
namely the univariate FH model (Model 0), the multivariate FH model (Model 1), the autoregressive
multivariate FH model (Model 2), and the heteroscedastic autoregressive multivariate FH model
(Model 3) [5]. Model 0 is a univariate Fay Herriot model with more than one observation variable.
The sampling error covariance matrix in model 0 is a diagonal matrix which shows that there is no
correlation between the variables of interest. The sampling error covariance matrix, 𝑽𝒆𝒅 , and random
effect covariance matrix, 𝑽𝒖𝒅 , of Model 0 are as follows:
𝑽𝒆𝒅 = 𝑑𝑖𝑎𝑔1≤𝑟≤𝑅 (𝝈𝟐𝒆𝒅𝒓 ), 𝑑 = 1, … , 𝐷

(3)

𝑽𝒖𝒅 = 𝑑𝑖𝑎𝑔1≤𝑟≤𝑅 (𝝈𝟐𝒖𝒅𝒓 ), 𝑑 = 1, … , 𝐷

(4)

Model 1, Model 2, and Model 3 are multivariate Fay Herriot models where the sampling error
covariance matrix is not a diagonal matrix. Model 1 is the simplest multivariate model, which is an
extension of Model 0, where the correlation of random effects is ignored.
Model 2 is called the autoregressive multivariate Fay Herriot model (AR(1)), where the value of
the random effect covariance matrix is as follows:
𝑽𝒖𝒅 = 𝜎𝑢2 𝜴𝒅 (𝝆)
1 𝜌
… 𝜌𝑅−1
𝜌 1
1
𝜌𝑅−2
𝜴𝒅 (𝝆) = 1−𝜌2
⋮
⋮
𝑅−1
𝜌
𝜌𝑅−2 …
(
1 )

(5)
(6)

Model 3 is called the heteroscedastic autoregressive multivariate Fay Herriot model (HAR(1)),
where the elements of the random effect are as follows:
𝑢𝑑𝑟 = 𝜌𝑢𝑑𝑟−1 + 𝑎𝑑𝑟
𝑢𝑑0 ~ 𝑁(0, 𝜎02 )

𝜎0 2 = 1

𝑎𝑑0 ~ 𝑁(0, 𝜎𝑟2 )

(7)
(8)

with 𝑎𝑑𝑟, 𝑢𝑑0 , 𝑎𝑛𝑑 𝜎0 2 are independent. The elements of the random effect covariance matrix of
Model 3 are as follows:
𝜎𝑑𝑟𝑖𝑖 = ∑𝑖𝑘=0 𝜌2𝑘 𝜎 2 𝑖−𝑘
|𝑖−𝑗|
2
𝜎𝑑𝑟𝑖𝑗 = ∑𝑘=0 𝜌2𝑘+|𝑖−𝑗| 𝜎|𝑖−𝑗|−𝑘
,𝑖 ≠ 𝑗

(9)
(10)

The multivariate Fay-Herriot model was estimated using Empirical Best Linear Unbias Predictor
(EBLUP) with the following formula:
̂ 𝑬 + 𝒁𝑽
̂𝑬)
̂𝒖 𝒁𝑻 𝑽
̂ −𝟏 (𝒚 − 𝑿𝜷
̂ 𝑬 = 𝑿𝜷
𝝁

(11)

̂ = 𝒁𝑽
̂𝒖 𝒁𝑻 + 𝑽𝒆
𝑽

(12)

̂ 𝑬 = (𝑿𝑻 𝐕
̂ −𝟏 𝑿)−𝟏 𝑿𝑻 𝐕
̂ −𝟏 𝒚 is the best linear unbiased estimator (BLUE) of 𝛽 with the
where 𝜷
̂ 𝑬 ) = (𝑿𝑻 𝐕
̂ −𝟏 𝑿)−𝟏.
covariance matrix is 𝒄𝒐𝒗(𝜷
MSE of Multivariate fay-Herriot Model
[5] estimate the MSE value in the multivariate Fay-Herriot model using the method developed by [8]
through the following equation:
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̂ ) + 𝒈𝟐𝒊 (𝜽
̂ ) + 𝟐𝒈𝟑𝒊 (𝜽
̂)
̂ ) = 𝒈𝟏𝒊 (𝜽
𝑚𝑠𝑒(𝝁

(13)

with each component can be described using the following formula:
̂ ) = 𝜞𝑽𝒆
𝒈𝟏𝒊 (𝜽

(14)

̂ ) = (𝑰 − 𝜞)𝑿(𝑿𝑻 𝑽
̂ −1 𝑿)−1 𝑿𝑇 (𝟏 − 𝜞)𝑇
𝒈𝟐𝒊 (𝜽

(15)

̂ ) ≈ ∑ ∑ 𝑐𝑜𝑣(𝜃̂𝑘 , 𝜃̂𝑙 ) 𝜞(𝑘) 𝑽
̂ 𝜞𝑇 (𝑘) , 𝑘, 𝑙 = 1, … , 𝑞
𝒈𝟑𝒊 (𝜽

(16)

̂𝒌 , 𝜽
̂ 𝒍 ) = (𝑭𝒂,𝒃 )−𝟏.
̂ 𝒖 )𝐙𝑇 𝑽
̂ −1 , 𝚪(𝒌) = 𝝏𝚪 , and 𝒄𝒐𝒗 (𝜽
where 𝚪 = 𝐙(𝑽
𝝏𝜽
𝒌

Relative Root Mean Square Error
In the evaluation, we use Relative Root Mean Square Error (RRMSE) to compare the estimates from
several estimation methods. It aims to obtain standardized comparison because it has removed the
units of the results. RRMSE can be calculated by the following formula:
𝑅𝑅𝑀𝑆𝐸 =

̂)
√𝑚𝑠𝑒(𝝁
̂
𝝁

̂ ) is the MSE of EBLUP of multivariate FH model and 𝝁
̂ 𝑖s the EBLUP.
where 𝑚𝑠𝑒(𝝁
3. Result and Discussion
3.1. Simulation Study
Simulation of the multivariate Fay Herriot model with 3 observation variables was carried out for
domains D = 30, 50, 100, and 200. Simulations were carried out for all possible combinations of
models in generating data and their correlation parameters (𝜌, 𝜌𝑒 ). Simulation data is generated by the
following steps:
(𝑏) (𝑏)
(𝑏)
1. Generate {𝑒𝑑𝑟 , 𝑢𝑑𝑟 , 𝑥𝑑𝑟 } ; 𝑑 = 1, … , 𝐷 ; 𝑟 = 1, … , 𝑅, ; 𝑏 = 1, … , 𝐵.
2. Create the formulas. Simulations were carried out for multivariate data with three observed
variables, namely 𝑦1, y2, and 𝑦3. Each dependent variable is influenced by three participating
variables, namely 𝑥1, 𝑥2, and 𝑥3.
𝑓1 = 𝑦1~𝑥1 + 𝑥2 + 𝑥3
𝑓2 = 𝑦2~𝑥1 + 𝑥2 + 𝑥3
𝑓3 = 𝑦3~𝑥1 + 𝑥2 + 𝑥3
(𝑏)

(𝑏)

𝑇
3. Calculate the value of the target parameter, 𝜇𝑑𝑟 = 𝑥𝑑𝑟
𝛽 + 𝑢𝑑𝑟 .
(𝑏)

4. Calculate the value of EBLUP, 𝜇̂ 𝑑𝑟 .
5. Calculate the MSE of each model.
6. Repeat steps 1 to 5 for 𝐵 = 100 repetitions.
In this study, we set number of domain 𝐷 = 30, 50, 100, and 200 observations and number of
variabel of interest 𝑅 = 3 variables. We take 𝜎𝑈11 = 2, 𝜎𝑈22 = 3, and 𝜎𝑈33 = 4 for area random
effects; 𝜎𝑒11 = 1, 𝜎𝑒22 = 2, and 𝜎𝑒33 = 3 for sampling errors, and 𝛽1 = 𝛽2 = 1 for the regression
coefficients. The values of 𝜌𝑒 and 𝜌 are defined as 0 or 0.5 for each simulation. For the auxiliary
variables, 𝑋1 , 𝑋2 and 𝑋3 , are generated with the following distributions: 𝑋1 ~ 𝑁(10, 1), 𝑋2 ~ 𝑁(10, 2),
and 𝑋3 ~𝑈𝑁𝐼𝐹(9, 12). These initial parameter consider to the simulation on [5] and [6].
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Table 1. MSE of Multivariate Fay-Herriot Model Simulation
Variable

Y1

Y2

Y3

Simulation

𝜌(𝑒)

𝜌

k

1

-

-

0

2

0.5

-

1

3

0.5

0

2

4

0

0.5

2

5

0.5

0.5

2

6

0.5

0

3

7

0

0.5

3

8

0.5

0.5

3

1

-

-

0

2

0.5

-

1

3

0.5
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(a)

(b)
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(d)

(e)

(f)

(g)

(h)

Figure 1. Boxplots of MSE values from Y1, Y2, and Y3 for both models in the simulation study.
(a) Boxplots for simulation 1, (b) Boxplots for simulation 2, (c) Boxplots for simulation 3,
(d) Boxplots for simulation 4, (e) Boxplots for simulation 5, (f) Boxplots for simulation 6,
(g) Boxplots for simulation 7, and (h) Boxplots for simulation 8.
For multivariate FH model (Model 1), autoregressive multivariate FH model (Model 2), and
heteroscedastics autoregressive multivariate FH model (Model 3) the value of MSE of EBLUP will be
compared with the MSE of model 0, which is a univariate model. While for Model 0, the MSE will be
compared with value MSE EBLUP of Model 3.
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Table 1 shows that if the data is generated using univariate model, model 0 will produce MSE
smaller than multivariate model. The simulation results from 2 to 6 show that the multivariate EBLUP
will have a lower MSE than the univariate model (Model 0). In simulations 7 and 8, it can be seen that
the MSE in one of the variables in Model 0 is smaller than Model 3 for small domain (domain = 30).
However, this MSE will decrease as the number of domains increases. The MSE of Model 3 will be
smaller than Model 0 when the number of domains is more than or equal to 50. It indicates that for
small domain sizes, a simple model will be more useful than a complex model.
Figure 1 also shows that the MSEs of EBLUP based on Multivariate FH model are smaller that the
Univariate model. It means that multivariate model is able to produce more efficient estimates than the
univariate model. Simulations that carried out with four different domains showed an inverse
relationship between the number of domains and the MSE. The simulation results show that the larger
of domains will produce the smaller and more consistent of MSE estimation.
3.2. Application to Real Data
The multivariate Fay Herriot model will be implemented to estimate three education indicators in East
Java from National Socio-Economic Surveys in September 2018 at the district level. The three
indicators include Crude Participation Rate (APK), School Participation Rate (APS), and Pure
Participation Rate (APM) at the university level. The correlation between the three variables that is
greater than 0.8 indicates a strong correlation of the variables, so it is appropriate to be estimated using
a multivariate model. The auxiliary variables used are administrative data sourced (Podes) in 2018.
The selection of the auxiliary variables is carried out on each variable of interest. The auxiliary
variables used were shown in table 2.
Table 2. Variable of Interest and the Auxiliary Variables
Variables of Interest
Crude
Participation
Rate

Pure Participation Rate
School
Rates

Participation

Variables
Number of family use liquid waste disposal pit
Number of family use source of drinking water metered pipe
Number of family use source of bathing water washing metered tap
Number of private universities
Number of hospital health facilities
Number of family use source of drinking water metered pipe
Number of private universities
Number of family use source of drinking water metered pipe
Number of hospital

Selection of the best multivariate model is aimed to determine the model that fits the data. This
process is carried out by testing the homogeneity of variance followed by 𝜌 parameter testing. In the
homogeneity of variance test, we used Model 3 and obtained a p-value more than 5% significance
level. This shows that there is no significant difference between the random effect variance on the
data. In the 𝜌 parameter test, we conducted modelling based on model 2 and obtained a p-value of
7.1507e-13. This shows that there is a correlation between random effects. These results indicate that
the best model that fits the data is Model 2 or autoregressive multivariate FH model. The random
effect variance using Model 2 is 0.0013169. It shows that there are random effects on the estimation
results. Therefore, modelling with SAE is feasible.
In this case study, a comparison was provided between the results of the direct estimates and the
multivariate model. The estimation summary of the two methods shown in table 3. From the median,
we know that the estimation of the education indicators in the two methods are relatively the same.
Meanwhile, based on the size of the variability, the estimation using the multivariate Fay Herriot
model have a lower range than the direct estimates. In line with the range, standard deviation of the
multivariate Fay Herriot model is also lower than the direct estimates. In general, the multivariate Fay
Herriot model has less variability than the direct estimates.
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Table 3. Descriptive statistics of the estimation of APK, APM, and APS
Variable

APK

APM

APS

Statistics
Minimum
Quartile 1
Median
Mean
Quartile 3
Maximum
standard deviation
Minimum
Quartile 1
Median
Mean
Quartile 3
Maksmum
standard deviation
Minimum
Quartile 1
Median
Mean
Quartile 3
Max
Standard deviation

Direct Estimates
0.000
0.126
0.157
0.194
0.215
0675
0131
0.000
0.076
0.124
0141
0.180
0518
0103
0.039
0144
0.187
0218
0266
0.555
0.108

Model 2
0.000
0.122
0.147
0.173
0.180
0621
0107
0.000
0.085
0.122
0133
0.147
0469
0082
0.065
0138
0.180
0194
0214
0.506
0.087

Table 4. The results of an autoregressive multivariate model (Model 2)
Variables
of Interest

APK

APM

APS

Auxiliary Variables

Beta

(Intercept)
Number of family use liquid waste
disposal pit
Number of family use source of drinking
water metered pipe
Number of family use source of bathing
water washing metered tap
Number of private universities
Number of hospital health facilities
(Intercept)
Number of family use source of drinking
water metered pipe
Number of private universities
(Intercept)
Number of family use source of drinking
water metered pipe
Number of hospital

0.089

Standard
Error
0.029

-0.079

t-statistics

p-value

3.113

0.002

0.035

-2.234

0.025

0.314

0.118

2.651

0.008

-0.067

0.084

-0.790

0.429

0.007
-0.001
0.041

0.002
0.001
0.017

4.022
-0.409
2.440

0.000
0.683
0.015

0.247

0.085

2.913

0.004

0.005
0.090

0.001
0.018

4.088
5.090

0.000
0.000

0.210

0.091

2.302

0.021

0.006

0.001

4.766

0.000

Table 4 shows the results of modelling using the autoregressive multivariate Fay-Herriot model
(Model 2). It can be seen that almost all auxiliary variables have p-values less than the significance
level (5%), which indicates that the variable has a significant effect on the corresponding response
variable. Variables that are significant to the APK include number of family use liquid waste disposal
pit, number of family use source of bathing water washing metered tap, and number of private
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universities. Variables that are significant to the APM include: Number of family use source of drinking
water metered tap and the number of private universities. While the variables that are significant to the
APS include: number of family use source of drinking water metered tap and the number of hospitals.

City/District Code
Method:

direct

City/District Code

multivariate

(a)

(b)

Figure 2. Comparison of direct estimation and Model 2 for APK variables.
(a) Comparison of direct estimates and the EBLUPs. (b) Comparison of RRMSE of the direct
estimates and EBLUPs.

City/District Code

(a)

City/District Code

(b)

Figure 3. Comparison of direct estimation and Model 2 for APM variables.
(a) Comparison of direct estimates and the EBLUPs. (b) Comparison of RRMSE of the direct
estimates and EBLUPs.

City/District Code

(a)

City/District Code

(b)

Figure 4. Comparison of direct estimation and Model 2 for APS variables.
(a) Comparison of direct estimates and the EBLUPs. (b) Comparison of RRMSE of the direct
estimates and EBLUPs.
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Based on figure 2 to figure 4, the results of the two methods gave almost the same value for each
district in East Java. Districts with high estimates in one method will also have high estimates in other
models. For APK and APM variables, the district with the highest estimates is Malang city and the
lowest is Bangkalan district. For the APS variable, the highest estimates is Malang city and the lowest
is Blitar district.
Table 5. Average RRMSE of direct estimates and EBLUP using Model 2.
Variable
(1)
APK
APM
APS

RRMSE
direct estimates
(2)
0.3713
0.4582
0.3225

EBLUP using Model 2
(3)
0.2772
0.3289
0.23603

In comparing the estimation results of the two methods, researchers used RRMSE. The average
RRMSE from the direct estimates and EBLUPs using Model 2 for each variable can be seen in table
5. Based on table 5, it can be seen that the average value RRMSE of EBLUPs Model 2 is smaller than
RRMSE of direct estimates for all variables. In APK variable, EBLUP using Model 2 was able to
reduce the RRMSE from 37% to 27%. In the APM variable, EBLUP using Model 2 is able to reduce
the RRMSE from 45% to 32%. While the APM variable, EBLUP using Model 2 is able to reduce the
RRMSE from 32% to 23%.
For each domain in Figures 2 to 4, the RRMSE of EBLUP using Model 2 will be smaller than the
RRMSE of direct estimates in almost all domains. In the APK variable, EBLUP using Model 2 is not
able to decrease the RRMSE in Situbondo district and Sidoarjo district. In the APM variable, EBLUP
of Model 2 was not able to decrease the RRMSE in three districts, which are Situbondo, Sidoarjo, and
Lamongan. While on the APS, EBLUP using Model 2 has been able to decrease the RRMSE in all
domains. The differences in RRMSE in the previously mentioned domains are not more than 3%,
which is much smaller than the average of RRMSE decrease in other domains.
In general, the estimation results using Model 2 have a lower RRMSE than the direct estimation for
the three variables. This shows that the multivariate Fay-Herriot model is able to produce more
efficient estimation than direct estimation.
4. Conclusion and Recommendation
Simulation results shows the multivariate models, which are multivariate FH model, autoregressive
multivariate FH model, and heteroscedastics autoregressive multivariate FH model, is able to produce
more efficient estimates than the univariate model. It is can be seen from the smaller MSE of
multivariate model than the univariate model. It is also shown that the larger of domain size, the
smaller and more consistent MSE resulted. The implementation of multivariate Fay-Herriot model to
estimate the APK, APM, and APS values also shows that the multivariate FH model is able to produce
more efficient estimation than the direct estimates. These results are in line with previous studies
ablout multivariate Fay Herrot Model by [5], [6], and [7].
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Abstract. Knowledge management is an important activity in improving the performance an
organization. BPS Statistics Indonesia has recently implemented such a system to improve the
quality and efficiency of business processes. The purposes of this research are: 1)
implementing topic modelling on BPS Knowledge Management System to identify groups of
document topics; 2) providing recommendations on which the best topic modelling; 3) building
a web service function of topic modelling for BPS that includes data preprocessing function
and topic group recommendation function. This study applies the Latent Semantic Analysis
(LSA) and Latent Dirichlet Allocation (LDA) topic modelling methods to determine the best
grouping techniques for knowledge management systems in BPS Statistics Indonesia. The
results show that the LDA model using Mallet is the best model with 25 topic groups and a
coherence score of 0.4803. The performance result suggest that the best modelling method is
the LDA. The LDA model is then successfully implemented in RESTful web service to
provide services in the preprocessing function and topic recommendations on documents
entered into the Knowledge Management System BPS.

1. Introduction
Knowledge is essential for accelerating the development and improvement of the quality of an
organization. Knowledge and information from the organization need to be documented and managed
through the knowledge management. Knowledge management can help organizations prepare an
environment where members can create, share, and use explicit and tacit knowledge [1]. An
organization can share knowledge between individuals through good knowledge management to take
policies and solve problems appropriately.
BPS Statistics Indonesia (BPS) is a Non-Ministerial Government Institution whose task is to
provide complete, accurate, and up-to-date statistical data to realize a reliable, effective, and efficient
National Statistics System (NSS) to support national development [2]. As a government organization
providing official statistics data, BPS Statistics Indonesia has implemented knowledge management.
The development and implementation of knowledge management are pillars of institutional
empowerment development activities in the Statistical Capacity Building Change and Reform for the
Development of Statistic (STATCAP-CERDAS) BPS program to improve the effectiveness and
efficiency of BPS’s business processes. The implementation of knowledge management in BPS can be
seen through the knowledge management system (KMS) as a BPS bureaucratic reform change
program in institutional governance [3]. So every employee or party in need can access necessary
knowledge and information related to the implementation of activities in BPS.
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The recent development of the knowledge management system in BPS supports the Indonesia Data
Hub (INDAH) program. INDAH is an integrated data platform to improve data literacy and the value
of statistics. Besides that, it supports data interoperability and data exploration collaboration in
Indonesia. These facts show that Knowledge Management System in BPS is essential and supports
many BPS programs and activities. Therefore, excellent and efficient management of the system is
needed.
With the increasing number of activities such as surveys, censuses, and other data collection carried
out by BPS, the number of knowledge and information managed in the BPS Knowledge Management
System is increasing. The process of tracing knowledge is needed to help employees access the
necessary knowledge and information. One way to do this is to search by category or group of
available documents. So far, the documentation of knowledge and information in KMS BPS has been
grouped by type. The grouping uses hard clustering, in which documents can only be grouped into one
particular kind of group, even though these documents can contain several topics discussed so that
they can be part of several groups. Such grouping is still done manually, and the number of categories
is limited. For example, a document titled “ICS Application For CAPI PK SP2020” is only classified
in the CAPI category, even though it can also be classified in the SP2020 category.
Several methods can be used to group documents. One approach that can be taken is to use a text
mining approach based on the topic of the document, called topic modelling. Topic modelling can be
used to identify words from various papers and link documents with the same pattern based on the
distribution of each word of the document [4]. Topic modelling is considered a suitable solution to this
problem because it is included in fuzzy clustering [5], which can identify groups or related topics in
the BPS Knowledge Management System that will facilitate the use of such knowledge.
Several algorithms of the topic modelling method are used in text analysis, including Latent
Semantic Analysis (LSA), Non-Negative Matrix Factorization, Probabilistic Latent Semantic Analysis
(PLSA), and Latent Dirichlet Allocation (LDA) [6]. This study focuses on implementing and
comparing Latent Semantic Analysis (LSA) and Latent Dirichlet Allocation (LDA) methods. Both
methods are chosen because they are most commonly used in previous studies and have represented
two groups of topic modelling methods, the non-probabilistic group for LSA and the probabilistic
group for LDA. Furthermore, these two methods have been compared to model the text data for short
to long text documents which have similarities with knowledge management documents, such as films
review, abstracts of health documents [6], and railroad accident text [7]. The implementation of both
approaches will be evaluated to get the best document topic grouping for the BPS Knowledge
Management System. The best method will then be implemented in web service functions to provide
easy access and implementation for BPS.
The LSA modelling techniques are superior and appropriate to LDA in providing a choice of film
recommendations to be watched by users [8]. The LDA model is better than the LSA model in
grouping topics in electronic books [9]. The comparative study of LSA and LDA research for the
analysis of railroad accident text also found that the two methods complement each other because each
method produced several topics that were not identified by the other methods [7].
Research on the development of the LDA model using the MAchine Learning for LanguagE
Toolkit (Mallet) is also a reference in this study. The topic modelling using LDA with Mallet
provided a higher coherence score evaluation value than LDA methods with standard Gensim
packages in grouping topics in documents in the form of related articles “multi-tier supply chain in
Industry 4.0” [10]. The implementation of topic modelling using LDA with Mallet successfully
grouped ten topics related to job trends in the information technology sector based on the information
available on “LinkedIn”[11].
2. Methods
2.1. Scope of Research
This research focuses on topic modelling using Latent Semantic Analysis (LSA) and Latent Dirichlet
Allocation (LDA) methods. Implementation of topic modelling with the LSA method in this study will
use the Gensim package. In contrast, implementation with the LDA method will use two package,
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namely Gensim and Mallet. They are implemented in Python programming language. The results will
be evaluated, and the method judged to be superior will be applied in a web service for data
preprocessing and topic recommendation functions to provide easy access and implementation for
BPS.
2.2. Source and Data Collecting Methods
This research uses secondary data of all documents based on Bahasa Indonesia as knowledge and
information available in the BPS Knowledge Management System from the beginning of the system
implementation on December 4, 2019, until February 1, 2021. Two hundred seven documents are
obtained through the web scraping method to extract text data from the BPS Knowledge Management
System website. All documents are in Indonesian. The web scraping method in collecting this data has
received permission from the Statistical Information System Integration Function BPS as the BPS
Knowledge Management System manager. The data collection flow using the web scraping method
carried out in this study can be seen in Figure 1.

Figure 1. Flowchart Data Collection Using Web Scraping Method.
In this research, the web scraping method uses the Beautiful Soup package. It starts with opening
the knowledge.bps.go.id page followed by opening a page containing a list of knowledge to extract
each document’s Uniform Resource Locator (URL). After all the document URL lists are collected,
the list is opened to perform an extraction of the title and content of the knowledge management
document. An example of web scraping data can be seen in Table 1. The title and content are
successfully extracted without including the HTML tag.
Table 1. Example of data from web scraping.
URL
https://qasp2020.bps.go.id/
posts/003d3cb419b044699
6deefd5d96a1a7d/capi/akse
s-coolsis.bps.go.id
https://qasp2020.bps.go.id/
posts/6cf90b90-18c3-411f878009cbbb569b01/instrumen/s
p2020

Title

Content

AKSES
COOLSIS.BPS.GO.ID
[CAPI]

Untuk mengakses
coolsis.bps.go.id jaringan
internet harus terhubung
melalui VPN BPS.

C1 hanya untuk 6 orang
anggota rumah tangga, jika
SP2020 [INSTRUMEN]
lebih dari itu, dapat
diberikan C1 tambahan
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2.3. Data Preprocessing
Data preprocessing is an early stage in text mining that aims to convert text from human language into
a machine-managed format, compose unstructured text, and maintain keywords useful for representing
topics [12]. The stages of preprocessing this research data, as seen in Figure 2, begin with performing
text normalization, which includes converting text to non-capital letters/case folding, removing special
characters and punctuation, and removing white space. After that, the text will go through a process of
removing words that often appear (stopwords), converting words into essential words (stemming), and
tokenization (tokenization). Furthermore, the text transformation stage converts text data to the
appropriate format by forming bigram models and trigrams to group frequently simultaneous words,
including the corpus and data dictionary through the Bag of Words (BOW) method. The word
weighting method is BOW because both LSA and LDA generative processes use the BOW word
weighting approach regardless of the word sequence. Until now, the dominant method is still based on
Bag of Words, where the corpus is converted into a word-document matrix, and the order of terms can
be ignored [6].

Figure 2. Flowchart of Data Preprocessing.
2.4. Topic Modelling
The topic modelling stage is carried out after the data has gone through the preprocessing phase and is
ready for further processing. We apply two types of modelling methods: LSA and LDA. The first
method, LSA, is an algebraic statistical method based on the application of Single Value
Decomposition (SVD), which presents the semantic space of the document [6]. By applying this
method, LSA can extract the structure and relationship of hidden words in the document through text
vector representation to calculate the similarity between the texts and find similar words. The
implementation of LSA topic modelling in this study will use the Gensim package.
The LDA is a probabilistic generative modelling topic model designed to extract topics from text
[12]. It represents the documents as a random mixture of hidden topics characterized by a set of
probabilities that define the word included in a topic. The implementation of topic modelling with the
LDA can be implemented through a variational Bayes approach or a Gibbs sampling approach [13].
Therefore, the implementation of the LDA method in this study will be carried out using these two
approaches using the Gensim for the variational Bayes approach and the Mallet for the Gibbs
sampling approach. Even though Mallet and Gensim are two different package, the implementation of
Mallet in this study will use a link function, namely “gensim.models.wrappers.LdaMallet” provided by
the Gensim package.
Before implementing topic modelling using LSA and LDA methods, each method will determine
the best parameters for modelling through the parameter tuning process. After a series of topic
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modelling processes are carried out, the resulting topic models need to be evaluated to see the level of
effectiveness in grouping topics by calculating the coherence score. The coherence score can measure
the degree of semantic similarity between high-scoring words in the topic by distinguishing
semantically interpretable topics and artifacts of statistical inference [14]. The coherence score can be
evaluated by several methods. We apply the CV algorithm [15], which found that CV provides the
strongest correlation between the value of coherence evaluation and the results of human interpretation
related to the resulting topic. In addition, the distribution of topics generated by topic modelling using
the LDA method will be evaluated through visualization using the pyLDAvis module. The evaluation
is not carried out on the modelling results using the LSA modelling because a similar module is not
available.
2.5. Web Service
The web service function development is the last stage in classifying documents. The services
developed and provided in the web service function in this study include the function of the text data
preprocessing process and the function to recommend topic groups in new documents. The web
service is developed using the Representational State Transfer (REST) architecture.
This research uses the REST architecture because, in its implementation, it runs through a simple
Hypertext Transfer Protocol (HTTP). It also allows support for several data formats, including the
JSON data format. The REST architecture on web services based on the Flask microframework can
produce better performance than SOAP in terms of requests and responses for web services [16]. The
RESTful web service architecture implementation in this research will use Flask microframework.
Flask can appropriately handle HTTP request functions, simple and light to run compared to other
python-based web frameworks.
3. Results
3.1. Preprocessing Results
After the data collection process is complete, the document with the title and the content must be
preprocessed. The input in this preprocessing stage is the title text and content of the knowledge
management document. The input of the title and content text that has been preprocessed will be
combined into one part. The first stage includes text cleaning, and the sample results are in Table 2.
Table 2. Example of data before and after text cleaning.
Before text cleaning
After text cleaning
Judul: AKSES COOLSIS.BPS.GO.ID [CAPI]
Judul: akses coolsis bps go id cap
Konten: Untuk mengakses coolsis.bps.go.id Konten: akses coolsis bps go id jaring
jaringan internet harus terhubung melalui VPN internet hubung vpn bps
BPS.
The text cleaning stage is followed by preprocessing and transformation of the text by bigram and
trigram models and creating a data corpus using the Bag of Words method. The data that has been
preprocessed can be used to model the topic. The data structure of the preprocessed corpus that is
ready for modelling can be seen in the bold characters in Table 3. While the characters that are not in
bold in Table 3 represent the dictionary of words and identities in the resulting corpus.
Table 3. The structure of the corpus after preprocessing.
Corpus
[(0, 2), (1, 3), (2, 1), (3, 2), (4, 2), (5, 1), (6, 1), (7, 1), (8, 1)]
[('akses', 2), ('bps', 3), ('cap', 1), ('coolsis', 2), ('go_id', 2), ('hubung', 1),
('internet', 1), ('jaring', 1), ('vpn', 1)]
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3.2. Topic Modelling Using LSA Methods
In implementing LSA topic modelling with the Gensim package, one of the crucial parameters to
determine is the number of topics (k). It is necessary to perform tuning parameters through coherence
score calculation.

Figure 3. Result of LSA tuning parameter.
The number of topics in the parameter tuning process is carried out by iterations and calculating
coherence scores from 2 to 27 topics. Figure 3 shows the coherence score of the tuning parameter
results applied to the LSA model. As shown in the Figure 3, the model with six topics applied in the
LSA has the highest coherence score of 0.4412. The distribution of the top five words that compose
the six topics and independent interpretations related to these topics can be seen in Table 4. The results
of the LSA modelling still have word distributions in related topics, such as in topic one with topic
three and topic two with topic five.
Table 4. List of topics and top five word distributions from the best LSA topic modelling.
Topic

5 Top Words

Topic Discussion
Related to family data collection
in the census
instructions for operating the
device
population census activities in
general

T1

keluarga, isi, anggota, duduk. tinggal

T2

task, keluarga, kerja, klik, tombol,

T3

duduk, sensus, sp, keluarga, anggota

T4

properti, analisis, harga, jual,
commerce

T5

klik, task, action, isi, duduk

instructions for operating the
device

T6

air, rumah, lantai, tempat, listrik

the house and its components

Sales-related activities

3.3. Topic modelling Using LDA Methods
The implementation of topic modelling using the LDA method uses the Gensim. The tuning
parameters in LDA Gensim with α=0.9, β=0.3, and 16 topics give the highest coherence score of
0.4825. These parameters are implemented in the LDA model. Still, after visualizing the distribution
of topics using pyLDAvis, the resulting topics tend to cluster and overlap in one quadrant, as shown in
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Figure 4. To get better distribution, this LDA model is developed by applying the LDA model using
Mallet.

Figure 4. Visualization of 16 topics distribution by LDA Gensim.
Implementing the LDA method with the Mallet model uses tuning parameters to find optimum
topics based on coherence score. The best model is as many as 25 topics with a coherence score of
0.4803, not much different from the previous LDA model. However, the distribution and separation of
topics produced are much better with a more diverse distribution, although some topics intersect, as
seen in Figure 5.

Figure 5. Visualization of 25 topics distributed by LDA Mallet.
The distribution of the top five words with the most frequency in arranging the 25 topics and
interpretations of those topics can be seen in Table 5.
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Table 5. List of topics and top five word distributions from the best LDA topic modelling (all
documents are Indonesian)
Topic

5 Top Words

T1

tombol, task, tekan,
nama, tambah

T2

isi, kirim, baik,
perlu, konfirmasi,

The Instructions
for sending tasks

T3

jumlah, indonesia,
besar, bandara,
statistik

T4

keluarga, anggota,
sebut, nama,
kepala

T5

online, kk, isi, nik,
lengkap

The use of
statistics in
Indonesia
The entry of
family members in
the population
census
Filling in the
identity in the
Online Population
Census
Related to the
Online Population
Census
Filling in the
resident’s address
Activities in the
Covid pandemic
Related on
applications and
online sites
Instructions for
using the Kaizala
app

T6
T7
T8

duduk, sensus,
online, sp,
informasi
tinggal, alamat, isi,
tempat, sama
tanggal, mulai,
situs, covid, jumlah

T9

bps, go_id, akses,
dashboard, online

T10

klik, grup, kaizala,
action, admin

Topic Discussion
The instructions
for duties of
officers

Topic

5 Top Words

T14

sls, kode, periksa,
dokumen, bila

T15

cap, ics, update,
status, aplikasi

The use of capi and
ics

T16

dp, entri, entry, urut,
nomor

About Resident
entries

T17

milik, rumah, air,
sewa, sumber

The characteristics of
the residents’
residence

T18

assign, sampel,
bahasa, mungkin,
proses

Sample problems in
field activities

klik, browser,
tombol, baru,
muncul
giat, bantu, tetap,
apa, terima
perlu, beda, rupa,
salah, aplikasi

Instructions for using
web-based
applications
Related to activities in
general

T22

kerja, pilih, beri,
sesuai, hasil

Related to work in
general

T23

buka, aplikasi, buat,
meeting, minta

the online meeting
mechanism
instructions

T19
T20
T21

T11

wilayah, satu,
tingkat, baik, sebut

Activities that use
the regional level

T24

T12

analisis, properti,
kondisi, commerce,
bulan

Related activities
related to sales

T25

T13

sp, tugas, pk,
koseka, laksana

Implementation of
Koseka’s duties in
the population
census

Topic Discussion
The problem of
checking SLS
documents

Related to app issues

Content of marriage in
indonesia, surat,
the Population
orang, nikah, nomor
Census Question
Questionnaire
Instructions about
tugas, sebut, login,
officer application
mitra, password
login

3.4. Evaluation of LSA and LDA Methods
Implementing KMS BPS document topic modelling using the LSA method produces the best model
with six topics and a coherence score of 0.4412. While the implementation of topic modelling using
the LDA model gets the best model with Mallet model as many as 25 topics with a coherence score of
0.4803 and a better spread of topic groups. Table 6 is the summary of the topic modelling results of
this study.
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Table 6. Summary of topic modelling evaluation.
Variable
Number of Topics

LSA
6

LDA-Gensim
16

LDA-Mallet
25

Coherence Score

0.4412

0.4825

0.4803

Visualization

Not Available to
Visualize

Tend to Cluster in One
Quadrant and Overlap

More Widespread
Topic

The evaluation based on the coherence scores of the three implementations of the topic modelling
method, topic modelling using the LDA method, both LDA with Gensim and LDA with Mallet, have
better scores than the LSA method. The coherence score from the LDA topic modelling generated
using the Mallet package has a smaller value of 0.0022 points. It is not much different from the
coherence score from the LDA topic modelling developed using the Gensim package. However, the
LDA topic modelling with Mallet resulted in a better-distributed topic group characterized by a wider
distribution of topics in the visualization results with pyLDAvis. The results are in line with the results
of research by Zhou, Awasthi, and Cardinal which found that modeling the LDA topic with Mallet
gave better grouping results with the LDA Gensim method in article documents related to "Multi-tier
supply chain in Industry 4.0". Therefore, topic modelling for 25 topic groups using Mallet is the best
model for grouping document topics in the BPS Knowledge Management System.
3.5. RESTful Web Service Development Modelling Topics
Having found the LDA method with Mallet as the best, we recommend it for the BPS Knowledge
Management System. The model is implemented in the form of a RESTful Web Service function
through the Flask microframework. The services developed in this research include text data
preprocessing functions and topic group recommendation functions.
The service to provide text data preprocessing functions can receive input from client data in title
text and content text from knowledge management documents. The service function for preprocessing
this data can be accessed by calling the preprocess method via the GET method on the URL and
entering the required document title and content input parameters. The output generated from this
service function is a text data corpus that is ready to be used for further processing in text data
processing and the status of the success of the request for the function in JSON file format. An
example of a request for a preprocessing function, input parameters entered through the URL, and the
output generated from this preprocessing service can be seen in Figure 6.

Figure 6. Example of request and output of service text data preprocessing.
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Service functions to provide recommendations for topic groups that can be categorized as
document groups also require input parameters in titles and knowledge management content. This
function can be executed by requesting the method with the name suggests via the GET method on the
URL. This function service provides output in JSON format to show the function status that is
successfully executed. In addition, it includes a list of recommended topics based on the three highest
probability topic groups, with topic one recommendation being the dominant topic included in the
knowledge management document as input. The recommendation output of this topic can be the basis
for managing and grouping documents recorded in the BPS Knowledge Management System.
Examples related to requests and the output display generated by the topic group recommendation
function can be seen in Figure 7.

Figure 7. Example of request and output service topic of topic group recommendation.
The implementation of web service functions related to preprocessing text data and topic
recommendations built into this research has been accessible online. In addition, to provide
convenience for users in accessing web services, this research has provided documentation related to
preprocessing functions and topic recommendation functions created using swagger UI. The
documentation provides information related to the description of web service functions, the parameters
needed, up to the type of data used, as shown in Figure 8.
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Figure 8. Web service documentation with Swagger

4. Conclusion

The BPS Knowledge Management System documents can be grouped using topic modelling methods.
Based on the evaluation of modelling methods, the LDA model using Mallet is the best model with a
coherence score of 0.4803 for 25 better topic groups distribution. This model is recommended to be
used in the KMS BPS document.
The model is implemented in the form of functions in RESTful Web Service using Flask
microframework in python. Service for the preprocessing stage of text data produces a corpus of data
ready for the following text data processing. The service for the topic recommendation function will
provide recommendations of topic groups loaded by knowledge management documents as the basis
for grouping KMS BPS documents. Documentation related to the web service development has also
been loaded using Swagger to ease user implementation. Through models and web services that have
been built, Knowledge Management documents can be grouped in a fuzzy. The results of topic
modelling using web services have been able to recommend a document into three dominant topic
groups. The recommendation output of this topic can be the basis for managing and grouping
documents recorded in the BPS Knowledge Management System to facilitate the search for related
documents.
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Abstract. The internet and technology development arise in various aspects of life in
Indonesia, including in the health sector with e-health. Telemedicine utilization as a form of ehealth was still rare among Indonesians because its existence is not as much as e-commerce
that is more related to the economic sector. The COVID-19 pandemic has limited people's
movement to get health care, but it made people use telemedicine in Indonesia. This research
aims to analyze telemedicine utilization in Indonesia and see the health phenomena captured in
the data. This research uses descriptive analysis and text mining to determine the utilization of
telemedicine with the Named Entity Recognition (NER) and Latent Dirichlet Allocation (LDA)
methods. In addition, a literature review is also used to identify the potential use of
telemedicine data in collecting health statistics in Indonesia. The results show that telemedicine
has been widely used in Indonesia. The clinical teleconsultation data and article titles on
telemedicine produce various health topics. Therefore, telemedicine data can potentially be
used as a source for collecting health statistics.

1. Introduction
Society needs technology to ease daily works, and the demand for internet facilities is increasingly
high today. The Indonesian Association of internet service providers (APJII) conducted the Internet
Penetration and Usage Behavior Survey in 2019. The results show that internet users increased by 23.5
million or 8.9% compared to 2018. This growth indicates the need for internet access in various
aspects of life to support technological developments.
From an economic perspective, digital technology and internet development bring changes in
business models. It drives an economic revolution towards a digital economy in various business lines
such as online trading (e-commerce), technology-based startups (startups), and digital financial
services or financial technology (fintech) [1]. Business actors could utilize the current number of
internet users, especially to boost the economy through the e-commerce industry [2]. The impact of
internet and technology development on the economic side might also happen on the social side, such
as in the health sector.
According to the World Health Organization (WHO), e-health is the cost-effective and secure use
of information and communications technologies to support health and health-related fields, including
healthcare services, health surveillance, health literature, and health education, knowledge, and
research [3]. E-health became one of the recommended information systems to be developed by the
United Nations (UN) in line with the United Nations's request for member countries to implement
Information and Communication Technology (ICT) in integrated development infrastructure [3]. In
2005, WHO issued WHA Resolution 28.28 (World Health Assembly Resolution on e-health, May
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2005), which also discussed using ICT to support health problems. Along with the development of
ICT in the health sector in Indonesia, various forms of e-health have emerged, both built by health
agencies (under government) such as independent sites owned by public hospitals or public health
clinics and private ones.
Based on the Indonesian Regulation of the Minister of Health Number 46 of 2017 (Permenkes RI
Nomor 46 Tahun 2017) about the National E-Health Strategy, one of the e-health implementation
initiatives focused on individual health service support is telemedicine [4]. On the other hand,
according to the Indonesian Regulation of the Minister of Health Number 20 of 2019 (Permenkes RI
Nomor 20 Tahun 2019), concerning the Implementation of Telemedicine Services between Health
Service Facilities, Telemedicine is the provision of remote health services by health professionals
using information and communication technology. It can take the form of clinical teleconsultation [5].
Clinical teleconsultation is defined as a remote clinical consultation service to help establish a
diagnosis or provide management considerations/advice [5]. Some examples of privately owned
telemedicine are Alodokter, Dokter.id, Halodocs, Honestdocs, and yesdok.

Figure 1. Visual depiction
of the relationship between
e-health, telemedicine, and
clinical teleconsultation
Figure 1 shows a visual depiction of the relationship between e-health, telemedicine, and clinical
teleconsultation. Clinical teleconsultation is part of telemedicine and telemedicine is part of e-health.
As discussed earlier, telemedicine has several features and one of them is clinical teleconsultation.
However, the features in telemedicine discussed in this study are clinical teleconsultation features,
doctors, hospitals, health articles, drugs, and diseases.
The government has recognized the importance of e-health in Indonesia. As stated by Daryo
Soemitro, the government's strategic work plan related to the implementation of e-health has been
developed since 2015. One of the e-health that is currently emerging is telemedicine [6]. Therefore,
many governments and private health agencies build e-health to support their services. Indonesia has
great potential to implement e-health because electronic media can reach vast areas in Indonesia,
although some areas still uncover by electricity and the internet [7]. However, the issue of e-health in
Indonesia has not been widely discussed [8]. The opportunity for the development of telemedicine in
Indonesia is tremendous [9]. Telemedicine programs are essential for people in disadvantaged and
border areas [10].
According to the Indonesian Ministry of Health (MoH), Coronavirus Disease 2019 (COVID-19) is
a disease caused by the Sars-CoV-2 virus. The rapid and widespread spread of COVID-19 led the
WHO to declare COVID-19 a pandemic. The existence of this pandemic has led to various new
regulations that limit social life, one of which is Government Regulation Number 21 of 2020 (PP No.
21 Tahun 2020), about the Large-Scale Social Restrictions (PP PSBB) to accelerate COVID-19
reduction. The regulation states the restrictions on the movement of people and goods to prevent the
spread of the COVID-19 virus. All activities are recommended at home, including worship, study, and
work [11]. However, health care is an essential need in daily life. If there are health problems, the
community needs health facilities and services to provide better treatment. The community has to

132

F N Fuadina et al

strive to fulfill these needs amidst the enactment of movement restrictions. The utilization of e-health
and telemedicine is a possible solution to these problems.
Health statistics are essential to help the government or health agencies set policies. The collection
of health statistics is carried out by collecting basic statistics by BPS Statistics Indonesia (BPS) and
sectoral statistics obtained by MoH. Health data collection carried out by BPS is Indonesian National
Socio-Economic Survey (SUSENAS) and the Indonesian Demographic and Health Survey (SDKI). At
the same time, the MoH organizes Basic Health Research (RISKESDAS), National Health Indicator
Survey (SIRKESNAS), Health Facility Research (RIFASKES), and Manpower Research in the Health
Sector (RISNAKES). The data collected by BPS aims to determine health conditions in Indonesia. The
majority of the data collected by MoH are regarding facilities, services, and health personnel. Both
data collection by BPS and MoH have a long implementation period. The collection of health
statistical data is considered less up-to-date and incomplete because of the limited health phenomena
covered in those surveys.
Big Data includes data and information that provides volume, velocity, variety, veracity, and
values. Humans generate Big Data produced in cyberspace through technological mechanisms;
computers, artificial intelligence, and mobile internet [12]. The existence of e-health in the form of an
electronic system also produces Big Data that stores data and information. A process of discovering
new knowledge through data mining is called the Knowledge Discovery Process (KDP). It can be
interpreted as an analysis stage to identify new, helpful, and understandable patterns from large and
complex data sets. Big Data is large and complex data so that KDP can be applied in analyzing it.
The Latent Dirichlet Allocation (LDA) produces a more coherent and consistent topic among other
topic modeling methods of LDA, Latent Semantic Analysis (LSA), and Non-Negative Matrix
Factorization (NMF) [13]. The LDA method can model health topics from social media data, news,
and health articles. For example, research on health topics with Twitter data [13] [14], research on
women's health with health news [15], research using data on patient and disease characteristics [16],
and research using the information on health paper titles in journals [17]. However, no previous
research uses the clinical teleconsultation data on telemedicine. In addition, no studies have identified
the potential of such data to complement the current health statistics by BPS and MoH.
Based on the introduction above, this research has the following objectives:
• To describe the use of telemedicine in Indonesia.
• To model health topics from clinical teleconsultation data and article titles.
• To identify the potential use of telemedicine data to complement health statistics in Indonesia.
2. Methods
2.1. Scope of Research
The research was carried out from October 2020 to June 2021. The study uses three telemedicine
websites, namely Alodokter, Dokter.id, and Honestdocs. The selection of these three telemedicine is
based on the feature similarities and the ease of collecting data. We use data from telemedicine from
May 2019 to October 2020. This research uses metadata for collecting health data from BPS and MoH
to identify the potential use of telemedicine data.
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2.2. Data collection methods

Figure 2. Flowchart of telemedicine data collection
Telemedicine data is collected through Web Scraping using the Python 3.9 programming language
with request and selenium modules. Meanwhile, metadata is collected by downloading related
documents from the BPS and MoH websites. Figure 2 shows the flow chart of the telemedicine data
collection process. The first thing to do in the process is to collect a Uniform Resource Locator (URL).
The URL will take the user to the telemedicine page that displays some of the information needed for
research. The data to be collected is contained in several different web pages. It is necessary to collect
all URLs to program the data collection process efficiently and effectively. After the URL is compiled,
then the data can be collected. Before entering the analysis process, the scraped data will be decoded
to change the code format into the Indonesian language writing format. Then data selection and data
validation are carried out to eliminate data that does not match the required data criteria. The final
result of this data collection is "Clean data", and it is ready to enter the data analysis stage.
2.3. Data analysis methods
Telemedicine data will be analyzed to fulfill the first and second objectives of this research.
Meanwhile, the metadata for collecting health statistics is analyzed using the literature review method
to complete the third research objective. All data will be analyzed, followed by the process of
interpretation and visualization of data. In the final approach, conclusions are drawn from the research
results.
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Figure 3. Flowchart of telemedicine data collection
The flow of data analysis carried out on telemedicine data is shown in Figure 3. "Clean data"
generated from the data collection process (Figure 2) requires preprocessing to form data that is ready
to be analyzed. A "normal dictionary" is first created from the unique word tokens of the data used in
preprocessing. The normal dictionary includes words that have gone through the normalization and
stemming stages to become basic words. The normal dictionary is then applied to the data, followed
by a new stop word process that becomes "Data Ready to Process." This data can then be carried out
through descriptive analysis and text analysis (text mining). Text Mining is extracting data to solve the
problem of information needs by applying data mining techniques, machine learning, natural language
processing, information retrieval, and knowledge management [18].
This research will apply two text mining methods: Latent Dirichlet Allocation (LDA) and Named
Entity Recognition (NER). The LDA is a three-level hierarchical Bayesian model in which each
collection item is modeled as a finite mix of a set of topic sets. Each topic is modeled as an infinite
mixture through an underlying set of topic probabilities. In the context of text modeling, topic
probabilities provide an explicit representation of a document [19]. This study uses this method to
model health topics from clinical teleconsultation data and health article titles. The NER is a set of
statistical, algorithm, and dictionary-based techniques used to search for unstructured text and classify
words into predefined categories [20]. This method is intended to identify terms for medicine,
diseases, and COVID-19. The NER method used in this research is a dictionary-based NER method by
utilizing the FuzzyWuzzy algorithm.
As a form of data validation, researchers compared telemedicine data with official statistics. Doctor
data from telemedicine is matched with doctor data from the Indonesian Doctors Association (IDI).
Meanwhile, hospital data were matched with data from accredited hospitals belonging to MoH. The
data matching process is in the form of measuring the similarity of terms by utilizing the FuzzyWuzzy
algorithm.
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3. Result
3.1. Analysis of telemedicine utilization based on features
The analysis compares data from three telemedicine and studies each feature using the combined data
from the telemedicine pages. The features analyzed are the "Tanya Dokter" feature (clinical
teleconsultation), hospital directory, doctor directory, articles, medicine, and diseases.
3.1.1. Tanya dokter (clinical teleconsultation). The "tanya dokter" feature, the embodiment of clinical
teleconsultation, is a feature in the form of questions and answers between the user and other
doctors/medical personnel in telemedicine. Table 1 shows the comparison and combined data of the
three telemedicine that can deliver the condition of the features and actual evidence of using these
features.
Table 1. Results of analysis of clinical teleconsultation features

Number of questions
Average answer time
The impact of COVID-19
Trend

Telemedicine
Alodokter
Dokter.id
Honestdoc
163,115
1,188
22,954
14.19 hours 11.13 hours 1.07 hours
not exist
exist
not exist
up
down
down

Combined data
187,257
3.90 hours
not exist
down

The total questions from May 2019 - October 2020 are 187,257 from the three telemedicine pages.
Most of the questions came from Alodokter. On average, Honestdocs has the fastest response speed.
With the three telemedicine combined, the trend of users of this feature is down, and only Alodokter is
showing an uptrend (over time, there are more and more users). Only Doctor.id demonstrates the
influence of COVID-19, with a significant increase in the number of users during the entry of COVID19 in Indonesia, in March 2020. However, identifying the COVID-19 discussion with the NER
method shows a 2 % discussion in this feature. The highest discussion in March 2020 coincides with
the entry of COVID-19 into Indonesia. During this period, discussing COVID-19 in this feature shows
an upward trend (increasing usage). The existence of this trend proves that telemedicine is quite up-todate to describe a health phenomenon that is widely discussed by the public.
3.1.2. Hospital. The Hospital is a feature that contains complete hospital directory/list information
along with general information (address, contact). Table 2 shows the comparative and combined data
of these features. There are 2,122 registered hospitals from the three pages, most of which are hospital
data from Alodokter. Alodokter has the highest completeness of attributes and the coverage of
provinces with hospitals registered in telemedicine in terms of completeness of attributes. From
combined data of three telemedicine, the regional coverage is 97.06% or 33 of 34 provinces. The five
provinces with the most hospitals are DKI Jakarta, West Java, East Java, Central Java, Banten.
Table 2. The hospital features analysis results

Number of hospitals
Attribute completeness
Coverage of provinces

Alodokter
1,183
90.11%
97.06%

Telemedicine
Dokter.id
Honestdoc
692
247
7.08%
89.88%
91.18%
61.76%

Combined data
2,122
97.06%

3.1.3. Doctor. Like hospitals, the Doctors feature displays a directory/list of doctors accompanied by
their personal information (specialist, address, contact, place & practice schedule). This feature is only
owned by Alodokter and Dokter.id. The results of this feature analysis are shown in table 3. In total,
there are 12,859 registered doctors. Alodokter has more doctors and greater completeness of attributes
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than Dokter.id. For regional coverage, the presence of doctors has the same value, namely 91.18%, but
when the data is combined, the coverage of provinces reaches 97.06%. The five provinces with the
most doctors are DKI Jakarta, West Java, Banten, East Java, and Central Java. For both hospital data
and doctor data, the five provinces with the most hospitals/doctors are on the island of Java. The fact
shows that 56.10% of Indonesia's population live on Java Island [21]. When viewed from the
specialty, the five most specialties of doctors are obstetricians, dentists, pediatricians, general
practitioners, and internal medicine doctors.
Table 3. Doctor features analysis results

Number of doctors
Attribute completeness
Coverage of provinces

Telemedicine
Alodokter Dokter.id
12,712
147
45.08%
6.12%
91.18%
91.18%

Combined data
12,859
97.06%

3.1.4. Article. The article feature is a page that displays articles related to health. From three
telemedicine, a total of 9,096 articles are released during the research data period, with the most
significant contributor from the Honestdocs page. Table 4 displays the results of the article feature
analysis. Judging from the completeness of the attributes, only Alodokter has incomplete attributes.
With regards to COVID-19, only Honestdocs does not show any influence in the published articles.
However, when we look at the number of discussions about COVID-19, only 2.21% discuss COVID19, with the most discussion in April 2020 or a month after COVID-19 entered Indonesia. For the
trend of the number of articles, only Dokter.id shows an uptrend (increasing over time).
Table 4. Articles features analysis results

Number of articles
Attribute completeness
The impact of COVID-19
Trend

Telemedicine
Alodokter Dokter.id Honestdoc
2,351
1,120
5,625
95.36%
100%
100%
Exist
Exist
Not Exist
Down
Up
Down

Combined
data
9,096
Not Exist
Down

3.1.5. Medicine and Disease. The Medicine and Diseases feature presents a list and explanation
related to medicine/diseases. In this study, we do not analyze the medicine and disease data but rather
identify a general discussion of health when a person consults a doctor. People generally ask about the
disease they are suffering from, the medicine that must be consumed, or the explanation about
medicine. The NER method based on a medicine and disease dictionary will show how medicine and
disease are discussed in clinical teleconsultation data from telemedicine.
The NER results show that the number of medicine terms mentioned is 129,043 times and 2,230
words with unique words. Meanwhile, the disease terms are mentioned 224,934 times and 6,634 words
with the unique disease terms. The discussed terms between medicine and disease have a ratio of 1:
1.74. A similar thing at each discussion time is that the disease is more talked about than medicine.
Regarding COVID-19, the term "covid" became the top 25 most talked-about diseases during the
study data period. At the time of the emergence of COVID-19 in Indonesia (March 2020), "covid" was
included in the top 10 most discussed diseases during March - April 2020. For the term medicine
related to COVID-19, the public's widely discussed medicine, namely vitamin, supplements, and
vaccines., Those are included in the top 25 discussions. During March-April 2020, the three medicine
were also included in the top 10 discussions.
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3.2. Health topic modeling
The second result is the text analysis by grouping existing text data based on topics hidden from the
data. The analysis is carried out using the Latent Dirichlet Allocation (LDA) method. The data are
from the "ask a doctor" feature (clinical teleconsultation) and article title data. Before being used for
analysis, the two data pass the preprocessing stage to become "ready to process data." This discussion
will explain the health topics hidden behind the existing data and the trend of the number of talks on
each subject for each time.
3.2.1. Modeling of clinical teleconsultation data topics. In building a topic model, we first do
parameter tuning to determine the best topics to get the best model. The tuned parameter is the number
of topics, while the value used as a marker of whether the model is good or bad is the coherence score.
In the parameter tuning process, the model that produces the highest coherence score is the best model.
Figure 4 shows a line chart of the results of tuning 1 to 20 topics and the coherence score for each
topic. The highest coherence score is 0.5425, with 12 topics. This value is slightly different from the
15 topics model, which has a coherence score of 0.5408. Several possible discussions can be taken on
each topic by utilizing the ten words with the highest probability of constructing the twelve topics, as
shown in table 5.

Figure 4. Clinical
teleconsultation data
LDA parameter tuning
results
Table 5. Modeling results of clinical teleconsultation data topic
Discussion
Topics 1

Digestion in infants includes appetite, drinking, defecation, milk.

Topics 2

Pregnant program; Big/small size of the breast or the penis and its dangers;
The presence of a lump in the breast/penis is large/small, and its dangers.
It covers some common symptoms of colds that attack the body, may occur at
night/wake up, or last continuously.
The feeling of shortness of breath occurs in older people, or that is felt when
the result is being afraid or causes a person to be scared.
Complaints of pain/pain in the right/left side of the head/bones/stomach is
occasional.
Itching/spots on the skin that are red/white, there may also be red/white fluid.

Topics 3
Topics 4
Topics 5
Topics 6
Topics 7
Topics 8
Topics 9

Complaints of pain on the right/top/bottom of cavities; Discuss body weight
(kg).
Side effects of drinking/consuming something, causing stomach acid
problems; Discussing the palms that may indicate stomach acid problems.
Eyes/eyelids/ears/legs/swollen feet; Chicken pox.; Eye/eyelid/ear/foot/foot
surgery.

138

F N Fuadina et al

Discussion
Topics 10

Topics 11
Topics 12

Menstrual problems due to being late or about bleeding; Intimate relations out
of blood; Discussing pregnancy in general, or indications of pregnancy due to
late menstruation or because of intimate relationships; Bleeding during sex.
KB and its products (pills, injections); Acne on the face.
Scar/surgery; Nausea/vomiting due to surgery or other things; sores on the
fingers/toes; Surgery/injury to the heart.

Topic number 10 is the most discussed topic, namely menstruation, bloody intercourse, and
pregnancy. The discussion of topic ten is generally related to reproduction which is a bit sensitive and
taboo when discussed directly (face to face) when consulting a doctor. This result indicates that when
people want to consult about taboo topics, they prefer to use telemedicine rather than consult directly.
On the other hand, the least discussed topics are topic number 12 regarding scars/surgeries and
nauseous vomit; There are sores on the fingers/toes, operation, and wounds.

Figure 5. The topic modeling from clinical teleconsulting data
The health trends by topic for each month can be seen as a line chart in Figure 5. It can be seen that
apart from topics 3, 4, and 10, the emergence of topics tends to be stable (not showing an extreme
change in movement that is different from other topics). Topic 10 appears the most at the beginning of
the period and looks very different from the other topics, but over time it decreases and becomes stable
like any other topic. Topics 3 and 4 have evident changes at the same time, namely in March 2020.
Topic 3 discusses shortness of breath, while topic 4 discusses complaints of pain. These two topics are
slightly related to the symptoms of COVID-19, which have appeared in Indonesia since March 2020.
Based on a circular issued by MoH and Healthy Living Community Movement (GERMAS), the
clinical symptoms of COVID-19 are fever, cough, runny nose, shortness of breath, sore throat, fatigue,
and lethargy [22]. The significant changes in topics 3 and 4 indicate that telemedicine shows
Indonesia's actual health trends.
3.2.2. Modeling of article title data topics. The next data to be analyzed is the article title data. Before
modeling the topic, it is necessary to tune the parameters first. Like the previous data, the tuned
parameter is the number of topics, while the marker of whether the model is good or bad is the
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coherence score. The highest coherence score is the best model. Figure 6 shows a line chart of tuning
of 1 to 20 topics and the coherence score for each topic. The highest score is 0.4485, which is obtained
from the 14 topics model. This value is slightly different from the 19 topics model, which has a
coherence score of 0.4482. Several possible discussions can be taken on each topic by utilizing the ten
words with the highest probability that build on the fourteen topics, as shown in table 6.

Figure 6. Article title data LDA parameter tuning results
Table 6. Modeling results of articles title data topic
Discussion
Topics 1

Method/characteristic/cause/medicine for anemia or venereal disease.

Topics 2

Prevent/impact of smoking; How to quit smoking; How to maintain child
resistance.
Side effects of fractures/smoking/e-cigarettes on the body or women in
particular
Benefits/tips/interesting facts of sport (general) or specifically for
children; Benefits/tips/interesting facts of contraception/(for) sex
Causes or ways to get pregnant / urinate/overcome itching in the vagina or
the teeth.
Causes/how to deal with bleeding during sexual intercourse; How to keep
children healthy.
Causes of headache/dry skin; Natural ingredients good for
lungs/vagina/dry skin.
Facts/myths/harmful effects of fungal infections/bowel cancer in general
or in particular for the elderly.
Identify the causes/symptoms/treatment of menstrual pain or bone pain in
general or specifically for children; Vaping treatment.
Sexually transmitted diseases; strokes; Diseases and Child Health.
Bacterial/vaginal/burn infections; Effective way to deal with
odors/infections/burns.
Bacterial/vaginal/burn infections; Effective way to deal with
odors/infections/burns.
Intimate relationships and how to avoid them; KB, taking birth control
pills, how to avoid them; Food; Down body.
Signs of heart disease/coronavirus in general or at a young age; Vitamin.

Topics 3
Topics 4
Topics 5
Topics 6
Topics 7
Topics 8
Topics 9
Topics 10

Topics 11
Topics 12
Topics 13
Topics 14

Dangers/tips/healthy ways to drink or use drugs in general or specifically
for children.
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Topic 14 is the most frequently appeared during the research data period, namely about the
dangers/tips/healthy ways to drink or use the medicine. The topic that came up the least is topic 12 on
Intimacy, Family Planning, and Food.

Figure 7. The topic modelling from the articles title data
The topic trend for each month can be seen in Figure 7. It shows that the lines are lined up,
showing that, every time, all topics tend to appear in almost the same number. However, one line has a
different movement in the middle of the period, namely topic line 13 about signs of heart
disease/coronavirus in general and discussing vitamins. A sudden increase appeared in March - April
2020. This topic is related to the health phenomenon in Indonesia at that time, namely the beginning of
the emergence of COVID-19.
The researchers explore the data topic modelling results to explain why there is a high value for
some article topics at the beginning of the research data period. The number of articles released on the
Honestdocs page in those months is very high, reaching more than 500 articles per month. It is
different from other months, which are only in the range of under 150 articles. Some topics are highly
discussed at the beginning of the data period, coinciding with the high number of articles released in
those months. We do not explore other extreme lines in the diagram because the focus of the research
is to explain COVID-19 as a form of health phenomenon that can be validated for its occurrence.
3.3. Potential Use of Telemedicine Data in Health Data Collection in Indonesia
3.3.1. Potential use of telemedicine data to complement official statistics. Official Statistics are
produced based on high-quality standards nationally and internationally and made/provided by official
statistical agencies or other government agencies or international organizations. In Indonesia, one of
the laws that discuss official statistics is law No. 17 of 1997 (UU No.17 Tahun 1997) concerning
Statistics. According to that law, there are three types of statistics: basic, sectoral, and special statistics
[23]. Health statistics in Indonesia are provided from basic statistical data by BPS and sectoral
statistics by MoH. There are several surveys to obtain health statistics. In this study, the researchers
only discussed several surveys on health data collection related to data obtained from telemedicine.
From BPS surveys, two surveys are closely related to health data, namely The Indonesian
Demographic and Health Survey (SDKI) and The National Socio-Economic Survey (SUSENAS). The
SDKI is a survey whose main objective is to provide updated basic demographic and health indicators
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[24]. The IDHS is held for over five years (last 2017). Regarding topic modeling results, several topics
are related to the discussion in the SDKI, namely family planning, reproduction, contraception, and
child health. The SUSENAS survey aims to prove data availability on household welfare, including
education, health, and purchasing power [25]. The SUSENAS is held every year, in March and
September. Regarding the results of topic modeling, the discussion in the SUSENAS also includes
pregnancy, family planning, immunization, health care, and healthy food.
MoH conducts four surveys related to research data, namely Basic Health Research (RISKESDAS)
and National Health Indicator Survey (SIRKESNAS) relate to the community's health conditions. At
the same time, Health Facility Research (RIFASKES) and Manpower Research in the Health Sector
(RISNAKES) relate to health facilities and resources. The RISKESDAS is a survey to provide
information on the health status that has been achieved during the last five years and information on
the magnitude of the problem of risk factors related to the measured health status, as a consideration in
formulating health development policies in Indonesia [26]. The SIRKESNAS is a survey that aims to
determine the achievements of the 2015-2019 Ministry of Health Strategic Plan indicators that are not
included in the central report, recording, and routine reporting. In addition, it is also to find out the
achievements of the National Mid-Term Development Plan (Rencana Pembangunan Jangka Menengah
Nasional, RPJMN) indicators in the health sector for 2015-2019, and both are at a national scope [27].
The RIFASKES is facility-based national health research that aims to obtain recommendations for
improving the implementation of the National Health Insurance [28]. The RISNAKES is a research
conducted by the MoH which seeks to get an overview of personnel in the health sector in health care
facilities [29].
The surveys by MoH are more detailed and specific about health. In contrast to the BPS surveys
that usually combine health issues with demography or the economy. The RISKESDAS and
SIRKESNAS have identical aims with BPS surveys. However, RIFASKES and RISNAKES collect
more detailed data on health service resources in Indonesia.
The surveys conducted by BPS and MoH are equally utilized by the government or special
agencies who wish to make policies. It supports managing population and health programs, including
planning, monitoring, and evaluating government policies. The potential application of telemedicine in
supporting the existing surveys are:
• Describing current and past health conditions.
• Planning the development of health services
• Identifying the pattern of health over some time.
• Determining policies on the management of health care programs, such as the availability of
services and medicine or other health support tools/products.
• Updating the latest health trends in a shorter period
• Knowing health phenomena broadly, inside and outside the scope of existing
surveys/research.
• Identifying rare events or new events that have not been included in existing
surveys/research.
• Becoming a trusted publication and directory.
The potential uses apply to telemedicine owned by health companies and government health
institutions/agencies. Our results suggest that the main feature that has great potential to complement
the current health statistics is clinical teleconsultation. Therefore, the improvement of these features is
needed to support the realization of telemedicine data.
Apart from the clinical teleconsultation feature, health service resource data can also be utilized.
For state-owned facilities, there is no need to doubt the completeness of the data. However, there is a
possibility that the data has not been recorded by the government for private-owned facilities because
it is new or not registered or is illegal. If the facility is registered in telemedicine, the authorities can
follow up on this incident to not cause problems in the future.
3.3.2. Telemedicine data validation. To validate the telemedicine data, we compare the telemedicine
data with official health statistics. In this study, the proof is carried out by matching doctor data from
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telemedicine with doctor data at the Indonesian Doctors Association (IDI). While for hospitals, the
matching process is between the hospital data from telemedicine with data belonging to MoH
First, matching is done for doctor data by utilizing the IDI "Member Directory" feature to search
for doctors on the official IDI web page (http://www.idionline.org/about/direktori-member/). From the
Alodokter and Dokter.id pages, 12,859 doctor data are collected. From this data, only 96.85% or as
many as 12,454 doctors have a valid address and match IDI membership data. The results show that
53.43% or as many as 6,654 telemedicine doctors are registered (validated) in IDI membership. This
result is quite a lot considering more than half of the total doctors registered with telemedicine.
Alodokter has more registered (validated) doctors than Dokter.id when broken down for each page.
The second validation process is validating hospital data on telemedicine with accredited hospital
data belonging to MoH (http://sirs.kemkes.go.id/fo/home/accreditation). However, the data from MoH
only contains hospital data. It is different from telemedicine data, where it also includes several types
of health facilities registered as hospitals, for example, clinics, maternity hospitals, and other facilities.
Of the 2,122 hospitals data, only 66.21% or 1,405 data are hospitals. The data is then selected based
on the validity of the hospital address. The results show that the number of hospitals with valid
addresses is 1,390 hospitals, or 98.93%. However, after comparing to MoH data, only 38.49% or as
many as 535 hospitals from telemedicine data are registered (validated). The order of telemedicine
with more validated hospitals are Dokter.id, Alodokter, then Honestdocs.
4. Conclusions
Based on the research, the researcher draws several conclusions as follows:
• Based on the analysis conducted on its features, the public has used telemedicine a lot.
Telemedicine data have already captured the COVID-19 phenomenon through their features.
For example, clinical teleconsultation, articles, and medicine and diseases.
• From this research, health topics can be modeled into 12 topics for clinical teleconsultation
data and 14 topics for article data, displaying trends from these health topics.
• Telemedicine data has the potential to be used to support official health statistics in
Indonesia.
Further studies may enlarge the scope of research, such as using other telemedicine, or it can also
be additional features. In addition, it may use different analysis tools such as article content analysis,
sentiment analysis of question data, or the use of artificial intelligence for disease detection.
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Abstract. The COVID-19 pandemic has impacted the tourism sector, particularly the Tourist
Attraction Object (TAO) in Indonesia. This research aims: to analyse the implementation of
health protocols and facility conditions at TAO, to analyse the change in visitor sentiment and
rating towards TAO before and during the COVID-19 pandemic, to analyse the close
relationship between ratings and reviews of visitor sentiment on TAO, to analyse the
possibility of web scraping data to complement tourism data from BPS Statistics Indonesia.
Using Google Maps review, this research uses the Multinomial Naïve Bayes (MNB), Term
Frequency-Inverse Document Frequency (TF-IDF), pseudo-labelling, and word association
methods. The results show that the health protocol has been implemented in TAO of East Java
province, the available facilities are good, and there is no change in reviews during the TAO
pandemic. The Stuart-Kendall Tau-c value shows a weak relationship in a positive direction
between rating and review sentiment. According to Haversine, Jaro Winkler, and Levenshtein,
the data calculation indicates that web scraping data can complement tourism data for BPSStatistics Indonesia.

1. Introduction
The tourism sector has a significant influence on the Indonesian economy. Foreign exchange
contributed by the tourism sector in 2018 rose to USD17.6 billion with a total of 15.8 million foreign
tourist arrivals [1]. Every year tourism activities in Indonesia have an increasing trend, which can be
seen from the growing number of tourists, local tourists, and foreign tourists. In 2018 the addition of
local and foreign tourists was 12 percent and 5.4 percent from 2017 [2]. However, at the end of 2019,
the COVID-19 pandemic was first detected in Wuhan, the People's Republic of China. Since then,
Indonesian tourism and many other sectors have suffered from the COVID-19 pandemic impact.
In Indonesia, the first case of COVID-19 was found on March 2, 2020. Since the first case,
Indonesia's number of COVID-19 cases has continued to increase [3]. The COVID-19 pandemic has
impacted the tourism sector, particularly in the number of foreign tourist arrivals. The growth of
foreign tourist visits and COVID-19 cases is shown in Figure 1. Positive cases of COVID-19 are
increasing, while the number of foreign tourists is decreasing [4].
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Figure 1. Number of Foreign Tourists and Positive Cases of
COVID-19 per Month in 2020 [3] [4]
The Indonesian government has to find effective strategies so that the Indonesian economy can go
along with COVID-19. The community must begin to adapt to the existence of this virus and continue
to carry out productive activities. For this reason, the Decree of the Minister of Health of the Republic
of Indonesia Number 382 about Public Health Protocols in Public Places and Facilities in the Context
of Prevention and Control of Corona Virus Disease 2019 (COVID-19) was made and is effective from
June 19, 2020 [5]. The regulation also manages health protocols implementation in TAO as a public
place. TAO is everything that has uniqueness, beauty, and value in the form of a diversity of natural,
cultural, and artificial wealth that is the target or purpose of tourist visits [6]. It is a commercial tourist
destination with an entrance ticket system [7].
This research uses TAO data in East Java Province because it has the highest TAO businesses in
Indonesia. In 2018 the number of TAO in East Java Province was 529 companies or enterprises [7].
On September 4, 2020, East Java Governor Regulation Number 53 of 2020 concerning the
Implementation of Health Protocols in the Prevention and Control of COVID-19 has been launched
[8]. On 16-17 September 2020, there were 7,003 health protocol violators [9]. The number of health
protocol violations alerts the local government to periodically monitor the health protocol
implementation to comply with the governor's regulation.
In addition, prospective TAO visitors must know the implementation of health protocols in TAO as
their potential tourist destinations. Not only health protocol information but also information about the
available facilities at the TAO. The condition of the available facilities can affect visitors' level of
interest in a tourist spot [10]. This information can be obtained from experience shared by the previous
visitors.
We collect Google Maps review using the web scraping method. Google Maps is a web-based
mapping service, and it provides a review feature for users. Recommendations based on user
experience usually are travel information choices and the most influential source of travel decisions
[11]. The business owner takes advantage of online reviews to see the strengths and weaknesses of the
service as material for customer relationship management [12].
Review on Google Maps is included in Big Data because it can store large data with insight that
can be analysed. A review of an TAO contains information on health protocols, available facilities,
and other information related to TAO. Exploring the visitor sentiment can be done by conducting
sentiment analysis using the Multinomial Naïve Bayes (MNB) method as a classifier, Term
Frequency-Inverse Document Frequency (TF-IDF) as a weighting factor, and pseudo-labelling
algorithms in labelling data.
BPS-Statistics Indonesia (BPS), as the national statistical agency in charge of collecting data on
Indonesia, also collects data related to TAO. Data collection is carried out every year in the Survey of
Companies/Businesses of Tourist Attraction Objects. The data collected includes data on basic
information, expenses, and operating income of TAO. One of the publications of this survey is the
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Directory of Companies/Businesses of Tourist Attraction Object. Just as BPS collects general
information related to TAO, Google Maps also includes some of this information. So, there is an
opportunity that the data on Google Maps can complement BPS data. This objective will be analysed
by matching the location and name of TAO from the results of data collection with BPS data.
2. Methods
2.1. Literature Review
A literature study is a technique that collects information from various sources and scientific
references relevant to the research topic. Scientific references that can be used as sources are in print
media and digital media. The information that has been collected is used as a theoretical basis and
guide in designing a data collection system and data analysis.
2.2. Data Collection
TAO review data is collected from Google Maps using the web scraping method of the Selenium
package in Python. Web scraping is carried out in two stages. The first is collecting TAO data
published on google maps until January 26, 2021. The second step is scrapping review data published
until February 1, 2021. TAO scraping is done by searching for keywords, namely natural tourism,
artificial tourism, and cultural tourism, along with mentioning the name of each district/city in East
Java Province, for example, "Wisata Alam di Kabupaten Nganjuk." These keywords are based on the
definition of TAO according to Law Number 10 of 2009. In East Java Province, there are 38
districts/cities, so that the keywords created are 114 keywords. Scraping reviews are done by reaccessing tourist attraction links that have been saved during the previous scraping for the TAO.
2.3. Pre-Processing of Review Text
Before making a review analysis, the pre-processing stage of visitor review text is carried out as
follows,
• Cleaning: removes numbers, punctuation marks, line spaces, spaces at the beginning and end
of sentences, non-ASCII characters, emojis and converts all text letters to lowercase,
• Tokenizing: the stage of word-solving in the review sentence, generally separated by spaces,
• Eliminating stop words and slang words: stop words are common words that often appear and
have no meaningful meaning. Slang words are slang words that are written not following
standard words,
• Stemming: change the word into a root word by removing the suffix on the word.
The pre-processing stage of review text is carried out using the Python package nltk and sastrawi.
2.4. Review Sentiment Classification
This stage is carried out to classify the review text into positive, neutral, and negative classes. Term
Frequency-Inverse Document Frequency (TF-IDF) is weighted before classifying the reviews using
the Multinomial Naïve Bayes (MNB) method. The following is the MNB classification formula with
TF-IDF [13],
𝑃(𝑐|𝑡𝑒𝑟𝑚 𝑑𝑜𝑘𝑢𝑚𝑒𝑛 𝑑) = 𝑃(𝑐)𝑥 𝑃(𝑡1 |𝑐)𝑥 𝑃(𝑡2 |𝑐) 𝑥 … 𝑥 𝑃(𝑡𝑛 |𝑐)

(1)

Where 𝑃(𝑐| 𝑡𝑒𝑟𝑚 𝑑𝑜𝑘𝑢𝑚𝑒𝑛 𝑑) is the probability that a document belongs to class c, 𝑃(𝑐) is the prior
probability of class c, 𝑡𝑛 is the word in the n-th document d, and 𝑃(𝑡𝑛 |𝑐) is the probability of the n-th
word given class c.
With the prior probability of class c (𝑃(𝑐)) and the probability of the n-th word given class c
(𝑃(𝑡𝑛 |𝑐)) as follows [13].
𝑃(𝑐) =
𝑃(𝑡𝑛 |𝑐) =

𝑁𝑐
𝑁

𝑊𝑐𝑡 +1
(∑ 𝑊 ′ €𝑉𝑊 ′ 𝑐𝑡 )+𝐵′

(2)
(3)
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Where 𝑃(𝑐) is the prior probability of class c, 𝑁𝑐 is number of class c in all documents, 𝑁 is total
number of documents, 𝑃(𝑡𝑛 |𝑐) is the probability of the n-th word given class c with word weighting
TF-IDF, 𝑊𝑐𝑡 is TF-IDF or W weighting value of term t in class c, ∑ 𝑊 ′ €𝑉𝑊 ′ 𝑐𝑡 is total number of W
of all terms that are in class c, and 𝐵′ is W number of unique words in all documents.
Implementation of the Multinomial Naïve Bayes classifier formula is used in the Python package
sklearn in the naïve_bayes library, module MultinomialNB. Word weighting TF-IDF also uses the
Python package sklearn, that is TfidfVectorizer with unigrams and bigrams range.
Labelling data uses the pseudo-labelling algorithm. We make two sentiment classification models
as explained in Figure 2. Model 1 trains data that has been labelled manually. While Model 2 trains the
combined data from labelled data and pseudo data. Data is divided into labelled data and unlabelled
data with a ratio of 1: 99. The text labelling reviews are performed manually on labelled data. As
appears in Figure 2, labelled data will be used to build Model 1. After Model 1 is evaluated, then
Model 1 will be used to predict the pseudo data. Pseudo data is a portion of unlabelled data, which is
20% of unlabelled data. These prediction results are referred to as pseudo-label data, and the value is
considered as true value. The next step is creating Model 2. It starts with combining labelled data and
data pseudo. Like Model 1, Model 2 is also evaluated and used to predict the rest of the unlabelled
data.

Figure 2. Sentiment Classification Program Flow [14]
2.5. Model Evaluation
Model evaluation is carried out to measure how accurately the model predicts the testing data on the
sentiment prediction model. The model evaluation method used is as follows,
• Accuracy Value: the number of correct predictions divided by the number of predicted
data,
• Cohen Kappa value: a coefficient that evaluates the agreement between two rates, namely
the predicted and actual values. Calculation of the value of Cohen Kappa with the formula
[15]
𝜅 = (𝑝0 − 𝑝𝑒 )/(1 − 𝑝𝑒 )

(4)
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Where 𝜅 is the Cohen Kappa value, 𝑝0 is the observed agreement ratio, and 𝑝𝑒 is the expected
agreement when the two rates assign labels at random. Table 1 is the classification of the
interpretation of the Cohen Kappa accuracy value [16],
Table 1. Cohen kappa value classification
Cohen Kappa Nilai Value
< 0.0
0.01 – 0.20
0.21 – 0.40
0.41 – 0.60
0.61 – 0.80
0.81 – 0.99

Strength of Agreement
Poor
Slight
Fair
Moderate
Substantial
Perfect

Model evaluation is carried out for model validation with 10-fold Cross-Validation. It is a model
evaluation method by dividing the data 10-fold to validate the model's accuracy. All stages in model
evaluation uses Python package sklearn.
2.6. Word Association
Word association shows the close relationship between two or more qualitative variables [17]. Word
association is used to find related that indicated the application of health protocols and facilities
available at TAO. So that it can be seen what topics often arise and are associated with the application
of health protocols and facilities available at TAO. The word association formula used is as follows
[18]

𝑟=

𝑁 ∑ 𝑋𝑖 𝑌𝑖 −(∑ 𝑋𝑖 ) (∑ 𝑌𝑖 )
√{𝑁𝑋𝑖2 −(∑ 𝑋𝑖 )2 }{𝑁 ∑ 𝑌𝑖2 −(∑ 𝑌𝑖 )2 }

(5)

Word association calculations are performed on Rstudio with the R function, namely findAssocs()
in the "tm" package. In this study, the minimum correlation value limit is 0.26. According to Table 2,
the correlation value of 0.26 indicates enough correlation between the two variables [19].
Table 2. Classification of the correlation value
Correlation Value
0
>0-0.25
>0.25-0.5
>0.5-0.75
>0.75-0.99
1

Interpretation
No correlation
Very weak correlation
enough correlation
Strong correlation
Powerful correlation
Perfect correlation

2.7. Stuart-Kendall Tau-c Correlation (𝜏𝑐 )
Stuart-Kendall Tau-c correlation is a method of calculating the correlation of two variables with
ordinal data types. This correlation is used when the number of categories in the first variable is not
equal to the number of categories in the second variable. The cross-table is not square (the number of
rows is not equal to the number of columns). The value of the tau-c correlation is at −1 ≤ 𝜏𝑐 ≤ 1. A
negative correlation value indicates a non-unidirectional correlation, while a positive correlation
indicates a unidirectional correlation [19]. The calculation of the tau-c correlation is suitable for data
that are not normally distributed [20]. Here's the formula for calculating the value of 𝜏𝑐 [21],
𝜏𝑐 = 2𝑚(𝑃 − 𝑄)/𝑛2 (𝑚 − 1)

(6)
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P is the number of concordances, Q is the number of discrepancies, n is the total number of
observations, and m equals min(R, C). R is the number of rows, while C is the number of columns.
The calculation of the Stuart-Kendall Tau-c correlation is performed on the Rstudio application with
the StuartTauC() function from the DecsTools library.
2.8. Data Matching
Data matching is done to see if the scraped TAO matches the BPS directory. The matching method
used is string similarity with Jaro Winkler and Levenshtein and the distance of the coordinates with
Haversine.
Before performing data matching, it is necessary to convert the data to obtain the coordinates of the
tourist attraction. The latitude and longitude of the scraping data are obtained from the tourist
attraction link on Google Maps, which contains the coordinates of the tourist attraction. While in BPS
data, the coordinate points are obtained from converting the tourist object's address variable into
coordinate points. Converting address text into coordinates is also known as geocoding. Geocoding is
done with the geopy package from Python. The ArcGIS library is used to find the coordinates of an
address in the world from this package so the TAO coordinates can be obtained and used to calculate
the location distance.
Data matching is done with the attributes of the district's name, the name of the TAO, and the
coordinates. Two places are said to be the same if they have the Jaro Winkler value of the district
name = 1 or the Levenshtein value of the district name = 100; the Jaro Winkler value of the TAO
name 0.85 or the Levenshtein value of the name 85; and the Haversine value 2 km [22]. The Jaro
distance calculation formula is [23],

𝑑𝑗 =

1
3

𝑚

𝑥 (|𝑠 | +
1

𝑚
|𝑠2 |

+

𝑚−𝑡
𝑚

(7)

)

with 𝑑𝑗 is the Jaro distance, m is the same number of characters, |𝑠1 | is the length of string 1, |𝑠2 | is
the length of string 2, and 𝑡 is the number of transpositions. So, the Jaro Winkler distance calculation
formula is as follows: [23],
(8)

𝑑𝑤 = 𝑑𝑗 + (𝑙. 𝑝(1 − 𝑑𝑗 ))

𝑑𝑤 is the Jaro Winkler distance, 𝑑𝑗 is the Jaro distance, 𝑙 is the length of the common prefix at the
beginning of the string with a maximum value of 4 characters. (The length of the same character
before finding the maximum inequality 4), and 𝑝 is a constant of the scaling factor. According to
Winkler, the default value of 𝑝 is 0.1. The Jaro Winkler distance is calculated with the jaro_winkler
function in the Python jellyfish package.
The following Levenshtein formula is used for string matching [24],
max(𝑖, 𝑗)

𝑖𝑓 min(𝑖, 𝑗) = 0
𝑙𝑒𝑣𝑎,𝑏 (𝑖 − 1, 𝑗) + 1
𝑙𝑒𝑣𝑎,𝑏 (𝑖, 𝑗 − 1) + 1
𝑚𝑖𝑛 {
𝑜𝑡ℎ𝑒𝑟𝑠.
𝑙𝑒𝑣𝑎,𝑏 (𝑖 − 1, 𝑗 − 1) + 1(𝑎𝑖≠𝑏𝑗)

𝑙𝑒𝑣𝑎,𝑏 (𝑖, 𝑗) =
{

(9)

With 𝑙𝑒𝑣𝑎,𝑏 (𝑖 − 1, 𝑗) + 1 is a delete operation, 𝑙𝑒𝑣𝑎,𝑏 (𝑖, 𝑗 − 1) + 1 is an insert operation,
𝑙𝑒𝑣𝑎,𝑏 (𝑖 − 1, 𝑗 − 1) is a delete operation, and 1(𝑎𝑖≠𝑏𝑗) value is 1 if element 𝑎𝑖 ≠ 𝑏𝑗 . And the
calculation uses the Fuzzy Wuzzy library in Python
Meanwhile, to calculate the distance between two locations by calculating the length of the
coordinates, the Haversine distance formula is used as follows [25]
∅2 −∅1
)+
2

𝑎 = 𝑠𝑖𝑛2 (

𝜆2 −𝜆1
)
2

cos(∅1 ) . cos(∅2 ) . 𝑠𝑖𝑛2 (

𝑑 = 2𝑟. arcsin (√𝑎)

(10)
(11)
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Where 𝑑 is the distance of Haversine, ∅1 and ∅2 is the latitude point, and 𝜆2 and 𝜆1 is the
longitude points. This method is calculated with Python's math package.
The results of matching data that have met the threshold above are evaluated by string evaluation in
Character Error Rate (CER). Calculation of CER with the formula [26]
𝐶𝐸𝑅 = (𝑆 + 𝐼 + 𝐷)/𝑁

(12)

S is the number of characters that are replaced/exchanged (Substitution), I is the number of
characters that are inserted (Insertion), D is the number of characters that are deleted (Deletion), and N
is the character in the string or reference word. The calculation is done with the fastwer Python
package. The CER accuracy value is obtained, which is 100-CER.
3. Results
TAO data that has been collected is 13,708 and after pre-processing stage, the total data is 2,694.
Meanwhile, data from the BPS TAO directory shows that East Java has 526 TAO businesses. The
review data collected are 645,875 reviews. The pre-processing and equalization of periods are carried
out so that the number becomes 238,274 review data. The equalization is a process of cutting data,
which is only retrieving data published from 2019-2021. The average number of reviews per TAO is
88.45.
Sentiment analysis uses 2,383 data for Model 1, 47,179 data for pseudo label data, and Model 2
predicts 188,712 data. The following tables are the results of the model evaluation.
Table 3. Results of the evaluation of
the sentiment classification model
Model
Model 1
Model 2

Accuracy Cohen Kappa
76.37%
39.14%
92.29%
59.12%

Table 3 shows the accuracy and Cohen Kappa values of the two models. It shows fair results for
Model 1 and moderate for Model 2 [16]. After predicting unlabelled data with Model 2, the data are
recombined into one. The final result of sentiment classification is as follows,
Table 4. The final result of sentiment classification
Data
Positive Neutral Negative Total Data
The final result 219,322 15,929 3,023
238,274

Figure 3. Classification of Reviews Based
on Sentiment Class
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The number of reviews based on sentiment class is shown in Table 4. In figure 3, 92.05% of the
data is labelled positive, 1.27% data is labelled negative, and 6.69% is labelled neutral.
The keywords available for public facilities include "fasilitas", "parkir", "kamar mandi", and
"musala” [10]. While the public place health protocol keywords are taken from the East Java
Governor Regulation Number 53 of 2020, include "masker", "cuci tangan", "handsanitizer", "jaga
jarak", "cek suhu", "prokes", "pandemik", dan "protokol". The reviews with positive and negative
labels are used to search for available word associations. Meanwhile, to find information related to
health protocols, data are written after the East Java Governor Regulation Number 53 of 2020 to see
TAO's compliance with these regulations. Before calculating word associations, the data is filtered
again. Data filtering is carried out to select data with pre-processing attributes that have the keywords
mentioned before. We use the correlation limit of 0.26, as it shows enough correlation [19].
We use 1,249 reviews that has been filtered according to keywords to get information on the
implementation of health protocols. The following is the result of calculating word associations,
Table 5. Health protocol words association
Governor's review (corlimit= 0.26)
masker
cuci tangan protokol kesehatan
pakai 0.61 sedia 0.36 terap
0.32
sabun 0.34 patuh
0.29
Table 5 shows the word "masker" often appears with the word "pakai", the word "cuci tangan"
often occurs with the word "sedia" & "sabun" and the word "protokol kesehatan" often appears with
the word "terap" and "patuh". The word association calculation above shows that the implementation
of the health protocol has been implemented in the TAO of East Java Province. The health protocols,
including masks, handwashing facilities with soap, and the implementation of health protocols, have
complied.
The data with positive and negative labels are used to find information related to available
facilities, with 13,494 and 422 reviews, respectively. The result is in Table 6.
Table 6. Association of facility
words available on positively
labelled data
Positive Reviews (corlimit= 0.26)
fasilitas
parkir
lengkap
0.3 masuk
0.26
The positive reviews in Table 6 show that the word "fasilitas" often appears together with the word
"lengkap", with a correlation value of 0.3. While the word "parkir" often occurs together with the word
"masuk", with a correlation value of 0.26.
Table 7. Association of facility
words available on negative
labelled data
Negative Reviews (corlimit= 0.26)
parkir
kamar_mandi
masuk
0.32 kotor
0.33
renovasi
0.33
kunci
0.27
There are still visitor perceptions regarding the available facilities with negative sentiments, as
shown in Table 7. The word "parkir" often appears together with the word "masuk", with a correlation
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value of 0.32. The word "kamar mandi" often appears along with word "kotor", "renovasi", and
"kunci", with correlation values of 0.33, 0.33, and 0.27. It is necessary to evaluate and improve
facilities with negative sentiments.
The word association available facilities calculation above shows that TAO businesses in East Java
Province have complete facilities, such as parking lots. But there are still facilities that need special
attention because they still get negative reviews, namely parking lots and bathrooms.

Figure 4. Timeseries Reviews During the Pandemic
The reviews data is divided into two parts to see reviews and ratings changing before and during
the pandemic. The before pandemic data are reviews data with a publish date attribute one year before
the pandemic begin in Indonesia, or from March 2020 until March 2019. The during pandemic data
are reviews data with a publish date attribute from March 2020 until February 2021. The time series
review of TAO in East Java on Google Maps during the pandemic is shown in Figure 4.
The number of reviews data is calculated based on time and sentiment labels. The changes in
sentiment labels and changes in the average rating value given by visitors to each TAO are presented
in the figure below.

Figure 5. Total Sentiments by Published Time and Sentiment Class
of Reviews
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Figure 5 shows the change in the number of sentiments by time and class of sentiment. It shows a
decrease in the number of reviews on TAO in East Java during the pandemic in the three sentiment
classes. During the pandemic, the number of TAO visitors decreased. It is due to restrictions on
activities in public facilities/places to prevent the spread of COVID-19.

Figure 6. TAO Percentage Based on Changes in Sentiment Label
From Figure 6, about 76% of TAO with positive labels before the pandemic still get positive labels
from visitors during a pandemic. It means that there is no change in sentiment. In addition, 14% of
TAO has changed from no reviews or is empty to positive sentiment during a pandemic. While only
7% of TAO has changed from positive sentiment becomes no reviews during a pandemic. Other
changes can be categorized as minor percentages.

Figure 7. TAO
Percentage Based on
Changes in Average
Rating Value
About 56.53% of TAO experience an average increase during the pandemic, as shown in Figure 7.
During the pandemic, the ratings are better than before the pandemic. However, some TAO
experiences decreased in the average rating. In addition, there are TAO with the same assessment
before the pandemic and during the pandemic.
The Stuart-Kendall Tau-c correlation on the Rstudio application show the relationship between
rating and visitor sentiment labels. We develop a contingency table in Table 8 before calculating the
correlation.
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Table 8. Contingency table

1
2
Rating 3
4
5

Sentiment Labels
Positive Neutral Negative
4,594
385
312
4,034
277
411
19,869
1,315
1,089
51,098
3,222
701
139,727 10,730
510

Table 8 is a contingency table of rating values with sentiment labels. Calculation of the StuartKendall Tau-c correlation at Rstudio obtains a correlation value of 0.016. This value is categorized as
a very weak correlation with a positive direction [19]. The positive correlation shows that when
visitors give an excellent rating value, the sentiment label is also good or positive. But the correlation
between rating and review sentiment is very weak, indicating that the two are less interconnected.
Other factors might be more closely related to ratings and sentiment.
Data conversion to obtain latitude and longitude points is carried out on both TAO data from
scraping results and the BPS directory. Then data matching is done with the following results,

(a)

(b)

(c)

(d)
Figure 8. TAO Matching Data Results
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Figure 8 shows the results of the combination method used. The matching string method with Jaro
Winkler is better than the Levenshtein method from the calculation of string accuracy. The best string
accuracy is obtained from the combination of Jaro Winkler and Haversine methods, with a string
accuracy of 74% (Figure 8(c)). However, the most suitable amount of data is obtained from
implementing the Jaro Winkler method, 195 data or 37% from BPS directory data with a string
accuracy of 63% (Figure 8(a)). This accuracy is categorized as a high value compared to the accuracy
value of the other combinations of methods. It can be said that the TAO data from Google Maps
potentially complement BPS data because there is a match between the two.
4. Conclusions
We conclude that,
1. Sentiment analysis using the MNB + TF-IDF method and applying a pseudo-labelling
algorithm has been successfully carried out to label TAO reviews on Google Maps,
2. The health protocol following East Java Governor Regulation Number 53 of 2020 has been
implemented in East Java Province TAO, namely wearing masks and providing handwashing
places with soap,
3. Complete facilities are available at TAO, such as an entrance parking lot. However, it is still
necessary to improve the bathroom facilities in East Java TAO,
4. Visitors' opinions on East Java TAO did not change during the pandemic, and this can be seen
from the sentiment change. Visitor sentiment towards TAO remains positive during the
pandemic,
5. Visitors' assessment of East Java TAO has increased, it can be seen from the number of TAO
with a better rating during the pandemic,
6. Calculation of correlation shows a weak relationship with a positive direction between rating
and visitor sentiment,
7. Google Maps web scraping data can potentially be complementary data for BPS as indicated
by a matching value of 37%.
The tourism sector, especially the TAO business, is a potential business during a pandemic as long as
they implement health protocols, follow the existing regulations, provide good facilities, and improve
existing facilities.
We suggest business owners to pay attention to the facilities available in their TAO business. It is
necessary to repair or renovate the available facilities, especially the bathroom. In addition, both
visitors and business owners must always maintain the application of health protocols in TAO. For
further research, we can explore more information in reviews on Google Maps, not only tourist
attractions. It considers the ability of Google Maps reviews to store information based on visitor
experiences.
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Abstract. In recent decades, the use of small area estimation (SAE) for producing official
statistics has been widely recognized by many National Statistics Offices including BPSStatistics Indonesia. For official statistics usage, the aggregation of small area estimates is
expected to be numerically consistent and more efficient than the aggregation of the unbiased
direct estimates that cannot be guaranteed by Fay-Herriot model. Simulation experiments are
performed to assess the behaviour of the difference benchmarking method Fay-Herriot model
and to compare the mean squared error (MSE). The result shows that the difference
benchmarking method can produce a consistent aggregation towards the direct estimation.
Furthermore, an R package was built to implement the method that is easier to be used and is
already available on the CRAN website. The package has been evaluated using validity
(simulation), performance, case studies, and usability tests. These evaluations show that the
package is suitable for use. Implementation of the methodology is also be applied to estimate
average household consumption per capita expenditure in districts in D.I. Yogyakarta province,
Indonesia 2019.

1. Introduction
Statistics Indonesia (BPS) has the responsibility of providing official statistics in Indonesia. In
carrying out its responsibilities, BPS holds two main activities those are census and survey. Surveys
are designed for obtaining reliable direct estimates in areas according to its design. However, direct
estimates for small are based on sample data from surveys, are likely inefficient, and have large
standard errors because the sample size is inadequate. Small area estimation (SAE) can improve the
effectiveness of the sample size of surveys by borrowing the strength of neighboring areas and the
relation between the set of auxiliary variables and the variable of interest [1]
However, Tzadivis et. al (2018) [2] stated that the consequence of using the Fay-Herriot model is
when the estimates of small areas are aggregated, it was not necessarily consistent with the unbiased
direct estimates in the larger area. While for official statistics use, aggregation of small area estimates
is expected to be numerically consistent and more efficient than the aggregation of the unbiased direct
estimates. Pfefferman and Barnard (2019) [3] proposed a benchmarking method called robust
predictor. It is a modification to the optimal predictors that secures their robustness. The modification
guarantees that the aggregate weighted mean of the small area predictors equals the corresponding
weighted mean of the direct estimates. Hence, it is necessary to apply benchmarking method in the
Fay-Herriot model to estimate official statistics indicators.
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The difference benchmarking method concept will be applied in this paper, Rao and Molina (2015)
[1] stated that difference benchmarking is one of a simple but widely used modifications to the
empirical best linear unbiased predictions (EBLUP) by adding the EBLUPs estimates by the common
adjustment factor. Difference benchmarking method never been applied in a software or statistics
tools, when researcher want to apply difference benchmarking method, they need to create a complex
syntax to run the method. This is certainly not efficient. Therefore, an R package was built to
implement the method to be used easier. The R package that has been built will be used to do
simulation and applied to estimate household consumption per capita expenditure in districts in D.I.
Yogyakarta province, Indonesia.
2. Methodology
2.1. Fay-Herriot Model
Fay-Herriot model was first initiated by [4] using the EBLUP approach to estimate log per capita
income (PCI) in the US. Fay-Herriot Model in general linear mixed model written as:
𝐲 = 𝐗𝜷 + 𝐙𝐮 + 𝐞,

(1)

Where u and e are vectors of area random effects and sampling error. u and e are independently
and distributed with:
𝑖𝑖𝑑
𝐮 ~ (𝟎, 𝐆),

𝑖𝑖𝑑
𝐞 ~ (𝟎, 𝐑),

(2)

Where 𝐆 = 𝐈m 𝛔𝟐u and 𝐑 = 𝐈m 𝛔𝟐e which 𝑰𝑚 is a 𝑚 × 𝑚 identity matrix. Then the covariance matrix
of y is 𝛀 = 𝐙𝐆𝐙𝐓 + 𝐑
Fay-Herriot model is approached using the best linear unbiased prediction (BLUP) proposed by [5].
However, because the area random effect of the population 𝜎𝑢2 is unknown, it is empirically estimated
using fisher scoring algorithm of REML that lead it to empirical best linear unbiased prediction
(BLUP).
2.2. Empirical Best Linear Unbiased Prediction (EBLUP)
As mentioned previously, EBLUP is the development of BLUP that has estimate the area random
effects of population which is unknown in practical application. EBLUP estimators are obtained with
replacing the 𝜎𝑢2 by an estimator 𝜎̂ 2 𝑢 of REML. EBLUP estimator in matrix form can be written as:
̂) = 𝐗𝛃
̂ + 𝐙𝐆
̂),
̂𝐙𝐓 𝛀
̂ −𝟏 (𝐲 − 𝐗𝛃
̂ 𝐇 (𝛅
𝛍

(3)

̂ is the best
̂ 𝐇 is EBLUP estimation, X is auxiliary variable, y is direct estimates and 𝛃
Where 𝛍
linear unbiased estimator (BLUE) of 𝛃 written as:
̂=𝛃
̂(𝛅
̂) = (𝐗 𝐓 𝛀
̂ −𝟏 𝐗)−𝟏 (𝐗 𝐓 𝛀
̂ −𝟏 𝐲)
𝛃

(4)

2.2.1. MSE of EBLUP. Mean squared error of EBLUP estimator of Fay-Herriot model written as:
𝟐

2
2
2
̂𝑯
̂𝐇
𝐌𝐒𝐄(𝛍
𝒊 ) = 𝑬(𝛍
𝐢 − 𝛍𝐢 ) ≈ 𝐠𝟏𝐢 (𝜎𝑢 ) + 𝐠𝟐𝐢 (𝜎𝑢 ) + 𝐠𝟑𝐢 (𝜎𝑢 )

(5)

Same as [6], the estimator of MSE of EBLUP is obtained by substituting the REML estimator of 𝜎𝑢
and can be written as:
̂𝑯
𝐦𝐬𝐞(𝛍
̂𝑢2 ̂ ) + 𝐠𝟐𝒊 (𝜎̂𝑢2 ) + 2𝐠𝟑(𝜎̂𝑢2 )
𝒊 ) ≈ 𝐠𝟏𝒊 (𝜎

(6)

In matrix form 𝐠𝟏(𝜎̂𝑢2 ), 𝐠𝟐(𝜎̂𝑢2 ) and 𝐠𝟑(𝜎̂𝑢2 ) can be written as:

159

Z Y Perwira and A Ubaidillah

𝐠𝟏(𝜎̂𝑢2 ) = diag[𝚪𝐑]
̂ −𝟏 𝐗)]𝐗 𝐓 (𝐈 − 𝚪)]
𝐠𝟐(𝜎̂𝑢2 ) = diag[(𝐈 − 𝚪)𝐗(𝐗 𝐓 𝛀
𝐠𝟑(𝜎̂𝑢2 ) =

(7)

𝐪
𝐪
𝐓
̂ 𝚪(𝐥)
̂ 𝐮(𝐤), 𝛔
̂ 𝐮(𝐥) )𝚪(𝐤) 𝛀
diag[∑𝐤=𝟏 ∑𝐥=𝟏 𝐜𝐨𝐯(𝛔
]

̂ 𝒁𝑻 𝛀
̂ −𝟏 , 𝚪(𝐤) = 𝝏𝚪(𝝏𝜎̂𝑢2 ) and 𝐜𝐨𝐯(𝛔
̂ 𝐮(𝐤), 𝛔
̂ 𝐮(𝐥) ) = ℑ−1
Where 𝚪 = 𝒁𝑮
̂𝑢2 ) which is obtained by the
𝑘𝑙 (𝜎
information fisher of fisher scoring in REML.
2.3. Benchmarking in Small Area Estimation
𝐍
Suppose that 𝛍𝐢 is the 𝑖 𝑡ℎ area means and 𝐖𝐢 = 𝐍𝐢 is a known proportion of units in area m. For All
𝑚
area are sampled (∑𝑚
𝑖=1 𝐖𝐢 = 1), so 𝛍+ = ∑𝑖=1 𝐖𝐢 𝛍𝐢 is the aggregate mean. Assuming that a reliable
𝑚
̂ + = ∑𝑖=1 𝐖𝐢 𝛍
̂ 𝐢 of 𝜇+ .t is desirable to ensure that the estimators of the small area
direct estimator 𝛍
̂ + . The EBLUP estimators, 𝛍
̂=
mean 𝜇𝑖 , when aggregated, agrees with the reliable direct estimators 𝛍
𝐇
̂ 𝐢 , do not satisfy this “benchmarking” property. In fact [1]
𝛍
̂) ≠ 0
̂ + − ∑𝑚
̂ 𝐢 = ∑𝑚
̂ 𝐢 )(𝛍
̂ 𝐢 − 𝐱𝐢𝐓 𝛃
𝛍
𝑖=1 𝐖𝐢 𝛍
𝑖=1 𝐖𝐢 (1 − 𝛄

(8)

̂𝐇
Therefore, it is necessary to modify the EBLUP estimators 𝛍
𝐢 , 𝑖 = 1, … , 𝑚 to ensure
benchmarking. Rao and Molina (2015) [1] explains that there is a simple but widely use a
benchmarking method called difference benchmarking.
2.3.1. Difference Benchmarking. Difference benchmarking is obtained by adding each 𝜇̂ 𝑖𝐻 by the
̂ 𝒊 − ∑𝑚
̂𝑯
common adjustment factor 𝜶 = ∑𝑚
𝒊 , leading to difference benchmarking
𝑖=1 𝑾𝒊 𝝁
𝑖=1 𝑾𝒊 𝝁
estimator [1]
𝑚
̂ 𝐃𝐁
̂𝐇
̂ 𝐢 − ∑𝑚
̂𝐇
𝛍
𝐢 =𝛍
𝐢 + ∑𝑖=1 𝐖𝐢 𝛍
𝐢
𝑖=1 𝐖𝐢 𝛍

(9)

2.3.2. MSE of Difference Benchmarking. Mean squared error (MSE) of difference benchmarking is
obtained by adding a common term 𝒈𝟒(𝜎̂𝑢2 ) to the usual 𝑀𝑆𝐸(𝜇̂ 𝑖𝐻 ) [7]
̂ 𝑫𝑩
̂𝐇
𝐌𝐒𝐄(𝛍
̂𝑢2 )
𝒊 ) ≈ 𝐌𝐒𝐄(𝛍
𝐢 ) + 𝐠𝟒(𝜎

(10)

This common term 𝐠𝟒(𝜎̂𝑢2 ) is given by [7]
𝑚
𝟐
𝐠𝟒(𝜎̂𝑢2 ) = ∑𝑚
̂𝑢2 + 𝜎𝑒 𝑖 ) − ∑𝑚
𝑖=1 𝐖𝐢 𝐁 (𝜎
𝑖=1 ∑𝑗=1 𝐖𝐢 𝐖𝐣 (1 − 𝛄𝐢 )(1 − 𝛄𝐣 )𝐡𝐢𝐣

(11)

−1

𝐓
Where 𝐡𝐢𝐣 = 𝐱𝐢𝐓 [∑𝑚
̂𝑢2 + 𝜎𝑒𝑖 )−1 ] 𝐱𝐣 and 𝐁𝐢 = 𝜎𝑒𝑖 (𝜎̂𝑢2 + 𝜎𝑒𝑖 )−1 . Steorts and Ghosh (2013)
𝑖=1 𝐱 𝐢 𝐱 𝐣 (𝜎
[7] has shown that the effect of benchmarking is to increase the MSE but very small relative to
mse(𝜇̂ 𝐻 ) for all areas. Hence, in its application, difference benchmarking led to negligible inflation of
MSE.

3. R Package Development
R Package was built by implementing difference benchmarking method to make it easier and
accessible to everyone. R language was chosen because this is one of the opensource software and is
widely used for data analysis.
3.1. The architecture of R Package
The R package to implement difference benchmarking for small area estimation was named
‘msaeDB’. To make the computational process easier, the package was built using a dependency
package as tool in R package development. Package ‘msaeDB’ consists of some functions and
datasets.
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Figure 1. The architecture of Package ‘msaeDB’
3.2. Use Case Diagram
In package ‘msaeDB’, there is only an actor that will have interaction with the package in R software.
The Actor can estimate EBLUP estimator and its MSE with or without difference benchmarking
method. However, before starting to estimate, the actor must first load the package ‘msaeDB’. The
interaction the actor toward the ‘msaeDB’ package was shown in Figure 2.

Figure 2. Use case diagram of package ‘msaeDB’
3.3. Implementation
3.3.1. Implementation of Function Algorithm in R Package. In package ‘msaeDB’ there are two
functions. Function ‘saedb’ is used to estimate EBLUP with difference benchmarking and function
‘saefh’ to estimate EBLUP without difference benchmarking.
3.3.2. Implementation of Dataset in R Package. Package ‘msaeDB’ provides a dataset called
‘datamsaeDB’ to implement the ‘saedb’ and ‘saefh’ functions. This dataset consists of response
variables, auxiliary variables, benchmarking weight, and variance, and covariance. Covariance is used
when the actor is willing to simulate more than one response variables at a time using the multivariate
Fay-Herriot model that will not be discussed in this paper.
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3.3.3. Documentation of ‘msaeDB’ in R Package. Documentation of package ‘msaeDB’ is provided in
https://rdocumentation.org/packages/msaeDB/versions/0.2.1 consists of package description, list of
functions and datasets, and the usage of the package
3.4. Evaluation
The package has been evaluated using validity (simulation), performance, case studies, and usability
tests to make sure that the package is suitable and valid to be used. This subsubsection will only show
the result of the performance and usability test. The validity and case study will be explained in the
two next sections.
3.4.1. Perform Test. This test was carried to see the reliability of the program based on the
computational time of each function. This test using the number of domains 𝐷 = 100, 200, 800, and
1000.
Table 1. The computational time of functions based on number of areas
Functions
‘saefh’
‘saedb’

100
1.32 seconds
1.75 seconds

Number of Areas
200
800
10.50 seconds
13.92 minutes
12.50 seconds
16.31 minutes

1000
26.92 minutes
31.16 minutes

Function ‘saedb’ takes time longer than ‘saefh’. Because, there is an additional process according
to the benchmarking method.
3.4.2. System Usability Scale (SUS). This test was carried to see whether the package is acceptable by
the user or not. This test was carried using the instrument of System Usability Scale (SUS) consists of
ten questions against 14 respondents from STIS Polytechnic of Statistics and Statistics Indonesia
(BPS). The respondents have firstly given the guide and brief explanation of the package and
documentation about the usage of the package. The score of this test is 76,07 which means that the
package ‘msaeDB’ is suitable and acceptable for use.
4. Simulation
The simulation was carried out to see whether the algorithm of the functions gives a valid and
appropriate output of difference benchmarking Fay-Herriot model. Simulation data is generated by the
following steps:
(𝑏) (𝑏)
1. Generate 𝑥𝑑𝑏 , 𝑢𝑑 , 𝑒𝑑 𝑎𝑛𝑑 𝑤𝑑𝑏 , where d = 1, …, D and 𝑏 = 1, … , 𝐵.
2. Calculate direct estimation 𝜇̂ 𝑏 , where 𝑦 = 𝑋𝛽 + 𝑢𝑖 + 𝑒𝑖 .
3. Calculate EBLUP Estimators (𝜇̂ 𝑖𝐻 ).
4. Calculate difference benchmarking (𝜇̂ 𝑖𝐷𝐵 ).
5. Calculate MSE of each model.
6. Repeat steps 1 to 5 B=100 times for each step.
This simulation was using number of domains 𝐷 = 30, 50, 100 and 200.
𝑥1 ~𝑈𝑛𝑖𝑓(10,1), 𝑥1 ~𝑈𝑛𝑖𝑓(10,2) , 𝑤~𝑈𝑛𝑖𝑓(25,30) and 𝜎𝑒 = 0.15. Simulation result is shown in
Table 2.
Table 2. The MSE of EBLUP with and without difference benchmarking
Methods
EBLUP
EBLUP DB

30
0.099360
0.099365

Number of Areas
50
100
0.091288
0.089988
0.091292
0.089990

200
0.086987
0.086988
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Table 2 shows that the MSEs of all estimators decreases as the number of domains D increases. Same
as Steorts and Ghosh (2013), difference benchmarking gives effect to increase the MSE but very small
relative to mse(𝜇̂ 𝐻 ) for all areas. Based on this simulation, can we conclude that the algorithm of the
functions has given valid and appropriate output of difference benchmarking Fay-Herriot model.
5. Case Study
An R package that has been build is implemented to estimate average household consumption per
capita expenditure (HCPE) data in Yogyakarta Province, Indonesia. HCPE data has been collected by
the National Socioeconomic Survey (SUSENAS) 2019 which is regularly conducted by Statistics
Indonesia.
For the corresponding area-specific auxiliary variables, there are ten variables that we use: number
of junior high schools (𝑥1 ), number of senior high schools (𝑥2 ), number of vocational schools (𝑥3 ),
number of universities (𝑥4 ), number of doctor practices (𝑥5 ), number of restaurants (𝑥6 ), number of
hotels (𝑥7 ), number of small shops (𝑥8 ), number of private banks (𝑥9 ), and number of village
cooperation unit (𝑥10 ). The ten auxiliary variables are obtained from Yogyakarta Village Potential
2019. The chosen auxiliary variables reference to [10] with some additional variable that is
correspondent and significant to response variable based on stepwise method. The regression
parameter estimates of HCPE are shown in Table 3.
Table 3. Regression parameter estimates of average HCPE
Variables
Constant
𝑥1
𝑥2
𝑥3
𝑥4
𝑥5
𝑥6
𝑥7
𝑥8
𝑥9
𝑥10

Estimate
110.6700
-4.0612
5.8130
-7.2192
2.3537
2.3084
-0.5315
1.1816
0.0280
3.0072
-5.1898

Std. Error
9.5295
1.6762
2.4051
2.3944
1.5332
0.7402
0.1987
0.4262
0.0127
1.6446
3.3469

𝑝-value
0.0000
0.0154
0.0156
0.0026
0.1248
0.0082
0.0075
0.0056
0.0282
0.0675
0.1210

By using the number of populations of each district, then calculating the estimation using package
‘msaeDB’, the estimation results are obtained as shown in Figure 3.

Figure 3. Estimation of direct estimation, EBLUP and
EBLUP without the benchmark
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From Figure 3, we can see that estimation of EBLUP and EBLUP with difference benchmarking
have given almost the same pattern, a district with a high value of average in one model HCPE will
also have a high value in other models.
Table 4 shows the summary of estimation of direct estimation, EBLUP, and EBLUP with
difference benchmarking. The estimation of direct estimates, EBLUP, and EBLUP with difference
benchmarking have given almost the same values for each measurement of central tendency.
Table 4. Summary of Estimation of average HCPE (in 100.000 rupiahs)
Summary
Minimum
1st Qu.
Median
Mean
3rd Qu.
Maximum

Direct
5.332
7.927
10.185
11.844
15.653
26.865

EBLUP
5.404
8.175
9.930
11.756
15.080
26.715

EBLUP DB
5.492
8.262
10.018
11.843
15.167
26.803

Figure 4. shows the box plot of RSE of direct estimates, EBLUP estimates, and EBLUP with the
difference benchmarking estimates based on the Fay-Herriot model. It shows that estimation using
EBLUP and EBLUP with difference benchmarking can give a more efficient estimation based on the
RSE.

Figure 4. RSE of direct
estimation, EBLUP and
EBLUP
without
benchmarking
The summary of each measurement of central tendency RSE of direct estimates, EBLUP, and
EBLUP with difference benchmarking estimates are shown in Table 5.
Table 5. Summary of RSE of average HCPE in each model
Summary
Minimum
1st Qu.
Median
Mean
3rd Qu.
Maximum

Direct
0.000
6.754
10.413
11.698
16.611
35.554

EBLUP
0.000
6.329
9.964
10.057
14.262
25.431

EBLUP DB
0.004
6.283
9.621
9.984
14.171
25.282

By choosing a suitable benchmarking weight, the RSE of EBLUP with difference benchmarking
generally will have more efficient RSE than direct estimates and EBLUP estimates. Table 6. shows the
aggregation of direct estimates, EBLUP and EBLUP with difference benchmarking.
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Table 6. Summary of RSE of
average HCPE in each model
Models
Direct Estimates
EBLUP DB
EBLUP

Aggregation
13.12367
13.12367
13.03612

From Table 6 we can see that EBLUP with difference benchmarking has given a consistent
aggregation to its direct estimates, unlike the EBLUP estimates.
6. Conclusion
We have shown that EBLUP with difference benchmarking has given a consistent aggregation, unlike
the EBLUP estimation. R package to implement difference benchmarking for Fay-Herriot model is
successfully developed and can be accessible on https://cran.r-project.org/package=msaeDB and has a
system usability score of 76.07 indicates that the package is acceptable by the user. Based on its
computational times, the function that implements difference benchmarking gives a longer time
because of the additional process of benchmarking. Simulation shows that the algorithm of the
package has given a valid output. The implementation of difference benchmarking to estimate the
average of household consumption per capita income HCPE in Yogyakarta Province Indonesia shows
that EBLUP with difference benchmarking can give a consistent aggregation to its direct estimates,
unlike the EBLUP without difference benchmarking.
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Abstract. Currently, online marketplace data are valuable data sources to be analyzed for
various purposes. In the data collecting phases, duplication of shop accounts was found,
resulting in biased analysis. This study examines the development of a mechanism to identify
duplicate entities, i.e. store accounts, between different online marketplaces, or commonly
known as entity matching. Word similarity algorithms were adopted as the core elements of
our approach. Additionally, we present an entity matching model by examining logistic
regression, naive Bayes, and random forest to find the best model for classifying store account
similarities. Top online marketplaces in Indonesia are the object of our study, limited to one
developing municipality, i.e. Sleman, DI Yogyakarta. The results show the best model has an
accuracy value of 0.961, precision of 0.963, a recall of 0.958, and an F1-score of 0.962.
Therefore, these results are acceptable for duplicate identification.

1. Introduction
The rapid development of information and communication technology has caused many changes, one
of which is disseminating information using the internet. As noted in the Asosiasi Penyelenggara Jasa
Internet Indonesia (APJII) results in surveys from the 2019 - second quarter/2020 [1], the number of
users internet in Indonesia rose to 73.7% of the total population of 266.91 million Indonesians or
reached 196.71 million users. This number increased by 25.5 million or 8.9% compared to 2018. The
growth of the internet and information technology today certainly affects data collection, processing,
and dissemination.
In addition to data collection, the internet, technology, and information also affect the economy. In
the economic aspect, a new term was born, namely the digital economy. The digital economy is
marked by the many changes in the sales system from offline to online. The concept of the digital
economy was first introduced by Tapscott (1997), which is a social phenomenon that affects the
economic system, where this phenomenon has characteristics as an intelligence space, including
information, various access to information instruments, information capacity, and information
processing [2]. The components of the digital economy that have been identified for the first time are
the ICT industry, e-commerce activities, and the digital distribution of goods and services.
E-commerce is a part of the digital economy. According to the Organization for Economic CoOperation and Development (OECD) 2011, e-commerce is the sale or purchase of goods/services
carried out through a computer network with a method specifically designed to receive or place orders.
Still, the principal payment and delivery of goods/services do not have to be made online [3]. As time
goes by, with the increasing number of smartphone users and internet users, more and more people are
starting to sell and shop via the internet. Sales and purchases of goods online can be done directly
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between sellers and buyers through social media or websites and can use digital platforms as
intermediaries between sellers and buyers. A digital platform called a marketplace is a location for
buying and selling products where sellers and consumers meet on a digital marketplace/platform. In
Indonesia, e-commerce is growing rapidly because 40 percent of the total population in Indonesia
owning smartphones, which is consumers in Indonesia more frequently transact via smartphone
applications [4]. As reported from Statista.com [57], top online e-commerce platforms in Indonesia,
i.e. Shopee, Tokopedia, and Bukalapak.
A marketplace as a platform for buying and selling makes it easier for people to carry out economic
activities practically and quickly. This platform makes it easy for consumers to get product
information from various online stores, also choose and compare products easily and quickly.
Meanwhile, from the seller's point of view, this platform makes it easy for the selling system to not
think about sales strategies and others. With the various conveniences offered by marketplaces, the
number of people selling online increases by registering their stores to different online marketplaces.
Online marketplace data can be adopted to support official statistics such as the number of shops
selling online and sales turnover. One of the challenges in analyzing marketplace data is calculating
the actual number of store accounts in the marketplace and sales turnover because from the author's
search on various online stores, there are sellers who promote their products on more than one e-portal
commerce. In line with the results of research by [6] who conducted market data analysis, it was found
that 86 of the 120 shops interviewed or 71.67% had stores in other marketplaces. Based on the results
of this study, it is concluded that one business can have more than one store in various marketplaces
and cause data duplication. Therefore, we need an approach to reduce duplication of store accounts to
improve the accuracy of marketplace data analysis.
This paper is aimed to find a mechanism to identify duplicate store accounts from different
marketplaces. This research uses two variables that can determine the similarity of store accounts, i.e.,
the store's name and the product's name. In calculating the similarity of store accounts, Levenshtein
distance algorithm is used for store name matching and cosine similarity for product name matching.
In addition, this work compares classification methods in predicting store account similarity, i.e.
logistic regression, naïve Bayes, and random forest. The results of this study have obtained a
mechanism for identifying duplicate store accounts and a tool for forming a unique online store list
based on entity matching so that a marketplace repository can be created for the compilation of ecommerce statistics.
There are many studies that do entity matching with text similarity algorithm. One of the text
similarity algorithms used is the Levenshtein distance as done by [7], [8] and [9]. In addition, there is
also a document similarity analysis using the Cosine Similarity approach [10], [11] and [12]. This
study will combine the two text similarity algorithms, namely Levenshtein distance and cosine
similarity. Levenshtein distance is used to measure the similarity of store names, while cosine
similarity is used to measure the similarity of product names.
Based on the results of text similarity with Levenshtein distance and cosine similarity, the basis for
classification is obtained to determine whether the store is the same store or a different store. This
study compares 3 classification methods as has been done by previous research, namely Logistic
Regression [13], Naïve Bayes [14], and Random Forest [15]. In this study, various new methods will
be carried out by adopting various methods in previous studies to identify the similarity of store
accounts in various marketplaces, as well as obtain a list of unique stores.
2. Methods
2.1. Scope of Research
This study focuses on entity matching of shop accounts by compiling a mechanism for duplication
identification based on the similarity of store accounts between marketplaces on Bukalapak and
Tokopedia in Sleman Regency, DI Yogyakarta. The variables used to identify duplication based on the
similarity of the store accounts are the store's name and the product's name. The word similarity
algorithm used is Levenshtein distance and cosine similarity. Next, a model is developed from the
similarity of each variable by comparing various classification methods, i.e. logistic regression, naïve
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Bayes, and random forest, so that the best model will be obtained to predict the similarity of store
accounts between marketplaces. The results of the best classification model that have been selected
will be used to form a marketplace repository of all marketplace data.
2.2. Source and Data Collecting Methods
This research uses marketplace data in Sleman Regency, which consists of store data and product data
in February 2020. The marketplace data are obtained from yearly student’s field projects, namely
Praktik Kerja Lapangan (PKL), in Politeknik Statistika STIS Academic Year 2019/2020 that collected
data by crawling from several marketplace websites. The structure of data can be seen in Table 1.
Table 1. Data Structure of a Marketplace.
Variable Name
Store Data
storeid
storename
district
Product Data
storeid
prodid
prodname

Data Type

Description

int64
object
object

Store identity
Store name
Store location (district/city)

int64
int64
object

Store identity
Product identity
Name of product

2.3. Analysis Methods
This experiment uses the Jupyter Notebook application with the Python 3.8 programming language to
compile a mechanism to identify duplicate store accounts between marketplaces. The research flow
can be seen in Figure 1.

Figure 1. Research flowchart.
2.3.1. Data Preprocessing. Data preprocessing is a process where data is cleaned and prepared before
analysis. This step is carried out on product data. The flow of data preprocessing in this study begins
with case folding, replacing all letters with lowercase. Next, remove punctuation, non-ASCII
encoding, and excess spaces. Then remove stopwords, namely deleting unnecessary words using the
Sastrawi stopword remover module from Python. Finally, tokenization or the process of dividing the
text into tokens. More detail of preprocessing marketplace data is discussed by Bustaman et al., 2020
[16].
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2.3.2. Similarity Measurements. In calculating the similarity of store accounts based on store names,
the Levenshtein distance algorithm is used. The Levenshtein distance algorithm is an algorithm that
measures the similarity of words based on the number of operations performed to convert a word into
another word, including changing, deleting, or adding a character [7]. This algorithm was chosen to
measure the similarity of store accounts based on store names because store names tend to be short, so
it is suitable to identify similarities with the Levenshtein distance algorithm. The calculation of
Levenshtein distance can be seen in the following formula.
𝑓(𝑖 − 1, 𝑗) + 1
, 𝑑𝑒𝑙𝑒𝑡𝑖𝑜𝑛
, 𝑎𝑑𝑑𝑖𝑡𝑖𝑜𝑛
𝑓(𝑖, 𝑗) = min { 𝑓(𝑖, 𝑗 − 1) + 1
𝑓(𝑖 − 1, 𝑗 − 1) + 1 , 𝑟𝑒𝑝𝑙𝑎𝑐𝑒𝑚𝑒𝑛𝑡

(1)

After obtaining the distance value between two strings, the similarity calculation is carried out with
the following formula.
𝑑𝑖𝑠𝑡

𝑆𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦 𝑤𝑒𝑖𝑔ℎ𝑡 = 1 − max (𝑆,𝑇)

(2)

Information:
dist: Levenshtein distance value between strings 1 and 2
max(S, T): String length largest between string 1 and 2
The similarity weight is assumed to be in the range 0-1, where the closer to 1, the more similar the
two strings are. Meanwhile, closer to 0 means the two strings are increasingly dissimilar [9].
The identification of store account similarities based on product names is carried out using the
cosine similarity algorithm. The Cosine similarity algorithm measures the similarity between texts by
assuming a text to be a vector. The advantage of this algorithm is that it is not affected by the short
length of a document and has a high level of accuracy [10]. The calculation of cosine similarity can be
seen in the following formula.
𝐶𝑜𝑠𝑖𝑛𝑒 𝑠𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦 =

𝐴.𝐵
||𝐴||||𝐵||

=

∑𝑛
𝑖=1 𝐴𝑖 𝑥 𝐵𝑖
𝑛
2
2
√∑𝑛
𝑖=1(𝐴𝑖 ) 𝑥 ∑𝑖=1(𝐵𝑖 )

(3)

Information:
A
: vector A to compare the similarity
B
: vector B to be compared the similarity
Ai
: weight term i in block Ai
Bi
: weight term i in block Bi
i
: number of terms in a sentence
2.3.3. Similarity Modeling. The modeling to identify similarity of store accounts was carried out using
three classification methods, namely logistic regression, naïve Bayes, and random forest. This
comparison of classification methods aims to see which model gives the best results in predicting the
similarity of store accounts. The independent variable used results from the similarity of the shop
name and the similarity of the product name. The dependent variable used is store account similarities,
with 0 being a different store and 1 being the same store.
The logistic regression used is binary logistic regression, a data analysis model to find the
relationship or tendency of each independent variable X with a categorical or interval scale to the
response variable Y, which is binary [17]. Logistic regression was chosen because the algorithm is
simple to implement, effective, and can classify any problem, preferably binary data [18].
Naïve Bayes is a classification algorithm that calculates a set of Bayesian theorem probabilities by
adding up the frequency and combination of values from a given dataset [19]. Naïve Bayes was
chosen because the algorithm gives real-time predictions, scalable with large datasets, insensitive to
irrelevant features, and can be used in text classification or predict on binary/multiple classes [18].
Random forest is a classification model carried out by developing several decision trees based on
the random selection of data and variables. The resulting model is a selected sound model from all
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trees [20]. This algorithm was chosen to reduce error, handle a massive amount of data, and perform
well on imbalanced datasets [18].
The three classification models are run on data with k-fold cross-validation with k = 10, dividing
the data into several k subsets. One of the subsets is used as data testing, and the remaining k-1 subsets
are combined to form the training data. This classification will then be compared based on
performance measures, i.e. accuracy, recall, precision, and f1-score. Accuracy is the standard and
simple parameter to evaluate the performance of a classification algorithm by showing what level or
percentage of prediction truth is. Recall, precision and f1-score are often used in information retrieval,
where recall is the level of sensitivity to the relevant part of the data, precision is the accuracy of the
prediction results, while f1-score is the average harmony of precision and recall [15]. The
classification results from this best model will be used to form a marketplace repository to prepare ecommerce statistics.
3. Results
3.1. Text Similarity Measurement Results
This research is important to do, especially in the application of marketplace data analysis. By
identifying duplicate store accounts and generating a unique store list, marketplace data analysis can
have even better accuracy. The first step in this work is to calculate the similarity of store accounts
based on store names with the Levenshtein distance algorithm. Illustration of Levenshtein distance can
be seen in Table 2.
Table 2. Illustration of Levenshtein Distance Algorithm.
Storename_1
onlineshop
onlineshop2
online.shop2
online.shop23

Storename_2
onlineshop
onlineshop
onlineshop
onlineshop

Levenshtein distance
0
1
2
3

This study only takes a list of stores with different store names with a Levenshtein distance value
limited to a distance from 0 (zero) to 2 (two). From 3682 store accounts in the first marketplace and
57411 store accounts in the second marketplace, 1553 store accounts had the same store name with a
maximum distance of two characters. Next, the Levenshtein distance value is transformed into
similarity weights in formula (2).
The second step is to do manual labeling for the similarity status of store accounts. Manual labeling
aims to mark stores that are considered the same or different stores by checking store accounts on both
marketplace websites. Things to consider at this stage are the name of the store, storefront list, store
description, product type, and visual designs such as store logos and store banners. The results of the
manual labeling found that 759 store accounts (49.87%) are different stores labeled as 0, and 794 store
accounts (51.13%) are the same stores and marked as 1.
The next step is to calculate the cosine similarity for the product name which aims to see the
similarity of the store from the name of the product being sold. First, we need to combine the dataset
between the product data and the data from the Levenshtein distance calculation which was carried out
in the first stage. The results of calculating the similarity of product names with cosine similarity
found that from 794 same stores there were 55.92% stores with a similarity more than 0.5. Meanwhile,
from 759 different stores, there are 99.21% of stores have the same product name under 0.5.
3.2. Similarity Modeling Results
In compiling the modeling of store account similarity variables, namely store name, and product name,
a comparison of three classification models was carried out: logistic regression, naïve Bayes, and
random forest. The following are the results of a comparison of classifications based on performance
measures.
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Table 3. Comparison of classification results based on the
performance measure.
Performance Measure

Algorithm

Precision
Logistics regression 0.976
Naive Bayes
0.986
Random forest
0.963

Recall
0.927
0.891
0.958

F1-scores Accuracy
0.952
0.951
0.938
0.935
0.961
0.962

Based on the results of the performance measure in Table 3, it can be seen that random forest is the
best classification model for classifying the similarity status of store accounts with an accuracy value
of 0.961, an F1-score of 0.962, a recall of 0.958, and a precision of 0.963. In addition, it can also be
seen in the results of the confusion matrix in Table 4 below.
Table 4. Confusion matrix on the k-fold
cross-validation model.
Algorithm

Confusion Matrix
741
18
Logistics regression
57
737
749
10
Naive Bayes
86
708
731
28
Random forest
35
759
From the table above, it can be seen that the number of shops that are misclassified is the smallest
with the random forest model, followed by logistic regression and Naive Bayes. Based on these
results, we choose a random forest model as the best model to classify store account similarities.
Furthermore, the establishment of a marketplace repository is based on the classification results that
have been obtained. The following is a summary of the establishment of a marketplace repository in
Sleman regency.
Table 5. The results of the establishment of a marketplace repository.
Marketplace Raw data Same shop account Different shop accounts
1
2
Total

3682
57411
61093

2895
56624

787
60306

Table 5 shows that the actual number of stores from two marketplaces in Sleman regency is 60306
from the total raw data of 61093 store accounts. The result is based on the assumption that the
similarity of store accounts is identified by the similarity of store names with a maximum difference of
two characters and similarity of product names through the analysis step. The results of this
marketplace repository can be used for the preparation of e-commerce statistics.
4. Conclusion
Based on our experiment, two variables can be used to identify duplication based on the similarity of
shop accounts between different marketplaces, namely, store names and product names. Matching
results based on store names, it was found that from 1553 store accounts with a maximum Levenshtein
distance value of 2, 51.13% were the same store. The matching results based on the product name with
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the cosine similarity algorithm have a similarity value greater than 0.5 of 28.98%. After compiling the
model with logistic regression, naïve Bayes, and random forest, it was found that the random forest
was the best model to predict the similarity of store account. The best model has the highest accuracy
value of 0.961, precision of 0.963, recall of 0.958, and F1-score of 0.962. Furthermore, from the
classification results with random forest model, a marketplace repository is formed, which contains a
list of unique stores to prepare e-commerce statistics.
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Abstract. Statistics Indonesia, which produces large-scale data, requires effective and optimal
storage. Research related to Multi-Version Data Warehouse (MVDW), which utilizes
document-based NoSQL itself, has attempted to be developed for the sake of BPS data storage
and proposed an algorithm to store and search data. This paper is made to examine algorithm
optimization methods to reduce the time used in the process of storing and searching data when
needed. The algorithm proposed in this paper focuses on the data storage process by suggesting
a storage model that generalizes the coding of variables in the data warehouse used so that later
data searches can be carried out more easily and optimally. Other optimization methods are
also carried out by applying query optimization methods to support and improve the
optimization of the proposed algorithm. The results of the two optimization methods carried
out can be said to be successful because the time used in the data search process by utilizing
the algorithm after the application of the optimization method has been reduced when
compared to the data search process using algorithms that have been developed by previous
research.

1. Introduction
Statistics Indonesia (BPS) conducts surveys and censuses regularly intending to produce data and
information that will later be published, both in the form of raw data and printed books. Before the
data and information are processed, the data results and metadata from each survey and census from
each period are stored in a data warehouse (DW). DW is a subject-oriented data repository that is
integrated, non-volatile, and can support the collection of time-variant data that is used to make data
storage more structured [1].
Eric Brewer [2] developed a theory which states that indicators of distributed data storage so that it
can be said to be structured are by paying attention to consistency, data availability (availability), and
tolerance for network partitions (partition tolerance). This is then better known as the CAP theorem,
which describes the priority that can be prioritized from a data storage system. In the next few years,
Brewer conducted a further study of this theorem, which later became a reference for the creation of a
NoSQL (Not Only SQL) non-relational database system for data storage [3].
NoSQL itself has been used in various data storage implementations in recent years. This is
because, in its use of large-scale data, the implementation of the NoSQL nonrelational database system
is considered to have more advantages such as flexibility and ability to store and retrieve large
volumes of data compared to relational databases [4].
According to an interview with one of the developers of Portal Indonesia Data Hub (INDAH) [19],
the use of non-relational databases at BPS is the use of Hadoop Distributed File Service (HDFS) [5] as
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a data lake, while the use of DW in BPS data storage still uses Microsoft SQL Server [6] and IBM
DB2 with BLU Acceleration [7] which is a relational database. Over time, the use of relational
databases in activities being carried out by BPS to build the One Data Indonesia Portal will face
challenges related to handling the ever-increasing volume of data. This is in line with the nature of
relational databases which have better performance when handling small and limited data [8].
As an effort to mitigate the challenges above, the use of a NoSQL database as an alternative to BPS
data storage has begun to be developed. Apart from its flexibility and data management capabilities,
this development is also carried out because data storage using a NoSQL database itself is not based
on the form of the storage scheme, but is categorized based on the data structure [9]. Therefore, the
NoSQL database that will be highlighted in this paper is a non-relational database with a documentbased data structure, considering that the data source that is more often generated from BPS surveys
and censuses is in the form of JSON or XML [10].
With the background of this research, Maghfiroh and Baskara [11] have studied the use of MultiVersion Data Warehouse (MVDW) uses document-based NoSQL as an alternative in storing data
from BPS survey results. The MVDW developed in this study uses the MongoDB application, which
is considered to have advantages in reading, write, and delete operations when compared to other
document-based non-relational databases. [12]
This study was then continued with the development of the MVDW model and a more
sophisticated algorithm by Maghfiroh and Santoso [13] to be more dynamic, to provide convenience
in overcoming challenges in the data storage and retrieval process when needed in the analysis
process. However, considering that the time required to run the query is still slightly higher,
researchers in [13] themselves still suggest designing a simpler algorithm so that it can run queries
faster.
Previous research on optimization of non-relational NoSQL databases has been minimal compared
to other forms of databases, and has mostly focused on workload sharing or focused on database
performance such as the implementation of server replication by Tinetti et al. [14] and Gu et al. [15].
On the other hand, there are still few who target database efficiency from the system aspect, one of
which is the implementation of query optimization by Mahajan et al. [16].
Reference [16] itself mentions several methods that can be used to get a more optimal query, such
as indexation, sorting, covering, aggregation, and sharding. The query optimization methods carried
out in [16] also get quite large results, even hundreds of times more effective and faster than before the
optimization.
Based on the brief description of the previous research above, this research will try to examine and
apply optimization methods to the search process by dividing the research focus into two, namely in
terms of the data collection algorithm and in terms of optimization of the query that will be used in the
data collection process. With these proposed methods, we hope this research will get a faster data
collection (store and search) process.
2. Methods
The initial stage of this research is to review the previous research that has been done to identify and
review the problems that have not been resolved. The next stage is a literature study to find the
previous reference and analyze the model that has been applied before, as well as defining the purpose
of the research. After the literature study is carried out, the core of the research is carried out by
conducting an experimental design, which consists of several stages, starting from empirical
observation, theory building, empirical experimentation, and testing of the theory that has been built,
which will be carried out circularly and repeatedly if needed [17]. The results obtained from this
experimental design are then used as a reference in proposing a solution, which in this case is in the
form of proposing a more optimal algorithm accompanied by other supporting optimization methods
to achieve the goal.
Based on the initial study that the authors have done, supported by research results [11], [13]
storing data from the BPS survey results has its challenges considering that the structure of the data
obtained from each survey will change according to the needs of the survey objectives. This causes the
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data storage in question will have different storage requirements, causing unavoidable structural
differences in each survey.
One part of the data structure of the survey results that will experience differences from time to
time is the coding of variables from each of these data. Changes in the coding of the variables
themselves can be caused by various things such as additions, omissions, or specialization and
generalization of variables in the previous survey, causing variables with certain coding to be shifted
to another coding. For example, questions regarding the age of respondents in the 2015 SAKERNAS
are stored in the B4_K5 variable, while in 2018 they are stored in the B4_K8 variable due to new
questions in that year.
As the background of this research, the data search algorithm itself has been previously developed
by [11] which can be seen in Figure 1. This algorithm will then be referred to as the basic search
algorithm. In this algorithm, the data search process can be grouped into two major stages, namely the
variable preparation stage (a) and the data search stage (b). At the variable preparation stage, a
variable matching process is carried out that will be used in the input query with a list of coding
columns in the variable metadata of each version considering the coding differences that can occur in
each version. The list of columns obtained is then stored for later use in reordering the query so that it
can be applied to all appropriate versions.

Figure 1. Basic algorithm based on [11]
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Research on [11,13] using a basic query, without optimization. So in this research, we use query
optimization methods, those are an indexed query and covered query [20].
2.1. Indexed Query
An index is a special data structure that is used to store a small part of data collection so that a system
can be easily navigated for the purpose of retrieval of data. Data indexation in MongoDB itself uses a
B-Tree structure, which allows indexed data retrieval queries (indexed queries) to scan only the index
that has been created without having to review the entire document, thereby easing the burden on the
database and the applications that access it.
2.2. Covered Query
Query Covering is one of the optimization methods in MongoDB that utilizes the index from the
database that has been provided. A query can be said to be covered by an index if: all fields used in the
query are part of an index; all projected fields are part of the same index; and none of the fields in the
query will be null. In processing, the covered query no longer needs to check any original documents
in the database because the required fields are already stored in the existing index.
Experiments conducted in this research are the data collection algorithm modification, to be
proposed algorithm, and also implement query optimization methods. We will compare these proposed
methods to the previous algorithm on query running time and the number of queries executed to
evaluate them. This research was conducted using the 2015 and 2018 National Labor Force Survey
(SAKERNAS) data with selected areas of Lampung, DKI Jakarta, DI Yogyakarta, Bali, and South
Sulawesi provinces. This research flow can be seen in Figure 2.

Figure 2. Research Flow
3. Result and Discussion
R. Munir [18] emphasized that a good algorithm is an efficient algorithm, or in other words,
minimizes the need for time and space. He adds that the time and space requirements of an algorithm
depend on the size of the input, which is typically the amount of data processed. If it is linked to the
algorithm in Figure 3, the input size in the form of steps performed at the variable (a) preparation
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stage itself will increase, considering that there are queries that need to be rearranged for each version
with the corresponding new column.
From the description above, the author considers that the algorithm can be made more effective if
the variable preparation stage (a) can be omitted so that there are fewer steps that must be done,
increasing the effectiveness of the algorithm. In its implementation, omitting this step will cause the
query that was inputted at the beginning can be used for every query of the required version, and later
the process of repeating the query compilation can be avoided.
As for this research, the authors use it as a means to propose a method to eliminate the variable
preparation stage (a) in the algorithm that has been developed in [11]. However, the method proposed
by the author places more emphasis on changing the structure of the survey data storage itself. The
BPS survey data storage algorithm currently used to store data is still simple. First, the raw data from
the BPS survey will be collected in a data lake, which in this case utilizes HDFS. This data lake is
used by BPS as a temporary data storage place, considering that the stored data is still in the form of
raw data, and cannot be directly used for data analysis needs. Therefore, the data will be explored and
transformed first. After passing through the transformation and exploration stages, the data is stored in
a data warehouse. In this storage, the data stored is structured, although in this case, the storage
structure used is still in a relational form, considering that BPS still uses Microsoft SQL Server and
DB2 BLU as a data warehouse for data storage. The algorithm, which will later be referred to as the
basic storage algorithm, can be visualized in Figure 3.

Figure 3. Basic algorithm
to store data based on [19]
The changes to the storage structure proposed by the author are carried out before the data is stored
in their respective data warehouses and applied to all versions of the existing survey results storage
structure. Changes in the structure are carried out by classifying each variable containing the answers
to the same questions in each version of the data into variables with the same coding for each data
collection. Variables with the same coding will then be referred to as classification variables. For
example, a question regarding the respondent's age would be coded as the AGE variable in each
version. Because this classification process is carried out before the data is stored, this process only
needs to be done once on all survey variables that contain answers to questions that have been asked.
If in the future there are new variables containing answers to questions that have not been asked in the
previous survey version, then the classification variable with the same name can be added directly to
the data with a structure containing only these variables, without changing the data structure of the
survey version previously.
The application of variable coding classification to this storage structure will later affect the data
search process, where the variables that will be used in the inputted query will be directly used by all
existing versions of the data. The data storage algorithm after the implementation of the variable
classification process can be seen in Figure 4 and produces a snowballing effect on the data search
algorithm which is shorter than the basic algorithm in Figure 5.
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Figure 4. Proposed algorithm to store data.

Figure 5. Proposed algorithm to search data.
In this case, the author tries to create a database in the form of a metadata collection that contains
the mapping of each variable with the same data content from different years into a single document
containing the name of the mapping variable, the description of the mapping variable, and its mapping
to the actual data document based on each existing version. The collection containing the metadata
will later be used as a bridge from the collection containing the actual data and information related to
changes in the coding of variables in the data collection of each survey version. The metadata
collection in question can be seen as an example of a snippet in Figure 6 and a collection containing
actual data can be seen as an example of a snippet in Figure 7.
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Figure 6. Metadata snippet
used in the basic algorithm
simulation.

Figure 7. Actual data
snippet
used
in
the
simulation of the basic
algorithm.
Furthermore, to compare the basic algorithm and the proposed algorithm, the authors conducted a
data filtering trial using the two algorithms. The filtering test is carried out by repeating 1,000 times,
and then comparing the average and standard deviation of the time used, starting from the query input
process containing the filters that will be used until the data is displayed.
Following the initial goal which intends to compare the two algorithms, which in this case are the
basic algorithm and the proposed algorithm, the author uses two kinds of queries, the first is a query
with column coding that is still not the same for each version and the second is a query with column
coding which has been equalized. In this case, the two queries are queried on different databases due
to different coding structures but have the same data. As the context for the explanation of the query
that will be used, the database used by the author is named SAK2018 for 2018 Sakernas data with
initial coding, SAK2015 for 2015 Sakernas data with initial encoding, and SAK2018_v2 and
SAK2015_v2, respectively, for 2018 and 2015 Sakernas data, respectively. generalized coding.
In this case, a simple query is used to display the number of rows returned from the search results
without displaying each row. The author will compare it with its SQL form to be able to easily
describe what kind of query filtering is used. The following is the form of a query on a database with
coding that has not been generalized if it is queried using SQL:
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SELECT COUNT(*) FROM SAK2018 WHERE (B4_K8>20 AND B4_K6=1 AND
B5_R1A>7)
• SELECT COUNT(*) FROM SAK2015 WHERE (B4_K5>20 AND B4_K4=1 AND
B5_R1A>7)
The two queries above, if translated into everyday language, are to filter data from the survey
results database with the criteria of being more than 20 years old, male, and having at least a high
school education. The three criteria are equally applied to two different databases, namely SAK2018
and SAK2015. Although the criteria are the same, the use of column names from the two databases is
different. This aligns with coding that is still not generalized and requires the author to rematch the
desired criteria with the list of columns that exist in each version. It can be said that the use of this
query is a worthy example for simulating existing algorithms.
The following second form of query is executed on a database whose coding has been generalized,
namely:
• SELECT COUNT(*) FROM SAK2018_v2 WHERE (AGE>20 AND GENDER=1 AND
EDUCATION_END>7)
• SELECT COUNT(*) FROM SAK2015_v2 WHERE (AGE>20 AND GENDER=1 AND
EDUCATION_END_END>7)
The two queries above have the same output function as the previous query. The difference only
lies in the column names that are already evenly distributed in both databases that store the data to be
retrieved. This causes the author does not to need to perform repeated matching for each database, and
it can be said that it is feasible to simulate the proposed algorithm.
The graph in Figure 8 shows that the time used to display the results by the proposed algorithm has
decreased compared to the basic algorithm. The average time used to run the basic algorithm is 816.43
milliseconds, while the time used to run the proposed algorithm is an average of 543.99 milliseconds.
•

Figure 8. Query Running Time Comparison based on search algorithm.
The process of searching and filtering data stored in a database can be further optimized by the
query optimization method. As has been applied in [16], several query optimization methods can be
applied in the data search process using MongoDB. Therefore, in the next step, the author tries to
apply optimization steps to the search query used. The optimization method that has been applied by
the author in this study is the method of query indexing and query covering.
The queries used in searching the data, either before or after the application of the query indexing
and query covering methods are the same. The use of the index in a search query is used by defining
the index to be used first, which in this study can be done by utilizing the native features of MongoDB
itself.
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Like the definition of an index in general, this process is carried out before the query is executed.
MongoDB itself has the cursor.explain and db.collection.explain() functions that can help define
indexes. Both functions help by providing the best index plan for the query to be executed. For query
covering itself, it is an advanced method of indexing, where all the keys used in the query must have
their respective indexes. Query covering itself is intended so that the MongoDB application does not
need to access the original data at all, and only accesses the index that has been defined.
To measure the optimization of the query used, the author compares the time and number of
queries/second in the iteration process of data collection which is carried out 1000 times, then the
average and standard deviation of the time used are taken. Regarding this, the result of each type of
query is the printing of each row of search and filtering results. To describe the query used, here's what
it looks like when translated in SQL:
• SELECT (KAB_NAME, KAB_KODE, B4_K3, B4_K8, B5_R1A) FROM SAK2018 WHERE
(B4_K8>20, B4_K6=1, B5_R1A>7)
It can be seen that the above query has differences from the queries in the previous experiment.
This is because the desired output is all rows, although not all columns are printed to reduce the time
and energy used in this experiment. The results of the comparison of the time used can be seen in
Figure 9.

Figure 9. Comparison of query running time based on query type.
In Figure 9, it can be seen that each method applied tends to reduce the time used to print query
results. The basic query used at the beginning has an average printing time of 1,271.24 milliseconds.
In queries, the application of the query indexing method has an average printing time of 1,217.82
milliseconds, while the application of the query covering method on the basic query has an average
printing time of 1,103.25 milliseconds. So far, the query covering method can be said to be more
optimal than other types of queries.
Figure 9 also shows that the printing time at the beginning and end of the iteration tends to be
higher, this happens because the power used on the MongoDB server-side has not been optimally
deployed, and is in the process of deploying the server memory to perform query processing more per
second. It can be seen from Figure 10 which shows the number of queries performed per second by
each query, that the application of the query covering method tends to process more queries than the
other two. This also causes the printing of the results of these queries to tend to be faster than others.
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Figure 10. Comparison number of queries executed per second based on query type.
After knowing that the query covering method tends to support the optimization of the data search
algorithm, the author performs a comparison again using a query to display the number of rows from
the search results, and then juxtaposed with the results of a simple query using the proposed algorithm.
The results of the comparison of the second stage can be seen in Figure 11, while the comparison of
the mean and standard deviation of the time used by the three experiments to obtain the same results
can be seen in Table 1.

Figure 11. Comparison of query running time on the proposed
algorithm based on query type.
Table 1. Comparison of average and standard deviation query time.
Query Type

Average

Deviation Standard

Base Query on Basic Algorithm

816.43

4.71

Base Query on Proposed Algorithm

543.99

3.31

Covered Query on Proposed Algorithm

518.91

2.96
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Referring to Table 1, it can be seen that the application of the proposed algorithm reduces the
average time used to obtain the same result by 34 percent, or in other words, causes an acceleration in
the average time to reach 50 percent. The standard deviation of the time used also decreased by 1.75 or
about 60 percent. Seeing the reduction of the two indicators, namely the average and standard
deviation of the time used, it can be said that the research related to the application of algorithms and
optimization can be said to be successful.
4. Conclusions and Suggestions
Some conclusions that can be obtained in this study are as follows:
• The data search algorithm that has been developed in previous studies can still be optimized
further in terms of the time required to run search queries.
• The optimization of the algorithms carried out in this study focuses on the submission of new
storage algorithms and optimization in terms of query usage.
• The use of data search time using the algorithm proposed by the author in this study is less
than the algorithm that has been developed by previous studies, where there is an average
acceleration of 50 percent.
• The query covering method applied as an advanced optimization process can be said to be
effective in supporting the data search algorithm optimization process.
• In general, research related to the optimization of this algorithm can be said to be successful
because the time required, both in the process of storing and retrieving data, has been reduced.
The suggestions from writing that can be done in the future to develop the results of this research are
as follows:
• Designing an effective variable classification algorithm and can be used as a reference in the
data storage process.
• Measure the time used in the variable classification process which is carried out in the explicit
data storage process.
• Conduct further research on the storage of structural differences due to specialization or
generalization of variables.
• Implement the use of non-relational databases as an alternative for storing data from BPS
survey results in the future.
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Abstract. Politeknik Statistika STIS (STIS) holds the new students' admission (PMB) every
year which aims to gather, test, and, select all of its applicants who want to continue their study
at STIS. STIS establish a committee during this event named Public Relation (PR) Division.
PR Division to be intermediaries between STIS and the applicants. One of many PR Division
tasks is to reply to all the questions from applicants about administration, procedure, or other
things about PMB and STIS. PR Division is facing some problems that can hinder its
performance to do the tasks. How do we address the problem is the reason that this research
begins in the first place. The goal of this research is to build and establish a web-based system
that is capable to solve all the problems the current system has. The system is divided into two
main functions, the first one is FAQ management by PR Division members. The other function
is a chatbot that automatically answers the question by using the TF-IDF algorithm. The
conclusion on all testing and evaluation is the system that being build is already fulfilled all its
requirements also the system is feasible to be used.

1. Introduction
Politeknik Statistika STIS (STIS) is a vocational university for the diploma programs managed by
Statistics Indonesia (BPS). STIS has a vision to become an official higher education institution that
functions to develop and disseminate knowledge, especially in the fields of statistics and statistical
computing. [https://spmb.stis.ac.id/]
New Student Admission (PMB) is one of the annual activities that is routinely carried out by STIS.
This activity aims to gather all prospective students who are interested in continuing their education at
STIS from all regions in Indonesia. Since 2010, the registration process has been carried out online,
and simultaneously in every province in Indonesia. After registering, the prospective student will
continue according to the stages that have been determined previously.
In carrying out the PMB, STIS also established the Public Relations (PR) Division. PR Division
has several tasks. One of them is to respond to incoming emails from registrants who ask about
procedures and problems related to PMB registration.
Based on the subject matter presented, in 2017 PMB there were around 5000 emails sent to PR
Division containing questions from the registrants. These emails have similarities in terms of the
questions sent, such as questions about registration procedures, questions related to existing facilities
at STIS, activities for the introduction and character-building (MP2K), as well as questions related to
learning activities and service ties at STIS. These emails are also still being replied to manually by the
PR Division, causing a lack of efficiency in handling them. Another problem is that there is no
documentation of the problems that have been answered previously so that only the person who
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handles the problem knows the problem. This results in differences in the knowledge of each member.
In addition, to be able to answer emails, email access must be shared with all members. so that
everyone can see all the emails. it is certainly not secure. In addition, shared emails result in
ineffective email management, which may result in missed emails.
In 2018 the number of emails also increased. In 2019 and 2020, the handling of inquiries is served
by a helpdesk system. However, this system is only to make managing email easier, while the email
response process is still manual even though the questions asked are the same. The number of
incoming emails will not decrease, especially in 2020, and still in 2021, Indonesia is hit by the
COVID-19 pandemic, which causes all activities to be carried out remotely or online. The
socialization process related to PMB, which is usually done with offline visits, cannot be carried out.
So that the question and answer process is served entirely online.
According to Sneiders [1], to increase the level of efficiency in handling the incoming questions,
the help desk FAQ Answering system can be used. The system can also be combined with a chatbot
whose job is to reply to questions related to the implementation of new student admissions activities
automatically. This system can be applied at PMB of STIS. The system works if there is an incoming
question related to PMB, the question will be identified according to the question category, then
answered according to the FAQ library that has been created previously.
Sudyana [2] built a help desk FAQ Searcher system for Consultation in Statistics Indonesia. The
research contains a design system for the help desk FAQ Searcher in assisting the consultation process
at BPS RI. The system uses a search function and TF-IDF [3] in matching the questions entered by the
asker into the existing FAQ library. The difference between this system and the system to be built is
the system that will be built using a chatbot in the question and answer process so that it is more
interactive.
Yafie [4], the use of chatbots as an automatic document finder of Statistics Indonesia. In this study,
the chatbot system was used as an automatic search engine for the results of BPS documentation that
can be used by the public. The difference with the system that will be built is that this system is used
to search for pdf documents, while the system that will be built uses the chatbot feature to search for
FAQs.
Thus to deal with problems in the existing system, we need a system that can handle incoming
questions related to PMB STIS automatically, as well as a knowledge management system for
questions and answers related to PMB STIS. Therefore, the main purpose of this research is to develop
the existing STIS PMB Public Relations Question and Answer system to be able to carry out their
duties more effectively and efficiently.
2. Method
The framework of this research can be seen in Figure 1.
2.1. Data Collection Method
In this study, there are four methods used in the data collection process, namely:
2.1.1. Interview. In conducting system analysis, we used the interview method in doing fact-finding of
the related system. Interviews were conducted on the subject matter related to the current system, in
this case, the employees and lecturers who had been elected to the PR Division of PMB STIS. This
interview was conducted so that an overview of the process of asking and answering questions in the
PR Division, as well as what needs are needed in developing a proposal system.
2.1.2. Information Extraction FAQ. FAQ Information Extraction is done when there are new questions
that come in from the asker. These questions will be answered by the Public Relations section of the
PMB STIS who is in charge, then the questions and answers will be included in the FAQ library so
that if the same question is entered, it will not need to be answered manually again by the PR Division
of PMB STIS.
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2.1.3. Survey. The survey was conducted to collect data related to the System Usability Scale (SUS)
[5]. The results of this survey will later be used as an indicator of the usability of the system built for
use by users. So that the results of this survey will be used as an analytical tool in this study.

Figure 1. Research Framework
2.1.4. Literature Study. The literature study was conducted to collect related theories and research
similar to this research. Literature studies are carried out by reading books, journals, and other studies
so that they can be used to help complete our research.
2.2. Analysis Method.
Based on the results of collecting data related to system development, it has been successfully
obtained that the system's business processes are currently running. Based on the exposure of subject
matter related to the business process of PMB STIS Public Relations in answering questions sent by
prospective students, it is illustrated in the business process diagram in Figure 2.

Figure 2. Current Business Process
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Based on the business process in Figure 2, it can be seen that in carrying out the task related to
answering incoming questions, the questions sent by the asker will be answered by the answerer via
email. The incoming questions are in the same email, thus requiring all PR members to access one
email at the same time.
In addition to business processes, the results of data collection also produce a set of problems that
are still faced by the system that is running. These problems are summarized and illustrated in a
fishbone diagram [6] Figure 3.
Based on the results of the previous analysis, the proposed system has several needs that must be
met. These needs can be divided into two categories, namely functional and non-functional
requirements:
a.
Functional Requirements
1. The new system is expected to be able to answer questions quickly and correctly.
2. The new system should be able to automatically reply to duplicate questions and FAQs from
many incoming questions.
3. The system must also be able to accept questions that do not have an answer in the FAQ and
be able to provide answers to these questions to the asker if they have been answered by a
member of Public Relations.
4. If there are questions that are not yet in the answer library, the system is also expected to be
able to update the question library in accordance with the answers given by the Public
Relations Section.
b.
Non-Functional Needs
1. The system is expected to be active for 24 hours.
2. The system must have a security system that can distinguish between inquiries by humans
and from spam bots
3. The system must be able to provide the data needed by the user exactly when needed.
4. The system must have an effective response time.
5. The output provided by the system must match the input entered by the user.

Figure 3. Fishbone Diagram of Current System
2.3. Evaluation Method
In evaluating the system, researchers used four different methods. Black box test [7] were carried out
to evaluate the features of the system. The system usability scale (SUS) test was conducted to evaluate
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the user's perception of the system being built. The Precision and Recall test [8] was conducted to
evaluate the accuracy of the chatbot in identifying questions.
3. Result and Evaluation
3.1. Proposed System Design
In the system design, there are three main actors in the process of asking and answering questions
related to PMB STIS, and there are additional actors that run automatically, namely chatbots that
function as intermediaries in asking and answering activities. To understand the tasks of each actor, as
well as to understand the business process of the design system, it can be seen in the use case diagram
[9] and the business process in Figure 4 and Figure 5.
Figure 4 shows there are three actors. First, the asker needs to verify himself by entering data in the
form of name, email address, and captcha if he wants to ask a question that has not been included in
the previous database. Meanwhile, if you want to ask a question and see the answer, the asker can do
this directly on the main page. The next actor is a member of public relations. Public relations
members are required to log in first. After logging in, public relations members have the authority to
answer questions that have just been entered by the asker that does not have answers in the database.
Answers given by PR members will be stored first for verification by the super admin before being
sent to the asker. The last actor is the super admin, this actor has the authority to manage the FAQ
database. Things that can be done are adding, deleting, or changing FAQ questions and answers
contained in the database. In addition, the super-admin also has the right to manage the member
database, namely the right to add or remove PR members from the system, as well as verify answers
from PR members.

Figure 4. Use Case Diagram
In Figure 5, it can be seen that the flow of the system starts from the asker who writes questions for
the chatbot. Then the chatbot will look for whether the question is already in the FAQ database or not.
If the question is already in the FAQ database, the chatbot will immediately display the answer to the
question. However, if the question asked by the asker is a new question that has not been included in
the previous database, the chatbot will direct the asker to enter the question into the database. The
asker is required to write down self-verification first in the form of the name and email of the asker, as
well as a captcha code for security reasons. If the question has been answered by a PR member, the
answer is verified first by the super admin. After that, the answer will be sent to the email of the asker
directly.
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Figure 5. Proposed Business Process Diagram
3.2. Proposed System Implementation
The design system is divided into two parts, namely for the asker and the answerer. First, it will
explain all the pages that will be used by the answerer who is a member of public relations. The first
page that will be accessed by PR members is the login page in Figure 6. After the PR members
successfully log in (Figure 6), the user will be redirected to the main dashboard page of the PMB STIS
PR helpdesk system. With the display in Figure 7.

Figure 6. Login Display
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Figure 7. Dashboard
The next page is a login question. This page will display all questions submitted by the asker
manually. There are two options for each of these questions, namely, answer and delete. The delete
option will automatically remove the question from the database. While the answer options will
redirect the user to the answer page in Figure 8. The name and email fields cannot be changed by the
user, but the question can be changed by the user according to their needs. Because when the submit
button is selected. The system will save the questions and answers into the FAQ database
automatically. In addition, the system will also send the questions and answers automatically to the
asker's email address.
The last menu available is the member view menu. This menu will only appear if the logged-in user
has super admin status. So if the one who is logging in does not have an admin user status, the menu
will not appear on the site page. On the member view page (Figure 8) there is a table that contains all
public relations member accounts contained in the database. There is a delete option to delete the
related member data from the database. In addition, there is also a new add menu to add an account for
new members.

Figure 8. Member view display page
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For the asker, there is one main page containing a chat box (Figure 9). In the chatbox, the chatbot
will display answers to questions entered by the user. The page also displays a question guide for users
to make it easier for users to find answers.

Figure 9. Chatbot page display
Users can directly type the question they want to ask in the ask column provided in the chatbox.
When the user enters a question, the reply chat function contained in the program will be executed. In
this function, four steps will be executed sequentially, namely stemming [10] question sentences,
removing words that are included in the stopword list, checking for typos using the Levenshtein
distance method [11], finally sorting the FAQ using the TF-IDF calculation method [12]. The
stemming and stopword functions used by the author are stemming functions that come from the
literary library on the packagist.org website [13]. The stemming and stopword functions used by the
author are stemming functions that come from the literary library on the packagist.org website [13].
The stemming function uses the Nazief and Adriani algorithms [14] and can be directly called to cut
punctuation marks and affixes to words from sentences entered by the user. The stopword function in
the library has also automatically collected a list of all stopwords in the KBBI. After the question
sentence goes through the stemming and stopword stages. Then tokenization will be carried out and
check for typing errors first using the Levenshtein distance method [13]. In checking for typing errors,
the author uses the typing error checking algorithm from the study [13]. The author chooses the
limiting value in the Levenshtein distance algorithm which is in line with [2].
3.3. Evaluation
The SUS test is carried out by asking 15 respondents, who had helped with the PR Division task of
PMB STIS, to run all the features contained in the system. This feature comes from the previous
blackbox test so that it can be seen whether the features on the system are running properly. Based on
the test results, the final average was obtained with a value of 85.5. Based on this value, it can be said
that the system built is acceptable to the user.
In addition, during the implementation of the SUS, respondents were also asked to assist the writer
in finding the accuracy level of the detection of questions owned by the chatbot by asking respondents
to provide questions related to a topic contained in the FAQ, then respondents were asked to ask the
same thing with sentence structure and vocabulary differently. To then calculate the percentage of
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chatbot accuracy in detecting questions. For the precision and recall test, where the precision test
results show a value of 90.667 percent (%), and the recall value is 100 percent (%).
Although the evaluation results show good results, the system can still be improved after being
implemented for naive public users. Thus the value of the feasibility and accuracy of the results can be
increased so that user satisfaction is further increased.

4. Conclusion

In this study, a question answering system was successfully built to help the Public Relation Division
to help answering questions automatically if the question already had an answer stored in the system.
In addition, through this system, the asker and the public relations division member can conduct
manual question answering if the question does not have an answer stored in the system yet. Based on
the evaluation of the system has been accepted by the user.
References
[1] Sneiders, Eriks. (1999). Automated FAQ Answering: Continued Experience with Shallow
Language Understanding. AAAI Technical Report FS-99-02.
[2] Sudyana, A. (2015). Pembangunan Sistem Informasi Helpdesk Modul Sistem Tanya Jawab.
Jakarta Timur: Sekolah Tinggi Ilmu Statistik.
[3] Ramos, J. (2003). Using TF-IDF to Determine Word Relevance in Document Queries. New
Jersey: Department of Computer Science, Rutgers University
[4] Yafie, A. R. (2017). Pengembangan Sistem Penjawab Otomatis Berbasis Chat untuk Pencarian
Data Publikasi Badan Pusat Statistik. Jakarta Timur: Sekolah Tinggi Ilmu Statistik
[5] Bangor, A., Kortum, P. T., & Miller, J. T., (2008). An Empirical Evaluation of the System
Usability Scale. International Journal of Human–Computer Interaction.
[6] Illie, G & Ciocoiu, C. N. (2010). Application of Fishbone Diagram to Determine the Risk of an
Event with Multiple Causes. Management Research and Practice Vol. 2 Issue 1 March.
[7] Everatt, G.D.; McLeod Jr., R. (2007). "Chapter 2: The Software Development Life Cycle".
Software Testing: Testing Across the Entire Software Development Life Cycle. John Wiley
& Sons. pp. 29–58. ISBN 9780470146347.
[8] Ting, K. M. (2011), Precision and Recall. Springer, Boston, MA
[9] Dennis, A., Wixom, B. H., & Roth, R. M. (2012). System Analysis and Design. Vol. Fifth
Edition. USA: Wimbley
[10] Frakes, W.B. & Baeza-Yates, R. (1992). Information Retrieval – Data Structure and Algorithm.
Prentice-Hall, Inc
[11] Navarro, Gonzalo (2001). A guided tour to approximate string matching. ACM Computing
Surveys.
[12] Xia, T., & Chai, Y. (2011). An Improvement to TF-IDF: Term Distribution Based Term Weight
Algorithm. Journal of Software Vol. 6 No. 3.
[13] Librian, A. Packagist Sastrawi. https://packagist.org/packages/sastrawi/sastrawi. diakses pada
19 Juli 2018.
[14] Agusta, L. (2009). Perbandingan Algoritma Stemming Porter dan Algoritma Nazief-Adriani
Untuk Stemming Dokumen Bahasa Indonesia. Konferensi Nasional Sistem dan Informatika
2009.

193

Y A Faeni

Determining the Stopping Point on GPS Data Using Density
Based Spatial Clustering of Application with Noise and
Gaussian Mixture Model Cluster
Y A Faeni
BPS of East OKU Regency
*Corresponding author’s e-mail: you@bps.go.id
Abstract. GPS data is an interesting thing to research. Various studies have been conducted to
find information based on GPS data. In this paper, we propose a novel model for determining
the stopping point on a GPS data for cases of human movement without using transportation
modes. Further, this information can be used to determines human behavior such as fraud and
favorite spot. The GPS data used in this research is the travel data of the SUSENAS survey
officers at the time of updating the census block for 27 households. Density Based Spatial
Clustering Of Application With Noise (DBSCAN) And Gaussian Mixture Model (GMM)
Clustering model is used to create the model. The model made using a flowchart and applied to
the GPS data that has been collected. The results of the developed model show that the
stopping points generated using the DBSCAN cluster model are better than the stopping points
generated using the GMM cluster model. Furthermore, the results of this study will be used to
make model of surveyor fraud.

1. Preliminary
GPS is a satellite system for navigation and positioning using satellites. One of the factors of accuracy
of positioning with GPS is data processing strategy. Following the development of GPS needs in
human life, GPS observation data can be processed using a variety of software. Data collection carried
out by a GPS device to measure the location or research location, distance, absolute location, and land
height from sea level.
Several studies have been conducted to determine the stop point of a GPS data starting from the
stop point when driving a car to the stop point of the movement of animals [1] (Faeni, 2020). Peter
Stoper et al. (2005) describe how GPS devices work and demonstrate the ability of the device to
provide accurate data about travel movements. The study describes the software developed to improve
the ability to analyze data results (Stopher et al., 2005). The latest GPS devices at that time showed the
potential to replace conventional methods of data collection which were not good enough due to
known errors and inaccuracies in the data (Gong L et al., 2014). This study developed a procedure that
made it possible to infer models and destinations on most of the recorded trip data.
Chaoran Zhou et al (2017) using tracking data obtained from smartphones and internet surveys,
drawing conclusions based on data using machine learning methods is used to find out the stops of a
trip. In his research, millions of smartphone-based GPS tracking data were used. Various attributes
such as speed, distance, aim, etc. used to describe the travel status of smartphone users.
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Another research is Jinjun Tang et al. (2017) which uses a two-layer decision framework to model
the behavior of taxi drivers looking for passengers in urban areas. The first layer models the taxi
driver's decision to pick up passengers from one place. The Huff model is used to describe the
attractiveness of the pick-up location (Xiao Z et al., 2017). Furthermore, the Path Size Logit (PSL)
model is used in the second layer to analyze route choices based on some information such as path
size, path distance, travel time and delay due to intersections. The results show that the proposed Huff
model has high accuracy for estimating the driver's pick-up location choice. PSL outperforms
traditional multitomial logit in modeling driver's route choice behavior (Tang et al., 2016).
Subsequent research was conducted by Zong fang et al. (2018) designed a process to identify a
person's journey and activities based on GPS data. The identification process consists of four stages,
namely: determining segment status, detecting activity, identifying trips, and recognizing short-term
activities (Fang et al., 2018). By proposing a method for identifying trips and activities from GPS data,
this study provides a research scheme for detecting other travel information based on GPS data (Yu
Zhang et al., 2018) such as travel mode and travel destination, a sensible decision for transportation
planning and management. urban.
From the various literatures above, it can be learned how research related to the use of GPS data or
time analysis to determine a person's behavior can be studied. Furthermore, this study uses GPS data
and stop time to validate the data collection process in survey activities. Furthermore, the results of the
analysis are expected to assist in making a decision whether a data collection process in a survey needs
to be repeated or is already valid.
2. Research methods
This study uses primary data collected by simulation (Halder, 2006) directly to the field which was
carried out in the case of updating (household updating) SUSENAS. The simulation was carried out at
RT 03 RW 01, Cibeuying Hegar, Sadang Serang on January 12, 2019. Data was collected using an
android application that was made by myself and using a Samsung A50 device.
The development of the stopping point determination model is designed according to the
characteristics of the data generated from the results of the simulation data carried out. The system
simulation is carried out with the following scenarios:
● Susenas Updating Process Simulation
● Target population : 30 households in RT 03 RW 01, Cibeuying Hegar, Sadang Serang
● Simulation time: 08.00 – 11.00
● Device used:
o Samsung A50
● The simulation is carried out in one process without a pause
● The simulation is carried out by direct interviews, walking from house to house
The results of the system simulation can be seen in the following table:
Table 1. Results simulation.
No

Parameter

Method

1

GPS Accuracy

6-14 m

2
3
4

Battery Consumption
A lot of data collected
Data size

6%/hour
669 records
4863 bytes

The data is processed using R software (Handoyo et all. 2017) using the mclust and fpc libraries.
Software is used to create clusters using the DBSCAN (L Ni et all, 2018) and GMM methods. In
addition, R software is also used to visualize data and maps.
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Density-Based Spatial Clustering of Application with Noise (DBSCAN) is one of the pioneer
examples of the development of density-based clustering techniques or commonly known as densitybased clustering(Mumtaz ea, 2010). Among the various types of clustering algorithms, density based
clustering is more efficient for determining clusters on data with different densities(Matheus ea, 1993).
Based on this assumption DBSCAN used in this research.
GMM is a type of density model consisting of components of Gaussian functions. This function
component consists of different Thresholds to produce multi-density models. Yihua (2010) used
GMM to model the distribution of GPS traces across multiple traffic lanes. The GMM naturally
accounts for the inherent spread in GPS data.
In the simulation process, from the target of 30 households, 27 households were successfully met
and interviewed. 3 households could not be found because after being visited the household was not at
home so that household information was obtained from the nearest neighbor. The model is built using
the principle of proximity as a household point determination. Here is a flowchart of the resulting
model:

Figure 1. Model stop point determination.
Determination of the stopping point using model explained by the flowchart image above. The
following steps are carried out in model:
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●

Calculate the distance between all points and point 0 using the haversine formula. Here is the
formula for calculating distance using the haversine formula (Chandra ea, 2020. Saputra ea,
2019):
(
(

)
( )

)

(

(
( )

( )

(

)

)

(

(

( )

( )

)

( )

))

(1)

Information:
lat1
: latitude coordinates at point 1
lat2
: latitude coordinates at point 2
long1 : longitude coordinates at point 1
long2 : longitude coordinates at point 2
PI()
: constant of magnitude pi (3.14)
●
●
●
●

Clustering data using GPS based on distance so as to get a temporary stop point using density
based clustering (DBSCAN) and GMM methods
Calculate the stop time on each cluster
If the downtime > 30 seconds then input as a valid break point. If downtime < 30 seconds
continue loop
Continue iterating over the resulting number of clusters

3. Results and discussion
3.1. Clustering with DBSCAN and GMM
In this study, researchers compared two clustering methods to get clusters that match expectations.
The methods used are DBSCAN clustering (Ester, 1996) and gaussian mixture model (GMM)
clustering (Y Li et all, 2020). Figures 2 and figure 3 show the results of two clustering methods on
GPS data generated by model.

Figure 2. Clustering results with DBSCAN.
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Gaussian Mixture Model

Figure 3. The results of clustering with the GMM cluster method.
Figures 2 and figure 3 show the results of clustering using the GMM and DBSCAN methods. The
DBSCAN method produces 27 clusters as seen from the different colors of 27 groups. The GMM
cluster method produces 9 clusters as seen from the color of 9 groups. The syntax of the R application
use mclust library.
From the results of the analysis, it can be concluded that the DBSCAN method is more suitable for
this research. Because the distance between clusters can be adjusted according to the characteristics of
the distance of the house in a census block. So that the resulting cluster can be more in line with the
actual situation.
3.2. Evaluation of model
This evaluation is carried out by comparing the average stopping point resulting from the model
calculation with the stopping point seen based on the Google Maps application. The evaluation steps
are as follows:
Hypothesis
The hypotheses in this evaluation are:
● H0 : : There is no average difference between the variables in the generated GPS data
● H1: The average between the variables in the resulting GPS data is different
If the p-value/ Sig. 0.05 then H0 is accepted.
If the p-value/ Sig. < 0.05 then H0 is rejected
Normality test
Normality test was performed using Shapiro-Wilk (Hinton et al., 2014) on R software. All p-values
> 0 ,05. So it can be concluded, all variables with normal distribution are normally distributed and
there is no need for data normalization process.
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Figure 4. Stop point normality test results with R . software..
Test Multivariate t-test
Because the conditions for the normal distribution assumption are met, then the sample data can
then be tested with parametric statistics, namely the paired t test (multivariate) (Kim T, 2015). It can
be seen in the figure below that the p-value is 1, which means > 0.05, then accept H0 and H1 is
rejected. So it can be concluded at a 95% confidence level that the stopping point calculated by model
II is the same as the actual stopping point seen with the Google maps application.

Figure 5. Result of multivariate t-test.
Next, overlay the points on the map using the R application with the leaflet library. There are 2
sets of points that are overlaid on the map, namely the starting point of method II and the stopping
point of model . Figure 6 show the results of the point overlay.

Figure 6. The result of overlaying the starting point of model on the map.
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4. Conclusion
Based on the results and discussion, this study can conclude several things, including:
1. This study succeeded in making a model for determining the GPS stopping point of human
activities not using the mode of transportation (walking) and evaluating the model.
2. The DBSCAN Clustering model is more suitable to be used to determine the stopping point in
the GPS data of the SUSENAS updating case study.
3. The results of the evaluation of the stopping point show the model for determining the
stopping point according to reality compared to the point on google maps with a 95%
confidence level.
This research can be used to determine the research stop point using GPS data in cases of
movement not using transportation modes. Furthermore, we will use the results of this study to create
a surveillance system in a survey that can detect surveyor falsification. We suggest more study to
differentiate the activity of humans when they stop it can be for work or just to rest.
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Abstract. In the last decades, the internet penetration rate and online social network users have
grown very fast. Online social network, such as Facebook, is a platform where one can find
friends without having to meet face to face. A social network is represented by a large graph
because it involves many participants. Hence, it is hard to find potential friends who have the
same thoughts and interests. The Local Walking Based on Social Network Trust (LWSNT)
algorithm is one of the popular algorithms for social friend recommendation. This study reexamines whether the correlation between attributes gives un-match ranks in different cases
(cases with and without correlation). We assess the performance of LWSNT in Facebook
networks under the supervised manner by comparing its F-score against similar methods. By
using Kendall’s tau correlation, the results show that the correlation of attributes has no
significant effect on the order of friend recommendations. In addition, the LWSNT
performance is quite inferior against the Common Neighbors algorithm and Jaccard index.

1. Introduction
In recent years, the internet has grown rapidly to connect people across different countries and
continents. People not only live in the real world but can also be in the virtual world. Social media is a
platform where one can find friends without having to meet face to face. Likewise in the real world,
the virtual world also allows someone to connect with each other. Thus, if we draw a line that
represents the relationship among internet users, a social network can be created in graph form.
A social network comprising many participants is represented by a large graph [1], in which
suitable friends (potential edges) are difficult to identify. FOF (friend of a friend), one of the most
popular friend recommendation algorithms, selects friends based on the number of mutual friends
among users by focusing on the relationship between users and ignoring the effect of the attributes of
each user. Yu et al [2] introduced a new algorithm that combines a social graph with the influence of
the attributes of each user, which is called the LWSNT (Local Walking on Social Network Trust)
algorithm. It utilizes each user's attribute information to find potential friends with similar interests.
However, the LWSNT algorithm assumes that each attribute is mutually independent and ignores
any correlation between attributes. For example, a woman tends to have a hobby in cooking, which
means the age and gender attributes tend to determine a person's interests. Hence, a crucial question
arises, “How the combination of attributes that correlate will affect when we calculate the user's trust
index?”. In this paper, we re-examine the LWSNT algorithms in two ways. First, we examine whether
the correlation between attributes has a significant effect on the order of top-N friends who will be
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recommended to the target user. Second, we also investigate the performance in the real-world
Facebook social network against competitor algorithms under the supervised settings. We compare the
accuracy of LWSNT with the two popular methods: the Common Neighbors and Jaccard index.
2. Related Works
Murad, et al [1] introduced a new algorithm to help someone find a suitable friend on the friends list
using the graph colouring method. For instance, a manager will select a candidate for a job based on
the characteristics of the applicants. When a manager knows the characteristics of a person, then the
manager will decide which one will be the best candidate to be selected. The algorithm of Chin et al
[3] selects friends based on the proximity (physical) and interest features. They found that the choice
of a friend was influenced by previous meetings and encounters.
A social network can grow into a huge size. User's personal information can be used as an indicator
to see the interest of the user. Lee & Brusilovsky [4] shows that social connections indicate similarities
between users depending on the strength of the connection between these users. This similarity is
greater when users are directly connected and decreases with the distance between users. In social
networks, trust is an effective way of assessing human interaction both offline and online [5].
Gambetta, a sociologist, states that trust is a subjective assessment of one agent to judge another agent
[6]. Yu et al [2] introduced an algorithm to recommend friends by combining social graphs with user
attribute information to calculate the degree of trust of social network users. From this study, the
results obtained that 1) In the Sina Weibo microblogging network, the LWSNT algorithm is generally
superior to the Common Neighbors (CN) and Jaccard algorithms, 2) The performance of this
algorithm is affected by the number of friends of the target user, more friends used, the better the
performance of this algorithm.
3. Research Methodology
3.1. Research Framework
Recall that in this study, we want to find an attribute correlation effect on the order of friend
recommendations. Based on the notation of Berndtsson [7] and Polancik [8], the following diagram
shows the research framework of such goal.

Figure 1. Research Framework
3.2. Research Methods
Relationships between users can be represented using graphs. When the relationship is connected in
two directions, the graph used is undirected [9,10]. Meanwhile, when there exist possibilities of oneway relationship (a user may not follow the other), then a directed graph is used. In this study, we use
undirected graphs in which every relationship is symmetric, that is A is related (or not) to B in exactly
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the same way as B is related to A, where nodes represent the member of a network and an edge
indicate relationships. In the following, we describe the research methods used in this study.
3.2.1. Breadth First Search (BFS) Algorithm. The BFS algorithm is a search algorithm that explores
the nodes in a wide manner and exploring all possible actions at one level. This algorithm will be used
in the LWSNT algorithm to find friends who will be recommended (potential friends). The search is
carried out from the target user node, then continued with the neighbouring node. Such mechanism is
contradict to other search algorithm, such as the Depth First Search (DFS) as shown in Figure 2.

Figure 2. Comparison of Breadth First Search (BFS) and Depth First Search (DFS) node exploration
and searching algorithm
3.2.2. Local Walking Based on Social Network Trust (LWSNT) Algorithm. The LWSNT algorithm is a
friend recommendation algorithm that combines a social graph with the method of calculating the trust
degree of the target user which is calculated using attribute information, such as age, gender, hobbies,
and so on. According to [2], this algorithm has the following stages.
Table 1. Step of LWSNT Algorithm
Step
Step 1

Procedures
Create a social graph based on existing relationships/edges. An example of a simple
social graph can be seen in Figure 3.
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Step

Procedures
Figure 3. Simple social graph

Step 2

Calculate the trust index of each attribute of the target user (yi) using the attribute
information used with equation (1):
(

(

)

)

(1)

| ( )|

where yi is the trust index at each node, xi is the value of each variable, si is the number
of friends of the target user who have the i-th attribute value, |F(v)| : the total number of
friends of the target user. For example, target user A has 10 male friends and 30 female
friends, then yi(x = female) = 30/40 = 0.75. And so does x = male.
Step 3

Explore each node using the Breadth First Search algorithm to find candidate friends to
recommend. Then calculate the trust index for each candidate (Yid) with equation (2) :
(

∑(
With

| ( )|

)
)

(2)

:
(3)

where Yid is the trust index of each candidate, is the trust attenuation factor, k is the
level value used in node browsing (according to the six-dimensional theory, the value k
ranges from 2 to 6), tid : level of walking steps each candidate friend to target user, and zi
is the weight given to each attribute with default value = 1
Step 4

Order Yid from largest to smallest. So that the elements in the first N are top N friends
who will be recommended to the target user.

3.2.3. Cramer’s V. Cramer’s V and Phi is the most popular of Chi-Square-based measure of two
categorical variables association. The difference between the two lies in the size of the contingency
table used. Phi represents the association between two dichotomous variables, while Cramer’s V is
used to measure the association between two categorical variables when there is more than a 2 x 2
contingency table. Cramer’s V can be calculated using the following formula: [12]
√

(

(4)

)

where V is the Cramer’s V coefficient,
is calculated Chi-Square, n is the sample size, and M is the
minimum number of rows or columns. Chi-Square test statistic is calculated as follows:
∑

(

)

(5)
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where
is the Chi-Square statistic, k is the number of cells, fb is the observed absolute frequency
within cell j, and fe is the expected absolute frequency within cell j.
Cramer’s V can be generalized for varying sizes because it is not affected by sample size. It can be
useful in comparing multiple
test statistics which mean comparing several correlations between
variables with each other. The value of Cramer’s V ranges
. Interpretation of Cramer’s V test are
shown in the following Table 2 [12].
Table 2. Interpretation of Cramer's V
Estimate values

Interpretation
Negligible
Weak
Moderate
Relatively strong
Strong
Very strong

3.2.4. Kendall’s Correlation. The Kendall’s correlation is a non-parametric statistic to test the
relationship between two variables with data in the form of scores that can be ranked, at least ordinal
measurement variable. The null hypothesis on this test is that there is no relationship between the two
variables [13].
(

(6)

)⁄

where denotes Kendall’s correlation coefficient, is the number of scores in the order of fairness
of the data pairs on one of the variables, and n is the number of pairs X and Y (item) being ranked.
Kendall’s is extension of Spearman’s rank, where it be used when the same rank is repeated too
many times in a small dataset [14]. Spearman’s rank correlation is the also non-parametric method to
measures the strength of association between two ranked variables. Compared to the Spearman's rank
correlation, Kendall's is used less frequently. Spearman’s rank correlation can be measured by the
formula:
(

)

(7)

where denotes Spearman’s rank coefficient, d is the difference between the two ranks of each
observation, and n is the number of observations.
Both coefficients can measures the correlation in the same type of information. In general, they
attain different values. Both of them have sensitivity to detect existence of correlation. In Spearman’s
rank, the smaller number of samples, the more deviates from the actual value. Kendall’s does not
provide a biased estimate of the true value [11].
3.2.5. Common Neighbors and Jaccard Index Method. As comparison methods, this study uses the
methods based on node similarity which takes the common neighbour as the consideration, like
Common Neighbors [15] and Jaccard index [16]. Common Neighbors measure the node similarity
only by considering the numbers of friends in common, while Jaccard index in addition to the number
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of friends in common also considers the total number of friends for two users. Each method as shown
in Equation below:
Common Neighbors :
(

)

| ( )

( )|

(7)

(

)

| ( )
| ( )

( )|
( )|

(8)

Jaccard index :

where ( ) is a set of friends from the user x.
4. Results and Discussion
This study uses the Facebook network data which is publicly available on the Stanford website:
https://snap.stanford.edu/data/ego-Facebook.html. The dataset has 4,039 nodes, 88,234 edges, and
1,406 attributes. For user security protection, this dataset uses the anonymous feature. For instance, the
original dataset may have contained a feature "gender = male", then the new data would simply
contain "gender = anonymized feature 77". Thus, using the anonymized data it is possible to determine
whether particular attribute has the same value for any two members, but not the value of this
attribute.
4.1. Evaluation of Friend Recommendation Criteria of LWSNT Algorithm
Trust index is degree of trust between the target user and all his candidate friends. The target user as a
user who will be given a friend recommendation is a user with ID 0. Then a friend candidate is
explored using the BFS algorithm. The level value used in node browsing (k) is 3, so BFS will browse
each node in a wide range from V1 to V3. From a large dataset consisting of thousands of nodes and
tens of thousands of edges, we reduce it to small data by only taking the target user's social network,
i.e, user ID 0. So that we get the number of 150 nodes of friends (V1), 3 nodes of friends of friends
(V2), and 103 nodes V3. In total, 257 nodes used, with 3 attribute information: gender, locale, and
location. First, we calculated the correlation of the combination of attributes using Cramer’s V. The
correlation results are obtained as shown in the Figure 4.

Figure 4. Heat Map of Correlation
X, Y, and Z each represent a combination of attributes: gender - locale, gender - location, and
locale - location. Based on interpretation of Cramer’s V test are shown in the Table 2, we can see that
X has no correlation, Y has a weak correlation, and Z has a relatively strong correlation. Hence, there
are three cases to be tested a rank match: X – Y, X – Z, and Y – Z. Then the BFS algorithm is used to
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explore nodes starting from vertex 0. Each node that is explored at each level is calculated for its trust
index against the target user. The trust index is evaluated for each pair of attributes. The following
shows some trust index values for each node in each combination of variables.
Table 4. Trust index values for each combination of variables
Combination of variable

Node

X

Y

Z

2

0.2575

0.2425

0.025

3

0.59

0.3475

0.4625

7

0.59

0.3475

0.4625

…

…

…

…

566

0.1633

0.053

0.125

569

0.1967

0.0858

0.1242

570

0.1967

0.0792

0.1175

1025

0.1967

0.0867

0.125

Nodes that have the same index value may also have the same features value. That is because index
calculation uses the attribute value for each user, multiplied by a given weight. The Kendall Tau
correlation test will see the relationship of 3 cases that have been defined previously based on the
ranked of the data. The result of Kendall’s test as shown the table below.
Table 5. Results of the Kendall's test
Combination
of cases

P-value

Conclusion

Correlation

X and Y

0.0

Rank match

0.754

X and Z

0.0

Rank match

0.683

Y and Z

0.0

Rank match

0.755

From the above table, the three pairs have shown the same conclusion, i.e., that there is a rank
match. When calculating the relationship of ranked data between the uncorrelated X and the weak
correlated Y, it found that they both has the same rank. This also applies to Z which has a strong
correlation. It means that there is or no a correlation does not affect the order of friend
recommendations from the LWSNT algorithm. Therefore, when entering the correlation into the
calculation of the trust index or simply assuming that the variables are independent of each other, there
is no significant effect on the order of friend recommendations.
4.2. Evaluation of Friend Recommendation Accuracy of LWSNT Algorithm
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To measure the accuracy performance of LWSNT algorithm against other algorithms in real-world
Facebook network dataset under the supervised setting, we use the weighted accuracy, that is F-score
metric as an evaluation criterion. Using data on 68 target users, and we take test data as much as 10%
of friends from the target user and the remaining 90% is train data. Then, we run the algorithm to get a
list of friends' recommendation results on top-N. The list of recommendation results is then searched
for compatibility with the test data that has been defined at the beginning. The following table shows
the F-score of each algorithm at a different number of N.
Table 6. The F1 value of three kinds algorithms when the number of |𝑭(𝒗)|>
N=1

N=2

N=5

N = 10

LWSNT

0.035

0.066

0.126

0.152

Common Neighbors (CN)

0.154

0.289

0.509

0.622

Jaccard

0.149

0.277

0.516

0.638

The above table shows the performance of the 3 algorithms when the target user has many
friends. The table shows that the more the number of recommendations, the better the performance
generated for the three algorithms. Jaccard's performance is the best, little difference from the
Common Neighbors. CN is the best algorithm at N very small, whereas Jaccard have best performance
at N greater. In contrast, LWSNT has the poorest performance in all setting, because it has the lowest
F-score per N compared to the CN and Jaccard algorithms.

Figure 5. Comparison of F-score between the three algorithms
Through the experimental evaluation, the following remarks can be drawn. First, each algorithm
performs better with more recommendations. Second, Common Neighbors (CN) and Jaccard index are
superior performance to the LWSNT algorithm in the Facebook network.
5. Conclusion
In this study, we re-examine the performance of LWSNT in real-world Facebook online social
network dataset by examining whether the correlation between attributes gives un-match ranks in
different cases (cases with and without correlation). To measure the performance of LWSNT in
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Facebook networks under the supervised manner, the comparison of F-score metric against similar
methods is conducted.
By applying the non-parametric correlation test to 3 difference combinations of attributes, the
results show that there is a rank match between the combinations. In other words, the correlation does
not give a significantly different order of results. Hence, it can be concluded that when the user has
attribute information more than one, where there will be a possible correlation between attribute, it
does not have a significant effect on the order of friends' recommendations.
Additionally, the performance of LWSNT algorithm in friend recommendation is greatly affected
by the structure and type of graph constructed from the social networks. In the Facebook social
network, the LWSNT has inferior performance compared to the node similarity-based methods such as
the Common Neighbors (CN) and Jaccard index recommendation. Further improvement to the
LWSNT friend recommendation criteria is expected and left to our future work by incorporating the
low-dimensional features of graph structure into consideration.
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Abstract. One of the educational problems that must be faced by East Java Province is the low
reading culture of the community. The level of reading culture can be indicated by the Reading
Literacy Activity Index (Alibaca Index). Alibaca Index of East Java is only 33.19 which value
is included in the low category. So, this research uses the indicators that compose the Alibaca
Index to classify regencies/cities in East Java Province. The analysis process carried out in this
research uses one of the unsupervised learning algorithms, namely the K-Means algorithm.
Analysis using the K-Means algorithm for grouping regencies/cities in East Java Province
based on the indicators that compose the Alibaca index gives the results that the
regencies/cities of East Java Province are divided into 3 clusters based on the optimal number
of clusters according to the result of the elbow and silhouette method. Cluster 1 consists of 20
regencies and cities, cluster 2 consists of 10 regencies, and cluster 3 consists of 8 cities. Each
cluster has different characteristics, cluster 1 is the cluster with the lowest skill dimension,
while the cluster 2 area is an area that dominates the access dimension, alternative dimension,
and cultural dimension, meanwhile, the third cluster does not have dominance in these 3
dimensions, which means that cluster 3 is the government's priority for improving reading
activities, so the result of the analysis can help the government to develop strategic policies to
achieve educational equity, especially concerning literacy levels based on the characteristics of
each regency/city in East Java Province.

1. Introduction
Education gives a big contribution to the success of a nation. The level of educational attainment can
be shown through the literacy level in the community. Literacy has a high correlation with educational
attainment. The higher the literacy level, the better the educational attainment. One of educational
attainment in Indonesia is the eradication of illiteracy with significant results. This is evidenced by the
increasing Literacy Rate in Indonesia as indicated by figure 1. The diagram shows that the Literacy
Rate in Indonesia increasing continuously from year to year. This information shows that more
Indonesians are literate, meaning that the government has succeeded in increasing the eradication of
illiteracy so the education access can be expanded. However, the success of the government in
eradicating illiteracy and expanding access to education has not been followed by the success in
cultivating a reading culture in the community.
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Figure 1. Literacy Rate in Indonesia (Source: bps.go.id, 2011 – 2019).
Various surveys show unsatisfactory results. Survey of Programme for International Student
Assessment (PISA) in 2015, placed Indonesia at 64th of 72 countries. During the period 2012 – 2015,
the PISA score for reading in Indonesia only increased 1 point from 396 to 397. The test results show
that the ability to understand the reading materials, especially text documents, in Indonesian children
aged 9-14 years is in the bottom ten [1]. The same issue also happened in East Java Province, where
the Literacy Rate in East Java Province was already high but the reading culture in the community was
still low. The Literacy Rate of each regency/city in East Java in 2019 is shown in figure 2.

Figure 2. Literacy Rate in Each Regency/city in East Java Province, Indonesia
(Source: jatim.bps.go.id, 2019).
Figure 2 shows that the Literacy Rate in each regency/city in East Java has reached a number above
80 except for one regency, is Sampang Regency which has a Literacy rate of 78.12, but the figure of
78.12 can be said that Literacy Rate in Sampang Regency is also high. This means that many residents
of East Java Province were literate, but unfortunately, it is not followed by a high reading culture. The
level of reading culture can be indicated by the Reading Literacy Activity Index (Alibaca Index).
Reading Literacy Activity Index (Alibaca Index) of East Java Province only 33.19 which is in the low
category, and if the province in Indonesia is sorted from the one with the highest index to the lowest,
then the 33.19 figure put East Java province at rank 26 of 34 provinces in Indonesia, or in other words,
East Java Province occupies the 9th lowest position among other provinces [2].
The problem of low the Reading Literacy Activity Index (Alibaca Index) of East Java is one of the
problems that must be completed by all residents of East Java Province, especially the Governor of
East Java, who makes education one of the points contained in Nawa Bhakti Satya. Nawa Bhakti Satya

212

H A Azies and A F D Rositawati

was the nine main programs in the governor campaign promise during the East Java gubernatorial
election last year. So, it is necessary to do research that could help the government in making
decisions to increase the Alibaca Index of East Java Province. So, one of the points Nawa Bhakti
Satya namely East Java Smart can be realized.
Therefore, this research was conducted with the purpose to help the government in realizing the
East Java Smart by clustering regencies/cities in East Java Province based on the indicators that
compose the Alibaca Index. The clustering method is used because the educational attainment in each
regency/city in East Java Province is different which can be caused by the gap in educational resources
and facilities between regions, community groups, and socioeconomic levels. So, it is necessary to
know which regencies/cities have the same characteristics and are in the same cluster. Thus, the
education policies taken can be adjusted to the characteristics of educational attainment in each
regency/city, and the policies can be equated to regencies/cities that are in the same cluster and have
the same characteristics. So, in this case, the cluster method can be useful for determining which areas
have indicators of the Alibaca index that is already high, and which areas have is still low and must be
prioritized by the government.
One of the previous research that provided benefits from using the Cluster method was conducted
by Soemartini and Supartini, that research aimed to find out which areas in West Java were prioritized
to get assistance from the Government, and the results of clustering with the K-Means method shows
that regencies/cities in the second cluster require more assistance than regencies/cities in the first
cluster [3]. Therefore, the cluster method used in this research will also be able to provide benefits to
find out which areas in East Java should be prioritized by the government in increasing the
community's reading activities. Other research related to K-Means in the field of education also has
been carried out, including Liu in 2017 used the K-Prototypes clustering method related to distance
education [4]. Shovon in 2012 by comparing k-means clustering and decision trees related to student
academic achievement [5], with the same subject Rani et al. in 2021 using K-Means and FP Growth
[6]. Meanwhile, a new development related to K-means by Sinaga in 2020 [7] and by Wu in 2020 [8].
Based on several previous researchers, no research was found that groups the province of East Java
with any of the unsupervised learning approaches, namely K-means in the case study of the Reading
Literacy Activity Index (Alibaca Index). Therefore, this study will be the first study to explore the
results of the Alibaca cluster of indices in East Java using the K-Means method.
2. Literature Review
This section will explain Reading Literacy Activities Index (Alibaca Index), and previous research that
is relevant to this research.
2.1. Reading Literacy Activity Index (Alibaca Index)
The problem of low reading culture is one of the important issues in understanding the low level of
literacy of the Indonesian people, including the inhabitants of East Java. It is believed that people who
have a high reading culture also have a high level of literacy. However, to encourage people to have a
high reading culture, several prerequisites are needed. The efforts to improve people's interest in
reading must start with the effort to improve people’s ability to read. The ability to read is a
prerequisite for accessing reading. After having the ability to read, then further is developing the habit
of reading. Efforts to develop the habit of reading is cannot be done without the availability of
materials for reading and other supporting facilities. So, the culture of reading does not grow by itself
but requires several components, there are: (1) the ability to read, (2) the availability of materials
reading, and (3) the development of reading habits. Without one of the three components, will be
difficult to build a reading culture [9].
Another reference mentions the same thing that the culture of reading does not grow by itself, there
are four dimensions that can influence the occurrence of literacy activities. The fourth dimensions are
among others [10]:
 The skill dimension is the first requirement for someone to be able to access and read literacy
resources.
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 The Access dimension is supporting resources where the community can take advantage of
literacy resources, such as libraries or bookstores.
 The alternative dimension is a variety of information and entertainment technology options.
Alternative here can be interpreted as another option provided by electronic and digital devices
in accessing literacy resources.
 The cultural dimension is ideas, values, norms, and meanings formed by families, communities,
and the wider environment that also influence literacy behavior. In this case, culture is
interpreted as an effort to form literacy habits.
Four dimensions that were described above had a role important and related to each other in
supporting the literacy activities, so the absence of one dimension will affect the function of the other
dimensions. For example, reading skills and abilities will influence how access to reading materials
can be optimally utilized. Likewise, the ability to access various alternative information technology
will affect how the technology is used to access information. So, the Reading Literacy Activity Index
(Alibaca Index) is composed of four dimensions, that is Skill Dimension, Access Dimension,
Alternative Dimension, and Cultural Dimension. Each dimension is considered as a factor that jointly
supports the occurrence of reading literacy activities [1].
2.2. Previous Research
Many previous kinds of research using the K-Means Clustering method have been carried out, one of
them is research to Clustering the Illiteracy Rate in Indonesia. The purpose of that research is to
cluster the provinces in Indonesia by the level of the Illiteracy Rate, so that can be prioritized to areas
with a high level of Illiteracy Rate. The result of that research gives information that the K-Means
Clustering method can classify the provinces in Indonesia based on the level of the Illiteracy Rate. So
the result can help the Government for taking strategic policy in achieving educational equity in
Indonesia [11]. Another research by the method of K-Means Clustering has also been done with the
title of Cluster Analysis with K-Means Methods to cluster the regencies/cities in Maluku Province
using the Human Development Index (HDI) indicators. That research gives information about the
benefits of the K-Means algorithm to clustering the regencies/cities in Maluku Province based on the
same characteristics of the area in terms of the four indicators of the HDI. The four indicators are Life
Expectancy, Per Capita Expenditure, Literacy Rate, and Average Duration of School. Two of them are
measures in the field of education, that is the Literacy Rate and Average Duration of School [12]. In
addition, research related to clustering related to participation rates in the Indonesian province was
carried out using the K-Means method with Rapidminer. The analysis gives the result that the
provinces in Indonesia are clustered into three clusters, with DI Yogyakarta as the highest cluster and
North Kalimantan as the lowest cluster, while the remaining 32 provinces form clusters [13].
In addition, the research carried out by Monica et al comparing several unsupervised learning
methods including K-Means, K-medoids, and Self-organizing map (SOM), the results of this study
indicate that the K-means method is the most optimal method based on the silhouette coefficient value,
compared to the other two unsupervised learning methods [14]. Based on the two studies previously
mentioned, it can be seen that the K-Means Clustering method able to cluster observations or regions
based on the indicators of education like Literacy Rate, Illiteracy Rate, and Average Duration of
School. So, in this research, regencies/cities in East Java Province will be grouped based on one
measure of education, namely the Reading Literacy Activity Index (Alibaca Index). Research on the
Reading Literacy Activity Index (Alibaca Index) has never been done before because this index is a
new measure in the field of education that was just published in 2019 by the Ministry of Education and
Culture.
3. Material and Method
This section will explain the data source and research variable. Besides that, it also explains the
method that is used in this research, which is Cluster analysis.
3.1. Data Source and Research Variable
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The data in this research were obtained as a secondary from the publication of the Central Statistics
Agency of East Java Province in 2019. The research data used is an indicator of the Reading Literacy
Activity Index (Alibaca Index) that consists of four dimensions, which are the Skills Dimension, the
Access Dimension, the Alternative Dimension, and the Cultural Dimension. The indicators for each
dimension used are described in Table 1.
Table 1. Indicators for Each Dimension of the Alibaca Index.
Dimension
Skill
Access

Indicator
X1
X2
X3
X4
X5

Alternative

X6
X7
X8
X9

Cultural

X10
X11
X12







The Name of Indicator
Literacy Rate
Average Duration of School
Number of Schools
Number of Villages According to Availability of
Community Reading Gardens
Number of Villages According to Base Transceiver
Station (BTS)
Number of Villages According to Cellular Phone
Signal Presence
Number of Villages According to the Presence of GSM or
CDMA Internet Signal
Number of Villages According to Availability of Illiteracy
Eradication Activities
Number of Villages According to Availability of Al-Quran
Education Park
Number of Villages According to Television and Radio
Programs Accepted by Residents
Number of Villages According to Availability of
Educational Activities Package A/B/C
Number of Villages According to Availability of
Playgroups

The Skill Dimension explains the level of community skills in accessing reading materials,
this dimension is described by two indicators: (1) Literacy Rate, and (2) Average Duration of
School.
The Access dimension explains the availability of literacy resources both at school and in the
community, this dimension is described by two indicators: (1) Number of Schools, and (2)
Number of Villages According to Availability of Community Reading Gardens.
The Alternative dimension explains the options or possibilities provided by electronic and
digital devices in accessing information both at school and in the community. To be able to
access information electronically and digitally, a signal or internet network must be
available. So, the indicators that can describe the Alternative dimension are (1) Number of
Villages According to Base Transceiver Station (BTS), (2) Number of Villages According
to Cellular Phone Signal Presence, and (3) Number of Villages According to the Presence
of GSM or CDMA Internet Signal.
The Cultural dimension explains the extent to which people's habits or behavior in accessing
literacy materials. The availability of activities or programs in the community is expected to
improve people's habits or behavior in accessing literacy materials. So, in this case,
the cultural dimension can be described through indicators (1) Number of Villages According
to Availability of Illiteracy Eradication Activities, (2) Number of Villages According to
Availability of Al-Quran Education Park, (3) Number of Villages According to Television and
Radio Programs Accepted by Residents, (4) Number of Villages According to Availability of
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Educational Activities Package A/B/C, and (5) Number of Villages According to Availability
of Playgroups.
3.2. Cluster Analysis
One of the statistical methods used for clustering of observations is cluster analysis [15]. Cluster
analysis is a data mining method that is used to search for data and then group them based on the
similarity between one data and others. So, observations in the same group have relatively
homogeneous than observations in the different groups [16]. Cluster analysis consists of two types,
that is hierarchical and non-hierarchical clustering. In hierarchical clustering, it is not yet known how
many groups will be formed. While in the non-hierarchical clustering, it is already known how many
groups will be formed. This research will use one of the non-hierarchical methods, that is K-Means
Clustering.
3.2.1 K-Means Clustering. K-means clustering is one of the non-hierarchical methods that partition
the observation into one cluster or more, so the observation that has the same characteristics will be
grouped into one group, and the observation that has the different characteristics will be grouped into
another group [17]. K-Means Clustering grouped the data into the k groups based on the centroid of
each group [18]. K-Means method is the clustering algorithm based on the distance that divides the
data into the clusters and the algorithm is only working on the numeric attributes [19]. Grouping the
data by the K-Means method follow these algorithms below [20]:
 Define the number of groups
 Allocate the data to the group by random
 Calculate the center of the group or the centroid for each group. The centroid in each group is
calculated from the average of all data for each feature. If M represents the number of data in a
group, i represents the i-th feature in a group, and p represents the data dimensions, then the
centroid of the i-th feature is calculated using equation (1).
∑

(1)

calculations using equation (1) are performed as many as the data dimensions which is
represented by p. So, the calculations are performed from i = 1 until i = p.
 Calculate Euclidean to know the distance of the data to the centroid. Once the distance of the
data to the centroid is known, then each data is allocated to the closest centroid. Euclidean can
be calculated using equation (2).
,(

)

) -

(

(2)

compare the distance of the data to the centroid of each existing group, then reallocate the data
into each group. Data will be reallocated to the group that has centroid which closest to the data.
According to [1] this allocation can be determined using equation (3).
{

* (

)+

ot er

(3)

is the point membership value to the centroid, d represents the closest distance from
the data to K groups, and is the 1st centroid. The membership value of the data in the group
and the distance are then used to determine the objective function used in the K-Means method.
According to [20] the objective function can be calculated using equation (4).
∑

∑

(

)

(4)

where n represents the number of data, while the number of the group is represented by k,
is
the value membership of a point
to a group
that followed. has a value of 0 or 1. The
value
= 1 if the data is a member of a group. If not, then the value
= 0.
 Go back to the 3rd step if there are still data that move to other groups or if there is a change in
centroid position.
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3.2.2 The Elbow Method. It is important to decide the optimal number of clusters. One method that
can show the optimal number of clusters is The Elbow method. This method works by considering the
percentage of comparative results among the number of clusters that will shape an elbow at a point.
The elbow method will choose the value of the cluster and then add the value of the cluster to be
applied as a model of data in deciding the optimal number of clusters. Here are the steps in defining
the value of K in the K-means using the Elbow method [21]:
 Determine the initial K value
 Increase the K value
 Do the calculation using equation (5) to get the Sum of Square Error (SSE) from each K value
∑

∑

‖

‖

(5)

 Note the SSE result of the K value that dropped drastically
 Determine the K value in the form of an angle.
3.2.3 Silhouette Coefficient Method. With this method, it will be known the power and quality of a
cluster and can show how optimally an observation is entered into a certain cluster. Here are the steps
to calculate the Silhouette Coefficient [21]:
 Get the average distance between one observation with all other observations that are in the
same cluster by doing a calculation using equation (6).
()

| |

∑

(

)

(6)

equation (6) above gives an example to calculate the average distance between observation i
with observation j. Both observation i and j are in cluster A. While, ( ) indicates the distance
from observation i to observation j.
 Get the average distance between observation i with all other observations that are in the
different clusters by doing a calculation using equation (7), then select the smallest average
distance value.
( )
∑
( )
(7)
| |
where C is another cluster that is different from cluster A, and the average distance between
observation i with all observations in another cluster C is indicated by ( ), and value ( ) is
calculated using equation (8).
()
( )
(8)
 The last step is doing calculations using equation (9) to get the Silhouette Coefficient.
()

()

()
( ( ) ( ))

(9)

4. Result and Discussion
In this section, we will discuss the results of the analysis consisting of an overview of the literacy
conditions, the results of the K-Means clustering analysis, and the mapping of the clustering results
based on the indicators of the reading literacy activity index in the province of East Java.
4.1. Overview of Literacy Conditions in East Java Province
The problem of low reading culture is one of the important issues in understanding the low level of
literacy of the Indonesian people, including the inhabitants of East Java Province. It is believed that
people who have a high reading culture also have a high level of literacy.
However, to encourage people to have a high reading culture, several prerequisites are needed.
There are four dimensions that can influence the occurrence of literacy activities that were described in
the previous section. Through the Reading Literacy Activity Index (Alibaca Index), those dimensions
become a starting point for further research of the dynamics and development of community literacy
in East Java Province.
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Figure 3. Provincial Alibaca Index by Rank from High to Low (Source: Ministry of Education and
Culture, 2019).
Data from the Ministry of Education and Culture in 2019 shows that the Alibaca index of East Java
Province is in the category of low, which is 33.19 (Figure 3), this value is also lower than the Alibaca
index of National (Figure 3). The Alibaca index of East Java Province is composed of four
dimensions, that is the Skill Dimension of 71.69, the Access Dimension of 15.99, the Alternative
Dimension of 43.54, and the Cultural Dimension of 24.32 (Figure 4). The access dimension is the
dimension with the lowest value, even the East Java province is included in the 5 provinces with the
lowest value of the access dimension at the national level.
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Figure 4. Alibaca Index of East Java by Dimension
(Source: Ministry of Education and Culture, 2019).
4.2. K-Means Clustering Algorithm Analysis of The Reading Literacy Activity Index Indicator in East
Java Province
Cluster analysis is an analytical method for classifying observation objects into several clusters
(groups) based on the characteristics that these objects have. Between observations in a cluster are
homogeneous while between clusters are mutually heterogeneous. The method used in this research is
the K-means clustering algorithm which is one of the popular algorithms of unsupervised machine
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learning. In this research, certain methods are used to determine the number of clusters, those are the
elbow method and the silhouette coefficient method.
Based on figure 5, it can be seen that the line has a fracture that forms a bend at k = 3. Thus, using
this method, the optimal cluster is obtained when it is at k = 3. Then the silhouette method is used, this
method is to determine the quality of the cluster, which is indicated by the average value of the
silhouette coefficient being the maximum. The following is the result of optimizing clusters with the
Silhouette method.

Figure 5. The results of Applying the Elbow Method to
Determine the Optimum Number of Clusters.
Determination of the optimal number of clusters in K-Means clustering using the silhouette
coefficient method shows that the optimal number of clusters is 3 clusters. This can be seen because
the highest silhouette value [22] lies in the number of clusters of 3 clusters with an average silhouette
value of 0.366 (Figure 6).

Figure 6. Results of Application of the Silhouette Method.
Based on the results of determining the optimal number of clusters using the elbow and silhouette
coefficient methods, it is found that the optimal number of clusters is 3 clusters. (Figure 7) visual
results of the three-cluster K-means algorithm (k=3) using python software.
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Figure 7. Clustering Results of Regencies/cities in East Java Using the K-Means Algorithm.
Based on figure 7, it can be seen that 38 regencies/cities in East Java Province were divided into 3
clusters which were formed with the composition of the members of each cluster shown in Table 2.
Table 2. The results of the Regency/City grouping are based on the cluster division.
Cluster
Cluster 1
Cluster 2
Cluster 3

Members of the Cluster
Bangkalan, Banyuwangi, Blitar, Bondowoso, Jember, Lumajang,
Madiun, Magetan, Nganjuk, Ngawi, Pacitan, Pamekasan,
Ponorogo, Probolinggo, Sampang, Situbondo, Sumenep, Surabaya
City, Trenggalek, Tulungagung
Bojonegoro, Gresik, Jombang, Kediri, Lamongan, Malang,
Mojokerto, Pasuruan, Sidoarjo, Tuban
Batu City, Blitar City, Kediri City, Madiun City, Malang City,
Mojokerto City, Pasuruan City, Probolinggo City

Number of
Regencies/Cities
20 (52,63%)
10 (26,32%)
8 (21,05%)

4.3. Mapping the Clustering Results of The Alibaca Index in East Java Province
After obtaining the optimal cluster results with the number of clusters of 3 clusters, the next step is to
analyze the results of the formed clusters. Figure 8 is a mapping of the results of clustering using the
k-means algorithm method, the visualization of the mapping using the ArcView GIS software.

Figure 8. Mapping the Clustering Results of The Alibaca Index.
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Based on figure 8, it can be seen that 38 regencies/cities in East Java Province were grouped into 3
clusters according to the results presented in Table 2, while the descriptive results of each cluster are
as follows.
Based on Table 3, it can be seen that cluster 3 is the cluster with the highest skill dimension
compared to the other clusters, with the literacy rate (X1) of 96.92 percent and the average duration of
school (X2) of the people in Cluster 3 area is 9.6 or 10 years, which means that the average of

people in cluster 3, cluster 2, and cluster 1 were not able to have received formal education for
12 years, or that the average of East Java's people just attends school up maximum to the
junior high school level. Meanwhile, the area of cluster 2 is the area that dominates the access
dimension, the alternative dimension, and the cultural dimension, because the value of each indicator
of those 3 dimensions in cluster 2 has the highest value compared to the other clusters.
Table 3. Tabulation of Clustering Mapping Results.
Dimension

Indicator Cluster 1 Cluster 2 Cluster 3
X1
88.79
93.74
96.92*)
Skill Dimension
X2
6.78
7.84
9.68*)
X3
603.55 648.50*)
106.38
Access Dimensions
*)
X4
64.40
91.50
22.38
*)
X5
111.75 163.60
23.88
*)
Alternative Dimensions
X6
229.55 364.20
32.00
X7
89.15 195.80*)
29.13
*)
X8
63.85
68.60
4.38
*)
X9
174.75 349.30
31.00
*)
Cultural Dimension
X10
1495.20 2365.80
220.63
X11
48.05
60.20*)
6.38
*)
X12
93.40 253.50
23.25
*)
Note: Variable dominance in the cluster
Each cluster has different characteristics, cluster 1 is the cluster with the lowest skill dimension, while
the cluster 2 area is an area that dominates the access dimension, alternative dimension, and cultural
dimension, meanwhile, the third cluster does not have dominance in these 3 dimensions, and when
compared to other clusters, cluster 3 has the lowest score for all indicators in all three dimensions,
which means that cluster 3 is the government's priority for improving reading activities. Based on
these clusters, the recommendations formulated in this research are as follows.
a. Skill Dimension
Priority for improvement in cluster 1 for the Literacy Level indicator and the Average Duration of
School for all clusters, because the average population in cluster 3, cluster 2, and cluster 1 are not able
to receive formal education for 12 years.
b. Access Dimensions
The average number of schools in cluster 3 is very low compared to other clusters, so there needs
to be an even distribution of schools in this cluster, as well as the number of villages that have
availability of community reading gardens, there needs to be an addition in cluster 3.
c. Alternative Dimensions
Priority for improvement in cluster 3 for the number of villages according to base transceiver
station (BTS) indicator, the number of villages according to cellular phone signal presence, and the
number of villages according to the presence of GSM or CDMA internet signal indicator.
d. Cultural Dimensions
Cluster 3 is an area with limitations on all indicators in the cultural dimension, therefore cluster 3
becomes a priority cluster for improvement and equity in all indicators of the cultural dimension. So
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the result of the analysis can help the government to develop strategic policies to achieve educational
equity, especially concerning literacy levels in East Java Province based on the characteristics of each
regency/city.
5. Conclusion
East Java province is among the 10 lowest regions with the lowest literacy index in Indonesia, with
three dimensions below 50 percent, including access dimension, cultural dimension, and alternative
dimension. Based on the results of unsupervised learning using the K-Means algorithm method for
grouping regencies/cities in East Java based on the indicators that compose the Alibaca index gives the
results that the regencies/cities of East Java Province are divided into 3 clusters based on the result of
determining the optimal number of clusters using the elbow and silhouette method. 52.63% of
regencies and cities in East Java are areas that fall into cluster 1, while 26.32% of regencies and cities
in East Java are areas that fall into cluster 2, and the remaining 21.05% of regencies and cities in East
Java are areas that belong to cluster 3. Each cluster has different characteristics, cluster 1 is the cluster
with the lowest skill dimension, while the cluster 2 area is an area that dominates the access
dimension, alternative dimension, and cultural dimension, meanwhile, the third cluster does not have
dominance in these 3 dimensions, and when compared to other clusters, cluster 3 has the lowest score
for all indicators in all three dimensions, which means that cluster 3 is the government's priority for
improving reading activities.
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Abstract. Antisocial behavior is a personality disorder that has characteristics such as
repetitive actions that violate social norms, deceit and lying, impulsiveness, irritability and
aggression, reckless disregard for the safety of oneself and others, consistently irresponsible,
and lack of remorse. The cause can be from various factors, including genetics, psychological
conditions, interactions in the environment, and wrong parenting. The impact of antisocial
behavior on social life can cause people to tend to be aggressive and take it into action by not
having feelings of guilt for their actions. Thus, a monitoring of antisocial behavior disorders is
needed so that it can be a warning for the public to be more concerned about the difficulties
experienced by each other. The potential gained from the availability of tweet data access from
the Twitter API opens up opportunities for monitoring antisocial behavior. By utilizing
traditional machine learning and deep learning methods, it can be an opportunity to automate
labeling on Twitter data that contains elements of antisocial behavior. Based on the description
of the problems and opportunities found, this study proposes a multi-class classification
monitoring service to identify public antisocial behavior on Twitter Indonesia using machine
learning.

1. Introduction
Antisocial behavior is one of the indications of a personality disorder or better known as antisocial
personality disorder. Antisocial behavior is included in Cluster B along with borderline, histrionic, and
narcissistic personality disorder (Association, 2013). Antisocial behavior is a mental health disorder
that has several characteristics that are often shown in someone who suffers from the disorder.
Characteristics of antisocial behavior include repeated actions that violate social norms, deceit and
lying, impulsiveness, irritability and aggression, reckless disregard for the safety of oneself and others,
consistently irresponsible, and lack of remorse (Singh, 2020). In addition, there are several other
characteristics such as stealing, lying, lack of remorse towards other people and living beings,
irresponsible behavior, impulsive behavior, abuse of alcohol or drugs, violating the law, violating the
rights of others and aggressive behavior (Nuryati and Kresnowati, 2018)). These characteristics are
usually triggered by various factors causing antisocial behavior disorder.
The cause of antisocial behavior disorder is usually caused by genetic factors and psychological
conditions (American Psychiatric Association, 2013). However, sometimes it can be caused by
interactions in the environment, wrong parenting, low socioeconomic status, and gender causes. In one
study, adults aged 18-64 years, there were about 3.3 percent of people with antisocial personality
disorder of which 4.9 percent were men and 1.8 percent were women (Mental Health Foundation,
2016). From these data, it can be seen that antisocial behavior is more common in men than women.
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Therefore, monitoring of antisocial behavior needs to be watched out for by considering its impact on
social life.
The impact of antisocial personality disorder on social life can cause people to tend to be
aggressive and take it into action by not having feelings of guilt for their actions. Perpetrators are
usually referred to as sociopaths, namely people who suffer from antisocial personality disorder
characterized by a lack of empathy for others, abnormal moral behavior, inability to conform to
societal norms (Nuryati and Kresnowati, 2018). Perpetrators usually tend to blame others, so this
personality disorder requires more attention to be treated immediately because it can harm many
people. Therefore, it is necessary to monitor antisocial behavior disorders so that it can be a warning
for the public to be more concerned about the difficulties experienced by each other.
The development of information technology and data storage media makes social media data a very
rich source of data or commonly known as 5V, namely volume, velocity, variety, varicity, and value.
For example, social media Twitter in the third quarter of 2020 had a total of 353 million users, of
which 187 million active users every day also post statuses in the form of tweets, pictures, and videos
(Newberry, 2021). From this data, it can be seen that social media is part of everyday life so that it has
the potential to change the way of collecting information to understand society (Astuti and Nisa',
2020). The potential obtained from Twitter data and the availability of data access from the Twitter
API opens up opportunities for monitoring antisocial behavior. The problem is how monitoring can be
done automatically so that the public can immediately find out the statistics of tweets containing
elements of antisocial behavior and can immediately take the necessary actions.
In an effort to automate behavior monitoring from Twitter social media, various machine learning
methods and even deep learning can be used. The use of both traditional machine learning and deep
learning can solve a variety of text, image, and video classification problems. So, this is an opportunity
to automate labeling on Twitter data that contains elements of antisocial behavior.
Based on the description of the problems and opportunities found, this study proposes a multi-class
classification monitoring service to identify public antisocial behavior on Twitter Indonesia using
machine learning. This study focuses on processing tweet data in Indonesian and is limited to the
territory of the Negara Kesatuan Republik Indonesia (NKRI). With this service, it is hoped that it will
increase the awareness of the Indonesian people through monitoring the growth of antisocial behavior
based on data from Twitter. This needs to be done to prevent antisocial behavior in order to reduce the
negative impact it causes.
2. Background
2.1. Text Classification
Text classification automatically consists of two stages, namely feature engineering and label
prediction (Singh et al., 2020). Feature engineering is the process of extracting features from the input
data and its vector number representation. Some of the feature engineering techniques that are usually
used for text classification are Term Frequency Inverse Document Frequency (TF-IDF), Bag-ofWords, topic modeling features, Psycholinguistic features, Sentiment lexicon features, Word n-grams,
and Word Frequency (Singh et al., 2020). The next stage is label prediction where at this stage the
machine learning model is trained on a benchmark data set that is extracted and annotated features are
performed, which is also known as the ground truth dataset.
The challenge of automatic text classification techniques is that the text comes from humans with
the ability to understand words naturally while the capabilities of computer machines are limited.
Feature engineering techniques such as TF-IDF and Bag-of-Words are sometimes not very effective
when dealing with problems in Natural Language Processing (NLP). This is due to the lack of
semantic representation of the text corpus and the inherent dispersion problem. To overcome these
shortcomings, deep learning techniques are needed that make it possible to capture not only the
meaning of different words but also their interdependencies, leading to a computer understanding and
context of a text.
The feature engineering techniques used in deep learning are Embedding, Word2Vec and GloVe.
Both of these techniques can solve important problems in text classification such as misspellings,
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synonyms, and abbreviations that are common in data collected from social media. This will make a
significant performance improvement in solving text classification problems with machine learning.
2.2. Application of Machine Learning
The term machine learning was first popularized by Arthur Samuel, a computer scientist who
pioneered artificial intelligence in 1959. According to Arthur Samuel, machine learning is a branch of
science that gives computers the ability to learn without being explicitly programmed. Machine
learning is a branch of artificial intelligence. Artificial intelligence or artificial intelligence has a very
broad meaning but in general it can be understood as a computer with human-like intelligence. While
ML has a more specific meaning, namely using statistical methods to make computers able to study
patterns in data without needing to be programmed explicitly. Furthermore, deep learning is a branch
of machine learning with artificial neural network algorithms that can learn and adapt to large amounts
of data. The artificial neural network algorithm in deep learning is inspired by the structure of the
human brain.
Deep learning is a computational model consisting of several processing layers to study data
representations with various levels of abstraction (LeCun et al., 2015). Currently, the development of
deep learning methods is growing rapidly due to the ability of computers to process deep learning
algorithms. The use of deep learning algorithms can solve various problems such as classification of
text, images, and videos.
2.3. Related Research Review of Antisocial Behavior
In a study conducted by Singh et al. (2020) examined the identification of antisocial attitudes from
Twitter using the deep learning method. In this study, we compare four deep learning algorithms,
namely CNNs, GRUs, LSTMs, and RNNs. The dataset used is 25,000 tweets based on keywords
related to antisocial behavior on the Twitter platform. Most of the tweets contain sarcasm and are in
the form of jokes. However, after filtering, there are only 5,504 tweets that can be processed into
training data as a corpus benchmark. From the data, the tweets were classified into five classes with
details of the class failure to conform to social norms as many as 1,192 tweets, irritability and
aggressiveness as many as 1,238 tweets, reckless disregards for the safety as many as 804 tweets, lack
of remorse as many as 868 tweets, and non-antisocial or general tweets as much as 1,402 tweets. Of
these 5,504 tweets, antisocial attitudes were identified. Then these tweets are classified by the four
deep learning algorithms used, namely CNNs, GRUs, LSTMs, and RNNs. The measurement results of
the four algorithms, GRU shows the highest accuracy value both on the GloVe feature-set of 99.2 and
on the Word2Vec feature-set of 98.60. In addition to using deep learning algorithms, this research also
uses traditional machine learning algorithms such as Random Forest (RF), Decision Tree (DT),
Logistics Regression (LR), and Support Vector Machine (SVM). The measurement results of these
four traditional machine learning algorithms show that SVM has the highest accuracy of 94.99 on the
GloVe feature-set and 96.62 on the Word2Vec feature-set. From the results of this study, it can be
concluded that deep learning algorithms have better performance than traditional machine learning
algorithms. This corresponds to the computational costs required by deep learning are greater than
traditional machine learning.
3. Methodology
This section describes the method or design used to develop a monitoring service for the multi-class
classification of Twitter Indonesia's public antisocial behavior using machine learning. The steps taken
at each stage in the proposed method can be seen in Figure 1.
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Figure 1. Antisocial Behavior Monitoring Service Architecture Design.
3.1. Data Acquisition
At this stage of data acquisition, identification of classes related to antisocial behavior was carried out.
Classes are defined in five categories. First class (ClassId 1), Failure to conform to social norms of
lawful behavior. The examples of this class are sentences that contain elements of unlawful and illegal
behavior include “I always right”, “It was not my fault”, “It's up to me to be free”, and “I will never
lose”. Second class (ClassId 2), Irritability and aggressive. This class contains harsh and aggressive
words that are usually spoken when emotions are angry. Usually the words in this class contain
elements of unlawful and illegal behavior such as "asshole, dammit, dog, bitch, dammit, asshole, and
asshole". The third class (ClassId 3), Reckless Disregard for Safety. This class includes reckless
disregard for safety and lack of remorse like “wow you can trick this traffic violations”. Fourth class
(ClassId 4), Lack of Remorse. This class contains sentences with words that mean things like “I'm
glad to see you cry”, and “I'm happy knowing you're sad”. Fifth class (ClassId 5), Non-Antisocial or
General Class. This class contains positive words such as about hope, fun, love, and affection. This
class also contains tweets containing news, daily discussions, and even about business. So, this class
does not contain negative words.
3.2. Data Pre Processing
At this stage, bot detection, tweet annotation, pre-processing, and feature extraction are carried out.
The data preprocessing carried out includes filtering commercial tweets, url removing, stop word
removing, stemming, and formalizing text in Indonesian language. At the data pre-processing stage,
several tweets were handled, such as the data annotation stage and the url removing stage, stopword
removing, stemming, and formalizing. Bot account detection was carried out with the API botometer
[7]. At the data annotation stage, tweets containing antisocial behavior were classified using random
forest. At the url removing stage, the author creates code to delete characters, usernames, retweets,
urls, double spaces, and enter. The url removing stage is remove character contains http or https. The
stopword removing stage is remove meaningless words. Stemming stage is parsing the form of a word
into its basic word form. The formalizing stage is the stage for normalizing words that do not exist in
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Indonesian, such as shortening words, using slang, spelling errors, and using inappropriate language.
At this stage the process uses the REST API Pujangga [8].
3.3. Data Classification
At this stage, the modeling process of traditional machine learning algorithms such as Decision Tree
(DT), Logistics Regression (LR), Random Forest (RF), Support Vector Machine (SVM) is carried out.
Then the process of making a classification model is also carried out using deep learning algorithms
such as Long Short-Term Memory networks (LSTMs). The model that has been made in each
algorithm is then used to predict and classify the new tweets that appear. So that the monitoring results
will be obtained in a time series.
3.4. Data Dissemination
This stage is the stage to visualize the classification results from tweets data that has been processed
with the previous classification model. This visualization is in the form of graphs and tables. The next
step is monitoring classification, which is the stage to display time series data for each class in detail.
So, it is hoped that the growth of antisocial behavior in Indonesia can be seen whether it is decreasing
or increasing.
4. Experiment Design and Analysis
4.1. Implementation
During crawling data from Twitter, the author uses the Twitter API V2 service. In practice, each basic
user key is given a limit of 500,000 tweets and academic research users can access 10 million tweets
for a full month. When developing the antisocialina project, the author uses a basic user and has used a
quota of 300,403 tweets to get 165,355 tweets. In addition, there are the same request restrictions as
Twitter API V1.1, which is for the past 7 days, and every 900 requests is limited to a maximum of 15
minutes.
The results of Twitter crawling on keywords that are suspected to contain elements of antisocial
behavior are as shown in Table 1, in the period from April 10, 2021 to April 16, 2021, 165,355 tweets
were obtained. Then deletion of Tweets is carried out by eliminating duplicate tweet fields such as
retweets and tweets that have similar words by using the Levenshtein Distance score with the initial
tweet that already exists in the database, if this value is closer to 0, the more similar the words are. So,
from these results, 85,654 tweets were deleted, and 79,701 tweets were obtained. Then filtering tweets
that contain indications of antisocial behavior or not by using the random forest algorithm from the
training data that has been made previously, so that a total of 33,768 tweets are processed. After that, a
sample was carried out to create training data from the classification of the five antisocial classes as
many as 1,251 tweets.
Table 1. List Keyword and Class for Crawling.
Keyword

ClassId

Keyword

ClassId

Keyword

ClassId

Keyword

ClassId

kebebasanku

1

Anying

2

Bunuh saja tanpa

3

4

bukan
salahku

Senang bikin
sedih

1

Njir

2

Bahaya tapi bisa

3

Senang gagal

4

selalu benar

1

Bajingan

2

Selamat menikmati
karmamu

3

Suka gagal

4

1

Jalang

2

Asik bahaya

4

Suka menderita

4

1

Lonte

2

Suka bahaya

4

4

1

njeng

2

Senang bikin susah

4

Suka menyesal
Semoga doa
terkabul

langgar
hukum
bodo amat
bukan
urusanku

5
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Keyword

ClassId

Brengsek

2

Sialan

2

Anjing

2

Keyword

ClassId

Keyword

ClassId

Keyword

ClassId

3

Bahagia bikin susah

4

Syukur

5

3

Suka bikin susah

4

3

Suka bikin sedih

4

Asik bisa
tanpa
Suka bisa
tanpa
Cepat jadi
tanpa

At the data pre-processing stage, several tweets were handled, such as the data annotation stage, the
url removing stage, stopword removing, stemming, and formalizing. The results of the pre-processing
process become training data that is used as the basis for making models. The data that has been
created for training data in this study have been uploaded by the author on the Kaggle platform at the
address https://www.kaggle.com/fitriandri/antisocial-behaviour-public-twitter-indonesia.
After that, the tweet data labeling stage was carried out into five classes with a sample of 1,251 tweets.
The Table 1 shows the composition of the data labeling and the composition of the sample for each
class. In making labeling datasets or training data, entering a sentence into a predetermined class is
based on the intuition of the dataset maker. In the context of the classification of antisocial behavior by
using sentences, it is part of social science which is also very subjective in nature.
Table 1. Tweet Sample Composition for Each Class.
Class
Failure to conform social norms of lawful behavior
Irritability and aggressive
Reckless Disregard for Safety
Lack of Remorse
Non-Antisocial or General Class

Count
272
132
39
22
786

4.2 Classification Model Evaluation Results
In the classification stage, tweets are classified into five predetermined classes. The models used at
this stage include machine learning algorithms such as Naïve Bayes (NB), Logistics Regression (LR),
Decision Tree (DT), Random Forest (RF), and Support Vector Machine (SVM). In addition,
classification is carried out using a deep learning model using Long Short-Term Memory networks
(LSTM). The features text extraction techniques used are TF-IDF and Embedding Word2Vec.
Word embeddings is a process in NLP in converting words in the form of alphanumeric characters
into vector form, one of which is using the Word2Vec model. To build the Word2Vec model, the
Word Embedding process can be done with the help of the Gensim library. In this study using vector
size of 100 dimensions from pretrained wikipedia data.
The architectural design of the LSTM consists of several steps. the first step is to do a random split
train and test data (90:10). Next, create an LSTM model with 6 Layers (Input Output Layer, Dropout1,
Hidden Layer, Dropout2, Dense Layer, and Activation Layer). Then, setting the hyperparameter
tuning using Adam Optimizer. After that, the fitting model configuration is carried out, which uses
2048 Batch Size, 10 Epoch, and 0.1 Validation Split.
Based on the training data and the classification model that has been made previously, the
measurement evaluation results are obtained as shown in Table 2. This study uses 3-fold crossvalidation for accuracy evaluation where the overall dataset is divided into training data and testing
data. In this research, kfold class from sklearn library is used with parameter 3 n_splits. Based on the
results in Table 2 the random forest algorithm has the best accuracy so that it is used as the main
model to predict other tweets.
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Table 2. Machine Learning Model Measurement Evaluation Results.
Model

Feature-Set Accuracy Precision Recall F1_score Support

TF-IDF
Naïve Bayes
TF-IDF
Logistics Regression
TF-IDF
Decision Tree
TF-IDF
Random Forest
TF-IDF
Support Vector Machine
Long Short-Term Memory Word2Vec

0,65
0,73
0,75
0,76
0,72
0,67

0,64
0,73
0,75
0,71
0,71
0,44

0,67
0,73
0,75
0,76
0,72
0,67

0,56
0,72
0,74
0,73
0,67
0,53

1001
376
251
313
1001
126

4.3. Prediction Results of Antisocial Behavior Classification
Based on the data dissemination stage, the following are the results of the model's prediction of 7,409
other tweets selected randomly from 33,768 tweet as mentioned in data acquisition before, as shown in
Table 3.
Table 3. Prediction Results from Tweet Testing.
Class
Failure to conform social norms of lawful behavior
Irritability and aggressive
Non-Antisocial or General Class

Count
242
2,373
4,794

4.4. Implementation of the Antisocialina Monitoring Service API
At this stage, the implementation of the creation of several endpoints for monitoring antisocial
behavior from the Indonesian Twitter public is carried out. Deploy the implementation of this
monitoring service at https://antisocialinadev.herokuapp.com/docs. Figure 2 is a list of endpoints
created to monitor antisocial behavior from Twitter media.

Figure 2. List of Antisocial Behavior Monitoring Service
Implementation Endpoints.
4.5. Implementation of Antisocial Behavior Monitoring on the Antisocialina Application
This stage is the dissemination stage from the data acquisition stage to data classification in the form
of tables and time series line graphs. As shown in Figure 3 is one of the frontends of this antisocial
behavior monitoring service. More complete prediction results can be seen on the frontend with the
address https://antisocialidmonitor.herokuapp.com/.
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Figure 3. Predicted Result Tweet Component.
5. Conclusion
Based on the results and discussion obtained in this study, it can be concluded that the labeling process
carried out in this study resulted in the random forest algorithm as the algorithm with the best and
same accuracy with an accuracy of 0.76. It turns out that in the data labeling carried out by the author,
traditional machine learning algorithms have better performance than deep learning such as LSTM.
This is thought to be caused by a sample that may be biased because the authors still have not found
the best composition for labeling each class as shown in Table 1 the number of tweets in classes 1,2,
and 5 dominates over classes 3 and 4. This is in accordance with the reality in when fetching tweets
with less keyword crawlers for grades 3 and 4. So this causes the labeling composition to be less
balanced, each class should have the same number. However, the model built using the random forest
model with an accuracy of 0.76 was able to predict tweets into the antisocial behavior class.
Overall, the model can be used to predict tweet testing with a test sample of 7,409. However, with
not very high accuracy, it causes a lot of misclassifications of predictions for some classes. Therefore,
the author suggests creating a more balanced and increased dataset class. In addition, the author
suggests adding a feature that not only uses TF-IDF or Embedding from the hard library but by using
Word2Vec or GloVe for better accuracy.
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Abstract. Hypertension is a non-communicable disease that is characterized by an increase in
systolic and diastolic blood pressure of more than 140 mmHg and or 90 mmHg. Hypertension
needs to get more attention the condition is because hypertension will cause complications in
the target organs and this disease does not appear to show significant symptoms at the
beginning of the disease because it is called "silent disease". The study discusses the
integration method of resampling and boosting in predicting hypertension status using the C5.0
algorithm. Classification of the C5.0 Algorithm by applying to resample increases performance
specificity and AUC. Random oversampling (ROS) increased the specificity by 95.67% and
AUC increased by 91.11%. Random over-under sampling (ROUS) increased specificity by
88.84% and AUC increased by 87.13%. In addition, applying boosting to the C5.0 algorithm
that has been reapplied increases the accuracy performance. Random oversampling (ROS)
increased accuracy by 93.86% and random over-under sampling (ROUS) increased accuracy
by 89.98%. The response variables that contributed the most were high cholesterol and heart
problems. The application of resampling and boosting to the contribution of high cholesterol
and heart problems always topped the list.

1. Introduction
Non-communicable diseases are the main cause of death and physical dysfunction suffered by people
throughout the world, especially in heart and blood vessel disease. Riskesdas data in 2013, diagnoses
made to see the symptoms of hypertension and hypertension drug consumption only reached 9.50%
[1]. Most hypertension does not show any initial symptoms. Hypertension can trigger a stroke and
sudden cardiac arrest resulting in death. This is what causes hypertension is considered a deadly
disease [2].
Hypertension is a non-communicable disease that is characterized by an increase in systolic and
diastolic blood pressure of more than 140 mmHg and or 90 mmHg. Symptoms of hypertension that are
not detected early and do not get better care can cause damage to organs [3]. Hypertension needs to
get more attention the condition is because hypertension will cause complications in the target organs
and this disease does not appear to show significant symptoms at the beginning of the disease because
it is called "silent disease" [4].
Hypertension is a disease defined as a persistent increase in blood pressure [5]. The World Health
Organization (WHO) estimates that currently, the global prevalence of hypertension is 22% of the
world's total population. The results of Riskesdas 2018 show the prevalence of hypertension in the
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population aged over 18 years based on national measurements of 34.11%. Nationally, the prevalence
of hypertension shows an increasing trend from Riskesdas in 2007 [6]. Risk factors for hypertension
can be divided into two, namely uncontrolled such as heredity, gender, and age. The controls are
obesity, lack of exercise, smoking, and consumption of alcohol and salt [7]. Therefore, a model is
needed to find the right formulation to determine a person's hypertension status using machine
learning.
There are several studies that have discussed the implementation of machine learning in the scope
of Health, namely regarding the diagnosis of diabetes using classification mining techniques, the
results of this study are that diabetes detection in the early stages is the key to treatment, things that
need to be detected are plasma glucose concentration, body mass index, age, and diabetes pedigree
function [8]. In addition, regarding the classification of factors causing diabetes mellitus using the
C4.5 algorithm, the results of this study indicate that the factors that substantially affect the status of
diabetes mellitus are fasting blood glucose, LDL cholesterol, age, and weight [9].
This study uses the C5.0 algorithm for the calculation process. In previous studies using the C5.0
algorithm the accuracy of 84.49% for buy accuracy and 83.69% for sale accuracy in the forex market
forecasting [10]. In other studies concerning individual evaluation credit at the Bank using the C5.0
algorithm, an accuracy of 85.36% was obtained [11] and regarding the classification of child
developmental deviations obtained the highest accuracy of 95.99% [12].
One of the things that need to be considered in evaluating the C5.0 algorithm model is the accuracy
of a model in predicting responses correctly. Based on hypertension data obtained from the Indonesia
Family Life Survey in 2014, it is known that there is a small proportion of people with hypertension
status. This indicates that there is an imbalance of data between not being exposed to hypertension
(majority) and affected by hypertension (minority). This imbalance will have an impact on the results
of classification predictions because almost all classification analyzes produce much higher accuracy
for the majority class than the minority class when there is an imbalance of data [13].
The resampling method is one method that can be used in handling the existence of data imbalance.
The resampling method in classification is effective in handling class imbalance. However, the
application of the resampling method only increases the minority class, so that misclassification can
still occur. A good classification method will produce a few misclassifications. One of the
developments of machine learning to improve model accuracy is the ensemble method [14]. One of
the ensemble methods of classification is boosting which is more popular to use compared to bagging.
One of the commonly used boosting techniques is the Adaptive Boosting algorithm [15].
This study discusses the integration method of resampling and boosting in predicting hypertension
status using the C5.0 algorithm. In addition, the data preparation stage (preprocessing) will be carried
out on the data to improve performance and adjust input data in the classification analysis used.
2. Methodology
The following is a systematic scheme in researching the application of resampling and boosting
methods
using the C5.0 algorithm
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Figure 1. Research system scheme.
2.1. Data Source
The data used in this study are secondary data, namely Indonesian hypertension data obtained through
the 2014 Indonesia Family Life Survey with a total of 31397 data. The applications used in processing
this data are software R 3.6.2 and R-Studio. The variables that will be used in this study are:
Table 1. Model building variables.
Response
variable

Variable

Scale

Y

Hypertension status

Nominal

X1

Hearts problem

Nominal

X2

High Cholesterol

Nominal

X3

Kidney illness

Nominal

X4

Psychic problem

Nominal

X5

Smoking habit

Nominal

X6

Vision is not perfect

Nominal

X7

Find it difficult to
concentrate on doing
something

Ordinal

Information
1: Yes
2: No
1: Yes
2: No
1: Yes
2: No
1: Yes
2: No
1: Yes
2: No
1: Yes
2: No
1: Yes
2: No
1: Rarely (< 1 day)
2: A little (1-2 days)
3: Sometimes (3-4 days)
4: Often (5-7 days)
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Response
variable

Variable

X8

Feel depressed

Ordinal

X9

Feeling requires a lot of
effort in doing something

Ordinal

X10

Feel worried

Ordinal

X11

Tend to be lazy

Ordinal

X12

Sometimes it’s rude to
others

Ordinal

X13

Sleep quality

Ordinal

X14

Feel tired

Ordinal

X15

Headache

Nominal

X16

Out of breath

Nominal

X17

Nauseous vomit

Nominal

X18

Eat egg

Ordinal

Scale

Information
1: Rarely (< 1 day)
2: A little (1-2 days)
3: Sometimes (3-4 days)
4: Often (5-7 days)
1: Rarely (< 1 day)
2: A little (1-2 days)
3: Sometimes (3-4 days)
4: Often (5-7 days)
1: Very unsuitable
2: Not suitable
3: Neutral
4: Sufficiently Suitable
5: Very appropriate
1: Very unsuitable
2: Not suitable
3: Neutral
4: Sufficiently Suitable
5: Very appropriate
1: Very unsuitable
2: Not suitable
3: Neutral
4: Sufficiently Suitable
5: Very appropriate
1: Very bad
2: Bad
3: Enough
4: Good
5: Very good
1: Not at all
2: A little
3: Somewhat
4: Enough
5: Very much
1: Yes
2: No
1: Yes
2: No
1: Yes
2: No
0: Never
1: 1 day
2: 2 days
3: 3 days
4: 4 days
5: 5 days
6: 6 days
7: Every day
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Response
variable

Variable

X19

Eat fish

Ordinal

X20

Eat meat (beef, chicken,
fork, etc)

Ordinal

X21

Eat green vegetables

Ordinal

X22

Eat instant noodles

Ordinal

X23

Eat fast food

Ordinal

X24

Drink soft drink

Ordinal

Scale

Information
0: Never
1: 1 day
2: 2 days
3: 3 days
4: 4 days
5: 5 days
6: 6 days
7: Every day
0: Never
1: 1 day
2: 2 days
3: 3 days
4: 4 days
5: 5 days
6: 6 days
7: Every day
0: Never
1: 1 day
2: 2 days
3: 3 days
4: 4 days
5: 5 days
6: 6 days
7: Every day
0: Never
0: Never
1: 1 day
2: 2 days
3: 3 days
4: 4 days
5: 5 days
6: 6 days
7: Every day
0: Never
1: 1 day
2: 2 days
3: 3 days
4: 4 days
5: 5 days
6: 6 days
7: Every day
0: Never
1: 1 day
2: 2 days
3: 3 days
4: 4 days
5: 5 days
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Response
variable

Variable

X25

Eat the chili sauce

Ordinal

X26

Eat fried food

Ordinal

X27

Eat sweet foods

Ordinal

X28

Do heavy physical activity

Nominal

X29

Doing moderate physical
activity

Nominal

X30

On foot

Nominal

Scale

Information
6: 6 days
7: Every day
0: Never
1: 1 day
2: 2 days
3: 3 days
4: 4 days
5: 5 days
6: 6 days
7: Every day
0: Never
1: 1 day
2: 2 days
3: 3 days
4: 4 days
5: 5 days
6: 6 days
7: Every day
0: Never
1: 1 day
2: 2 days
3: 3 days
4: 4 days
5: 5 days
6: 6 days
7: Every day
1: Yes
2: No
1: Yes
2: No
1: Yes
2: No

2.2. Research Methods
The steps of data analysis carried out in this study are as follows:
1. Data preparation phase
1) Overcoming the problem of high data dimensions, can be done by selecting variables. In
this study, the filter approach uses Chi-Square ( ) test. This aims to get the best
classification results with several important variables, with the formula:
(1)
2) The most informative variables will be identified by sorting each variable based on the pvalue, which is p-value <0.05
3) Exploring data to find out the general description of the data obtained
4) Divide data groups into training data and test data. In this study the distribution of data by
comparison of training data (80%) and testing data (20%)
2. Perform unbalanced data handling with the Random Oversampling (ROS) and Random Over
– Under Sampling (ROUS) resampling methods, using the ROSE package by determining the
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proportion (p) 0.5 or 50% so that the amount of class data is not affected by hypertension and
is affected hypertension becomes more balanced.
3. Algorithm phase C5.0
1. Calculate the entropy value for each response variable, using the formula:
(2)
∑
where:
S: the set of cases on variables
k: the number of partitions S
pj: the probability of a variable case
2. Calculates the information gain value, using the formula:
∑

| |
| |

(3)

where
A : the response variable
| | : the amount of data in each category i
| | : the sum of all data
: entropy value in each category data i
3. Calculate split information value,using the formula:
∑

(4)

4. Calculate gain ratio value, using the formula:
(5)
5. Response variable which has the highest gain ratio will be selected as the main node. The
process is carried out until it reaches the last node
4. Boosting phase
1) Set the number of iterations or trial ( )
2) Calculate initial weight W, with the formula:
where:
: Sample weight I at trial t
: sum of all data
Calculate the normalized value of weights in each sample with the formula:
(6)
∑

Where:
: Sample weight -I at trial t which has been normalized
Calculate the error rate value, using the formula:
∑

(7)

where:
: Error rate decision tree at trial for
: Indicator function of sample for
5. Evaluation of the model
1) Evaluate the models built by the CART method by calculating the value of accuracy,
sensitivity, and specificity.
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2) Look at the value of Area Under Curve (AUC) goodness of the results of the classification
method
3) Knowing the percentage contribution variable in the model.
Overcoming the problem of high data dimensions, can be done by selecting variables. In this study,
the filter approach uses the chi-square. This aims to get the best classification results with several
important variables
3. Result and Discussion
3.1. Data description
Description of the response variable hypertension data in the 2014 Indonesia Family Life Survey
questionnaire can be seen from Table 2:
Table 2. General description of hypertension data.
Hypertension Status

Frequency

Percentage

Normal

27.664

88,11%

Hypertension

3.732

11,89%

Total

31.396

100%

Based on Table 2, from 31,396 Hypertension status in Indonesia, 3,732 (11.89%) people
experienced Hypertension, as many as 27,664 (88.11%) people did not experience Hypertension
(normal). Chi-Square.
Determination of variable selection, i.e. p-value <0.05. To do Chi-Square ( ), the chi-square test
( ) function is used on each variable. The selection results are given in Table 3:
Table 3. Chi-Square variable selection.
Response
variable
X1
X2
X3
X4
X5
X6
X7
X8
X9
X10
X11
X12
X13
X14
X15

p-value

Information

2.20E-16
2.20E-16
2.20E-16
0.1787
2.20E-16
2.20E-16
0.0003844
0.05743
0.02158
3.06E-05
0.009716
0.0009435
0.1215
0.1164
2.20E-16

Significant
Significant
Significant
Not Significant
Significant
Significant
Significant
Not Significant
Significant
Significant
Significant
Significant
Not Significant
Not Significant
Significant

Response
variable
X16
X17
X18
X19
X20
X21
X22
X23
X24
X25
X26
X27
X28
X29
X30

p-value

Information

4.49E-15
1.52E-05
0.2597
0.4405
0.1668
0.03882
2.56E-08
0.05584
0.002307
0.02014
0.3861
0.002931
5.44E-05
0.4699
0.1235

Significant
Significant
Not Significant
Not Significant
Not Significant
Significant
Significant
Not Significant
Significant
Significant
Not Significant
Significant
Significant
Not Significant
Not Significant

In the variable selection stage that has been outlined in Table 3, selection of variables there are 19
influential variables and 11 variables that have not significant.
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3.2. Training data and testing data
The distribution of training data and test data was carried out randomly on the available data, based on
the magnitude of the difference in observations between classes on the Hypertension Status variable
which indicated an imbalance between Hypertension and Normal classes, it is necessary to balance the
data to minimize classification errors because it is dominated by class classification results. The
majority so that efforts were made to balance the data by applying three types of resampling methods
to the training data, using the Random Oversampling (ROS) and Random Over – Under Sampling
(ROUS) methods, with details as shown in Figure 2

Figure 2. The dataset before and after resampling.
Based on the bar diagram in Figure 2, it can be seen that there are changes in the number of
observations in the minority or majority classes when balancing the data using the ROS and ROUS
methods in the proportion of 0.5 or 50% so that the data are almost balanced. The ROS method
manages the imbalance of data by adding observations to the Hypertension class to as many as 27,690
observations, close to the number of normal class observations. The ROUS method handles data
imbalance by reducing the number of normal class observations to 15,121 and increasing the number
of Hypertension class observations to 14,879 observations.
3.3. Algorithm C5.0

Table 4. Gain ratio value.
C5.0
Response Gain
variable
Ratio
X1
0.0456
X2
0.0731
X3
0.0152
X5
0.0023
X6
0.0099
X7
0.0005
X9
0.0001
X10
0.0010

ROS + C5.0
Response Gain
variable
Ratio
X1
0.0487
X2
0.0836
X3
0.0248
X5
0.0069
X6
0.0193
X7
0.0015
X9
0.0008
X10
0.0018

ROUS + C5.0
Response Gain
variable
Ratio
X1
0.0485
X2
0.0793
X3
0.0208
X5
0.0066
X6
0.0165
X7
0.0012
X9
0.0009
X10
0.0023
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C5.0
Response Gain
variable
Ratio
X11
0.0006
X12
0.0009
X15
0.0022
X16
0.0029
X17
0.0006
X21
0.0004
X22
0.0011
X24
0.0009
X25
0.0005
X27
0.0006
X28
0.0004

ROS + C5.0
Response Gain
variable
Ratio
X11
0.0014
X12
0.0018
X15
0.0056
X16
0.0061
X17
0.0015
X21
0.0007
X22
0.0035
X24
0.0022
X25
0.0011
X27
0.0017
X28
0.0011

ROUS + C5.0
Response Gain
variable
Ratio
X11
0.0022
X12
0.0028
X15
0.0077
X16
0.0100
X17
0.0019
X21
0.0013
X22
0.0030
X24
0.0012
X25
0.0014
X27
0.0022
X28
0.0015

The node used as the main node is the variable X2 or high cholesterol which divides the population
into two nodes, namely the left node for the Yes category and the right node for the No category. The
X2 variable produces the highest gain ratio compared to other variables, namely 0.0731 for C5.0,
0.0836 for ROS + C5.0, and 0.0793 for ROUS + C5.0. Returns the contribution variable response as
follows:
Table 5. Response variable contribution.
C5.0
ROS + C5.0
Response Contribution Response Contribution
variable
(%)
variable
(%)
100.00
100.00
X2
X2
99.48
X1
4.08
X1
96.94
X11
3.79
X3
90.92
X15
3.46
X22
90.03
X12
2.39
X27
89.40
X22
1.80
X24
88.00
X16
1.49
X6
85.82
X27
1.31
X5
82.42
X6
1.18
X21
82.15
X24
0.60
X10
80.51
X25
0.48
X25
80.19
X21
0.33
X15
80.13
X7
0.30
X11
78.19
X5
0.20
X12
75.11
X10
0.12
X7
68.26
X28
0.10
X16
63.65
X9
0.04
X9
41.01
X17
0.03
X17
35.71
X28

ROUS + C5.0
Response
Contribution
variable
(%)
100.00
X2
X1
99.03
X3
91.62
X16
90.48
X6
89.93
X5
87.35
X24
82.67
X11
79.79
X27
79.73
X25
74.70
X21
73.87
X15
71.19
X22
66.85
X12
61.25
X9
55.77
X10
53.14
X7
52.52
X17
36.00
X28
33.01
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Variables X2 (high cholesterol) and X1 (heart problems) are the variables that have the highest
contribution, so it can be said that high cholesterol and heart problems are the main factors in
determining hypertension status.
Confusion matrix for the classification accuracy of the C5.0 algorithm model:
Table 6. Confusion matrix algorithm C5.0.
Prediction

C5.0

ROS + C5.0

ROUS + C5.0

Reference

Reference

Reference

Normal
Hypertension Normal
5449
678
4378
Normal
(99.09%)
(94.04%)
(76.46%)
50
43
1132
Hypertension
(0.91%)
(5.96%)
(20.54%)

Hypertension Normal
Hypertension
235
2313
334
(4.33%)
(77.20%)
(11.64%)
5195
683
2659
(95.67%)
(22.80%)
(88.84%)

Table 6 shows the classification accuracy of hypertension class is only 43 (5.96%). Classification
error data 678 (94.04%) data, and normal class shows classification accuracy 5449 (99.09%),
classification error data 50 (0.91%) data for C5.0 model. This caused by unbalanced data, this
condition occurs because the amount of data from the normal class is far more than the hypertension
class. The application of the over-sampling hypertension class in the C5.0 model increased the
classification accuracy of 5195 (95.67%) data of misclassification 235 (4.33%) data, but the normal
class of classification accuracy was reduced to 4378 (76.46%). Classification error data of 1132
(20.54%). The application of over-sampling hypertension class and under-sampling normal class on
C5.0 model increased the classification accuracy of 2659 (88.84%), 334 (11.64%) misclassification
data, but the normal class classification accuracy was reduced to 2313 (77.20%), classification error
data 683 (22.80%).
Applying resampling to the C5.0 algorithm results in a greater classification accuracy of the
Hypertension class than without applying to resample
Table 7. Classification performance algorithm C5.0.
C5.0
Data Test
Criteria
20% (%)

ROS + C5.0
Data Test
Criteria
20% (%)

ROUS + C5.0
Data Test
Criteria
20% (%)

Accuracy
Sensitivity
Specificity
AUC

Accuracy
Sensitivity
Specificity
AUC

Accuracy
Sensitivity
Specificity
AUC

88.30
99.09
5.96
56.17

87.50
79.46
95.67
91.11

83.02
77.20
88.84
87.13

Applying to resample obtained better specificity performance. However, the performance of
accuracy and sensitivity is reduced because it causes a decrease in classification accuracy in the
normal class. After resampling, the proportion of data is almost the same Hypertension class
information becomes more so that it will affect the decrease in performance sensitivity. Therefore a
boosting method is used to reduce misclassification.
3.4. Boosting
The number of iterations or trials used is 6, then produces error rate:
Table 8. Boosting error rate value.
C5.0 + Boosting
Trial
Error rate
0
2836(11.3%)

ROS + C5.0 + Boosting
Trial
Error rate
0
2155(4.9%)

ROUS + C5.0 + Boosting
Trial
Error rate
0
1465(6.1%)
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C5.0 + Boosting
Trial
Error rate
1
3310(13.1%)
2
4503(17.9%)
3
4253(16.9%)
4
3664(14.6%)
5
3085(12.3%)
6
2862(11.4%)

ROS + C5.0 + Boosting
Trial
Error rate
1
6092(13.7%)
2
5829(13.1%)
3
6875(15.5%)
4
6660(15.0%)
5
6782(15.3%)
6
916(2.1%)

ROUS + C5.0 + Boosting
Trial
Error rate
1
3808(15.9%)
2
4091(17.0%)
3
3933(16.4%)
4
4010(16.7%)
5
4025(16.8%)
6
513(2.1%)

By applying boosting on the data that has been sampled can reduce the classification error to 2.1%.
As for the data that is not resampling results in an increase in the classification error of 0.1%. This is
due to the determination of the trial that is less precise. In addition, the contribution variable response
also increased:
Table 9. Response variable contribution.
C5.0
ROS + C5.0 + Boosting
Response Contribution Response Contribution
variable
(%)
variable
(%)
X1
100.00%
X1
100.00%
X2
100.00%
X2
100.00%
X3
100.00%
X10
100.00%
X6
100.00%
X24
100.00%
X5
99.59%
X25
99.91%
X10
98.69%
X21
99.78%
X16
91.35%
X12
99.76%
X12
88.62%
X27
99.64%
X24
64.80%
X22
99.53%
X22
63.23%
X7
99.20%
X15
62.23%
X11
99.16%
X21
40.64%
X3
98.51%
X11
34.85%
X16
97.67%
X25
30.66%
X6
97.46%
X7
28.76%
X5
97.18%
X27
26.48%
X9
96.87%
X9
7.63%
X15
95.35%
X28
5.27%
X28
92.93%
X17
3.94%
X17
91.16%

ROUS + C5.0 + Boosting
Response Contribution
variable
(%)
X1
100.00%
X2
100.00%
X24
99.97%
X21
99.39%
99.38%
X25
99.01%
X27
98.92%
X22
98.73%
X3
98.51%
X11
98.18%
X12
98.00%
X6
97.72%
X16
96.61%
X10
96.54%
X9
95.91%
X15
95.60%
X5
94.95%
X7
84.47%
X17
83.72%
X28

Variables X2 (high cholesterol) and X1 (heart problems) are the variables that have the highest
contribution, so it can be said that high cholesterol and heart problems are the main factors in
determining hypertension status.
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Confusion matrix for the classification accuracy of the C5.0 algorithm model using boosting:
Table 10. Confusion matrix algorithm C5.0 using boosting.
Prediction

C5.0 + Boosting
Reference

Normal Hypertension
5467
695
Normal
(99.42%)
(96.39%)
32
26
Hypertension
(0.58%)
(3.61%)

ROS + C5.0 + Boosting
Reference
Normal
4942
(89.69%)
568
(10.31%)

Hypertension
104
(1.92%)
5326
(98.08%)

ROUS + C5.0 + Boosting
Reference
Normal
2566
(85.65%)
430
(14.35%)

Hypertension
170
(5.68%)
2823
(94.32%)

Applying boosting to the C5.0 algorithm that has been sampled results in a far less classification
error than without applying to boost.
Table 11. Classification performance algorithm C5.0 using boosting.
C5.0 + Boosting
Data Test
Criteria
20% (%)
Accuracy
88.31
Sensitivity
99.42

ROS + C5.0 + Boosting
Data Test
Criteria
20% (%)
Accuracy
93.86
Sensitivity
89.69

ROUS + C5.0 + Boosting
Data Test
Criteria
20% (%)
Accuracy
89.98
Sensitivity
85.65

Specificity
AUC

Specificity
AUC

Specificity
AUC

3.61
62.62

98.08
98.53

93.05
94.32

Applying to boost obtained all classification performance for the better, this can be seen from the
accuracy performance.
4. Conclusion
Algorithm Classification of C5.0 by applying to resample increases the specificity and AUC
performance. Random oversampling (ROS) increased the specificity by 95.67% and AUC increased
91.11%. Random over-under sampling (ROUS) increased specificity by 88.84% and AUC increased
by 87.13%.
In addition, applying boosting to the resampling C5.0 algorithm increases accuracy performance.
Random oversampling (ROS) increases accuracy by 93.86% and random over-under sampling
(ROUS) increases accuracy by 89.98%. The most contributing response variables are high cholesterol
and heart problems. The application of resampling and boosting contribution to cholesterol is high and
heart problems are always at the top level. Thus the cause of hypertension problems in Indonesia
which often occurs is high cholesterol and heart problems
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Abstract. As a higher education institution, Politeknik Statistika STIS also faces the same
problems as universities in general, those are student failing to compare that year courses thus
have to repeat those courses or student dropping out. To overcome this problem, this research
proposes a Dropout Early Warning System (DEWS) that can provide early warnings for
dropouts and repeat a class. With this system, it is hoped that it can help institutions to identify
students who have the potential to drop out or repeat a class. The purpose of making this
system is to help academic supervisors and decision makers from Polstat STIS in knowing the
potential for student. The potential for students to drop out and repeat a class is measured by a
potential score obtained from the results of an assessment of 5 criteria consisting of GPA
scores, gender, economic factors, violation points, and record of repeating class. Prediction
results are presented in three categories consisting of low potential, medium potential, and high
potential which are calculated from the results of weighting calculations using the Analytical
Hierarchy Process (AHP). The system is tested and verified using Black Box test and the
evaluation of the calculation method using confusion matrix. Based on the test results, the
functions that exist in the system can function properly and can supply the needs.

1. Background
Politeknik Statistika STIS (next referred to as Polstat STIS) is an official college under the control of
the national statistical office of Indonesia. Students studying at Polstat STIS have the status of an
official bond to the government and study assignment. Students with official bond status, after
graduating will be appointed as candidate for civil servants within BPS or will be placed in other
ministries or institutions according to their placement. There are three departments at Polstat STIS,
namely the 3-year diploma and 4-year diploma of statistics and 4-year diploma of statistical
computing.
As an educational institution, Polstat STIS needs to solve problems related to student academics.
One of them is the problem of dropping out and repeating a class, where it is recorded that every year
there are 5 to 10 students who are set to drop out or repeat a class from around 2200 students.
Although the number of students who drop out and repeat a class is still small, it is worth paying
attention to in order to avoid bigger problems in the future.
The strategy that is usually applied to reduce the number of dropout students is to arrange a good
teaching pattern until provide support either in the form of moral or material. However, this strategy
cannot be seen from the condition of each student. If we look at the condition of students, there are
booster factors that can increase the potential of students to drop out or repeat a class. Based on
research conducted by Imran, et al [1], Factors related to dropout students from 13 explanatory
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variables studied in IPB university students using survival analysis produce the best model with three
explanatory variables, consists of GPA, gender, and faculty. The gender factor explains that male
students have a greater chance of dropping out than female students. As for Khoirunnisak and Iriawan
[2] who conducted research on Institut Teknologi Sepuluh November (ITS) using Bayesian mixture
survival analysis to model the factors that influence student dropouts, found significant factors, consist
of age, differences in regional origin, differences in parental income, differences in faculties and entry
pathways as well as GPA and new student first semester GPA. Based on the two studies that have
been described, it can be taken which factors are in suitable with the conditions and environment of
the Polstat STIS.
Evaluation of learning outcomes at Polstat STIS based on Director Regulation Number 2 Polstat
STIS in 2021 [5], to continue the next semester has several provisions, consisting of a GPA ≥ 2.5, does
not have an E value, has a value of at least C for general compulsory subjects, and has a violation
score that does not exceed the specified minimum limit. If one of these conditions is not fulfilled, then
class I will be declared a dropout, while class II, III, and IV can repeat at the same level with one
opportunity. From all this information can be used as a strategy to reduce the number of students
dropping out and repeating a class by predicting students who have this potential.
To identify students who have the potential to drop out and repeat a class, this study proposes a
Dropout Early Warning System (DEWS). The dropout early warning system is a system that can help
institutions to identify students who have the potential to drop out so that decision makers can take
further action to the students relevant. Students who have the potential to drop out or repeat a class are
likely not carefully considering whether they are doing the right thing in their academic activities.
Early warnings informed by DEWS can lead students towards graduation and lead them to a better
future. Because of this problem, many foreign governments have developed early warning systems for
dropouts. For example, the US state of Wisconsin developed DEWS to identify student dropouts [3].
In South Korea, DEWS was also developed to help schools identify students who are at risk of
dropping out and not at risk of dropping out [4]. Students who have the potential and do not have the
potential to drop out can be mapped through the dropout early warning system. The dropout early
warning system makes it possible to identify students who have the potential to drop out by using a
decision-making method.
One of the decision-making methods is Analytical Hierarchy Process (AHP) method. AHP is a
decision-making method developed by Saaty [7]. AHP will solve a complex and unstructured problem
into groups which are then arranged into a hierarchical form so that the problem will be more
structured and systematic. In a study conducted by Imanda and Andono [6], the AHP method was used
as a weighting for predicting flood-prone areas in the city of Semarang. This study has the same
purpose as this study, that is to identify or predict an object. So that makes AHP can be used as a
weighting to predict students who have the potential to drop out or stay in class. In determining the
existing criteria, the AHP method can manage input values according to criteria that have a certain
weight value. By using DEWS, the system can make an assessment in the form of scores obtained
from measures that affect dropout. This score is generated from the AHP process which will be
categorized into 3 categories, namely low potential, medium potential, and high potential to drop out
or repeat a class. The results of these scores will be displayed to the academic supervisor of the student
concerned.
2. Research Purposes
The general purpose of this research is to build an information system that can assist Polstat STIS
decision makers and academic supervisors in knowing the potential for dropout and repeat a class for
Polstat STIS students. This system is expected to be used by academic supervisors as a reference to
provide direction or guidance to students who have the potential to drop out or repeat a class.
The specific purpose to be achieved in this research are as follows:
1. Creating a prediction model for students who have the potential to drop out and repeat a class using
the AHP method to produce a student potential score.
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2. Building an early warning information system for dropouts and repeat a class using AHP method to
generate scores that are divided into 3 categories, namely low potential, medium potential, and high
potential for dropout and repeat a class.
3. Building an information system that is able to provide information on potential dropouts and repeat
a class for student that can be used as student evaluation materials.
3. Research methods
3.1. Data Collection Method
In this study, the data collection methods used were interviews and literature studies. Literature study
method, conducted a study on AHP and cases related to the dropout early warning system. In addition,
interviews and literature studies were conducted to obtain the criteria used as a reference in measuring
the potential for dropout and repeat a class of STIS Polstat students in this study.
3.2. Analysis Method
The analytical method used is the AHP method based on a literature study conducted by Imanda and
Andono [6]. Where the AHP method will arrange a hierarchy according to the purpose of the analysis.
The criteria used for calculations by AHP are factors that affect the potential of students to drop out
and repeat a class.
3.3. System Development Method
The system development method used in this research is the System Development Life Cycle (SDLC)
method with the waterfall model. The stages in the development of this system are:
a. System Planning, collecting information about the system to be built, comes from the
literature study conducted.
b. System analysis, identification of systems that have been running, so that it can be apply in
Polstat STIS.
c. Designing business process diagrams, designing databases, and designing interfaces.
d. Implementation of the design that has been made to the tools that suit the needs.
e. System evaluation, done after the system is complete by testing the overall functionality of the
system and each component of the system.
3.4. Evaluation Method
Evaluation in system development aims to check whether the functions in the system function properly
or not. The suitability of the input and results of the functions used will be tested using the Black Box
test and accuracy calculations using the confusion matrix.
4. Results and Discussion
4.1. Proposed System Design
4.1.1. Business process of the proposed system. Figure 1 describes the proposed system's business
process to solve the existing problems. For the system itself, the process is carried out by
implementing AHP. The initial process begins with giving priority by using a priority questionnaire
that will compare the importance of each criterion with one another. Then the priority will be obtained
for each criterion. After the priority is determined, students fill in the required data. After the data is
collected, the potential score for dropout and repeat a class is updated for the new semester, the value
of each criterion is given a score based on the classification of each criterion and a score of potential
students for dropout and repeat a class is obtained. For the evaluation process, the department
coordinator gets a report that can be used as evaluation material, while students need to meet their
respective academic supervisors to get an evaluation of the results of potential dropouts or repeat a
class.
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Figure 1. Business process of the proposed system.
4.1.2. Proposed system use case diagram. The diagram in Figure 2 describes the use case of the
proposed system.

Figure 2. Proposed system use case diagram.
4.1.3. System architecture design. The early warning system is built on a web-based by utilizing a
database as a medium for storing information or data. This system has three users consisting of
administrators, academic supervisors, and students. For more details, see Figure 3.
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Figure 3. Proposed system architecture design.
4.1.4. Database design.

Figure 4. ERD logical system of the proposed design.
The database design that will be used in the proposed system has 14 tables as depicted in Figure 4. The
dosen table and administrator table contain lecturer and administrator information used to log into
the system. The mahasiswa table contains general information about students. The list
penghasilan table contains the coding rules for the source of income of a parent or guardian of a
student. The nilai mahasiswa table contains information about the student's grades for each
semester. The semester akademik table contains information about the current semester or not.
The kriteria mahasiswa table contains student score data used in calculating student potential
scores using AHP and this table storing the final student potential scores. The AHP table contains
general information about the current AHP method and the previously used AHP method. The
prioritas table contains priority information for the criteria. The table of skor jenis
kelamin, skor IP, skor poin pelanggaran, skor penghasilan orang tua, and
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skor tinggal kelas is an alternative table of criteria that contains information about priorities
for alternatives in each criterion.
4.2. Assessment System Implementation
The implementation of AHP in this system is in the form of a hierarchy that aims to measure the
potential for students to drop out and repeat a class with the selected criteria. Based on a research
literature study from Imran, et al [1] declared that GPA and gender are factors related to students
dropping out of school. In addition, according to Khoirunnisak and Iriawan [2], differences in parental
income and GPA are factors that affect student dropouts. In Polstat STIS, the GPA, violation points,
and class stay records are factors that determine whether students are entitled to continue the semester
or not [5]. Thus, the criteria that will be used in the measurement consist of GPA, gender,
parent/guardian income, violation points and records of repeating class. These five criteria are then
arranged in a hierarchical form with the main objective of measuring the potential of students
dropping out and repeat a class. Then, the use of relative measures is included in which the
alternatives are given a stratified categorization. For graded categorization for GPA criteria and
violation points, it is determined based on the closest value to the provision limit for the Polstat STIS
semester further and analysis of the distribution of student score data which is then grouped into 4
categories. Categories for parent/guardian income are based on categorization from research [2].
Gender categorization consists of female and male and repeat a class records consist of students who
have repeated a class and students who have never repeated a class. The results of the selection of
criteria for calculating student potential can be seen in Figure 5.

Figure 5. Implementation of AHP in measuring the potential for students to drop out and repeat a
class.
The criteria assessment was carried out through pairwise comparisons. The scale used is a scale of
1 to 9 introduced by Saaty [7]. For example, in determining the priority of each criterion, suppose the
following comparison is obtained:
Table 1. Example of a comparison matrix.
Criteria
GPA
Gender
Parent/guardian's
income
Total

GPA
1
0.14
0.20

Gender
7
1
3

Parent/guardian's income
5
0.33
1

1.34

11

6.33
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After obtaining the comparison matrix, each element of the comparison matrix will be divided
according to the number of columns. The results of the division are seen in Table 2.
Table 2. Priority result from comparison matrix.
Criteria

GPA

Gender

GPA
Gender
Parent/guardian's
income
Total

0.75
0.10
0.15

0.64
0.09
0.27

Parent/guardian's
income
0.79
0.05
0.16

1

1

1

Weight
0.73
0.08
0.19
1

The results from Table 2 itself have produced the weight of the criteria by taking the average of
each row. After getting the weight values, the next step is to check the consistency of the existing
comparisons. The consistency check begins by adding up the product of the values in each column of
the comparison matrix table with the weighted values in each row, in order to get 𝜆max value.
𝜆

(

)

(

)

(

)

(1)

Then calculate the Consistency Index (CI) and Consistency Ratio (CR) as follows:
(𝜆

)
(

)

(

)
(

)

(2)
(3)

From the CR value above, the value of 0.05 is obtained. With a CR value <= 0.1, then the above
priorities are consistent.
After obtaining the priority value for each criterion, the next step is setting priorities for the
alternatives for each criterion. The steps for determining priority values for alternatives are no
different from determining priorities for criteria. After all priorities have been obtained, the next step
is to categorize the value of each student into alternative value limits for each criterion. Based on the
calculation of the AHP method with the following equation:
∑

(4)

Description:
∑
= potential dropout or repeat a class value
Wi
= Criteria-i weight
Vi
= Criteria-i alternative weights
n
= number of criteria
So that the results of the combined sum of these values can be classified based on the potential level of
dropout and repeat a class. Classification is done by dividing the assessment into 3 categories, namely
low potential, medium potential, and high potential.
4.3. Information System Implementation
The implementation of the system is carried out using PHP programming language with CodeIgniter
framework. As the data storage, the system developed uses MySQL. The following is a partial
implementation of the Polstat STIS Dropout Early Warning System interface.
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4.3.1. Login page. The login page interface is divided into three, consisting of logins for academic
supervisor, BAAK coordinator (administrators), and students. The implementation of the interface for
the academic supervisor login page can be seen in Figure 6.

Figure 6. Implementation of the academic supervisor login page interface.
4.3.2. Home page. The implementation of the interface for the academic supervisor's home page
shows the accumulation of students who are taught based on the category of potential dropouts and
repeats a class. Just like the home page of the academic supervisor, the home page for the BAAK
coordinator is an accumulation of all Polstat STIS students. The implementation of the interface for
the home page of academic supervisor can be seen in Figure 7.

Figure 7. Implementation of the academic supervisor's home page interface.
The student home interface shows the main profile of the student and information about the grades
associated with that student. Figure 8 shows the implementation of the interface for the student home
page.
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Figure 8. Implementation of the student home page interface.
4.3.3. AHP assessment edit page. The priority edit page in Figure 9 serves to determine the priority
value of each criterion. Next, there is one more form to determine the alternative priority of each
criterion. The results of this AHP assessment form will have a major influence on the final grades of
potential dropouts and repeats a class student. This page can only be accessed by the BAAK
coordinator or the system administrator.
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Figure 9. Priority edit page interface implementation.
4.4. System Testing and Evaluation
Testing of this system is done by means of black box testing. This test is intended to test whether the
functions that exist in the system can function properly or not. Table 3 shows the results of black box
testing.
Table 3. Testing using black box testing.
Test Case

Succeed

Users (BAAK Coordinator, students, and academic
supervisors) log in according to the username and
password contained in the database and are directed to the
homepage of each user

✓

Admin changes priorities for criteria and alternatives from
criteria and the information is stored and immediately
updated for priorities in academic supervisor and
administrator

✓

Admin updates the results of the potential dropout and
repeat a class assessment for all students every semester

✓

Users (BAAK Coordinator, students, and academic
supervisors) log out and are redirected back to the login
page of each user

✓

Not successful
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Test Case

Succeed

Students make changes to their profile information

✓

Academic supervisors see detailed information from their
students

✓

Not successful

Furthermore, to see which method of prioritizing criteria has better performance in predicting
potential dropouts and repeat a class for students, an evaluation is carried out using a confusion matrix
in terms of accuracy, precision, recall, and F-measure. In this study, 2 models of prioritization of
criteria will be used. Model 1 with GPA criteria has the highest priority, then the second priority is the
violation points and gender, the third priority is the parent/guardian income, and the fourth priority is
the record of repeating class. Then for model 2 GPA criteria with the highest priority, then the second
priority is the gender criteria, record of repeating class, parent/guardian income, and violation points.
The sample data used are 426 which are the values of Polstat STIS students in the 2016 entry year
Table 4. Confusion matrix prioritization of model criteria 1.
True Value
Predicted Value

True

False

True
False

20
4

33
369

Table 5. Confusion matrix prioritization of model criteria 2.
True Value
Predicted Value

True

False

True

8

8

False

16

394

Based on the evaluation using the confusion matrix, the value of accuracy, precision, recall, and Fmeasure can be obtained, the results can be seen in Table 6.
Table 6. Comparison of compilation method performance accuracy.
Model

Accuracy

Precision

Recall

F-measure

1

0.9131

0.3774

0.8333

0.5195

2

0.9438

0.5000

0.3333

0.4000

From Table 6, it can be seen that the two models of prioritizing criteria have quite different
performance. Compared to model 2, the values of accuracy, precision, recall, and F-measure in model
1 are still better. Although the accuracy value of model 2 is higher, it is not much different. Because
the reference in this study is to choose a model that has a high recall value and accuracy. High recall
means that the model is better at predicting positive students who drop out or repeat a class who
actually do not than the model that incorrectly predicts students who do not drop out or repeat a class
when in fact the student drops out or repeats a class. In other words, it is more undesirable for students
who actually have the potential but are wrong in their predictions. This is in accordance with the
purpose of this study, which is to build an early warning system for dropouts and repeat a class,
therefore the speed of information about students who have the potential is prioritized in providing
early warning to students and accuracy is the second priority in model selection.
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In a study conducted by Lee S [4] who also developed DEWS with precision and recall evaluation
methods, produces an accuracy value of 0.898 using a boosted decision tree. Although the accuracy
value generated from this study shows better performance, it does not mean that the calculation model
of this study is more optimal. The number of data samples used by Lee S is larger as many as 165,715
students, while in this study only 426 data samples were used. The comparison of the number of data
samples that far can also affect the performance between models. The results of these predictions can
still generate false warnings so that it requires good policies or interpretations from decision makers so
that the prediction results can be used properly.
5. Closing
Based on the research that has been done, several conclusions are obtained, that is the author has
succeeded in making a predictive model using the AHP method which produces predictions of
students who have the potential to drop out and repeat a class by producing a student's potential score.
From the model created, it has been successfully applied to the developed information system. The
dropout early warning system produces a score that is divided into 3 potential categories, namely low
potential, medium potential, and high potential. Potential information generated by the system can be
used as evaluation material by the Polstat STIS decision makers and academic supervisor.
There are some limitations in this study, which can be used as material for further research. First,
system integration with Sipadu which is the Polstat STIS academic management system. Integration is
done to make it easier for users to use this system and make it easy to collect the required data in the
calculation of this system. Second, improve system performance so that it can dynamically provide
criteria. The system can be improved by adding these additional features in order to be flexible in
following changes in criteria selection. Third, strengthen the accuracy of the assessment both in terms
of prioritization or selection of criteria to be more precise in predicting students who have the potential
to drop out and stay in class. Suggestions for the selection of criteria can see the effect on PMB test
scores, differences in regional origin and percentage of attendance. PMB test scores can be used as one
of the criteria in assessing potential dropouts for new students.
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Abstract. Development in urban areas requires city management to solve problems that occur
because of high population growth. The complexity of the issues in urban areas varies widely,
including a decrease in the quality of public services, reduced availability of residential land,
congestion on the highway, excessive energy consumption, waste accumulation, increased crime
rates, and other social problems. City assessment tools can be used as support for decisionmaking in urban development as they provide assessment methodologies for cities to show
progress towards defined targets. In the 21st century, there has been a shift from sustainability
assessment to developing smart cities. The construction of the Smart City Development Index
(SCDI) is considered capable of providing a basis for formulating effective and efficient
solutions in reducing existing city problems. The purpose of this study is to find out the general
description and get the factors that form SCDI; get the results of SCDI measurements; examine
the uncertainty analysis and sensitivity analysis of SCDI, and see the relationship between SCDI
and HDI (Human Development Index). Based on the results of factor analysis, there are six
factors formed where the highest SCDI with a population of fewer than 200,000 people in
Madiun City (East Java Province), the highest SCDI with a population between 200,000 to
1,000,000 people in Yogyakarta City (DI Yogyakarta Province) and the highest SCDI with a
total population of over than 1,000,000 people in Tangerang City (Banten Province). The results
of uncertainty analysis and sensitivity analysis show that the formed SCDI is robust and reliable.
In general, SCDI has a positive relationship to Human Development Index (HDI). The
construction of this index aims to facilitate local and central governments in reviewing policies
regarding the distribution of funds so that the smart city's development is by existing conditions.

1. Introduction
Bappenas (2016) states that Sustainable Development Goals (SDGs) focus on sustainable
improvement in the economic welfare of the community, the sustainability of the social life of the
community, the quality of the environment, ensures justice, and the implementation of governance that
can maintain the improvement of the life quality. Indonesia is one of 193 countries that has been
approving the SDGs Agenda in 2015. The SDGs consist of 17 goals and 169 targets related to
sustainable development issues. In the SDGs, the 11th goal is to make cities and human settlements
inclusive, safe, resilient, and sustainable. The idea of this city emerged as a response to the
urbanization process that occurred in the world. In 2015, Bappenas approved Indonesia's seriousness
in achieving these goals by issuing the Convergence of Development Agenda by The United Nations
Development Programme (UNDP) like Nawa Cita (Nine-Point Development Agenda), RPJMN
(Rencana Pembangunan Jangka Menengah Nasional or National Medium-Term Development Plan),
and SDGs (UNDP, 2015).
To realize this goal, Indonesia has made a development implementation plan in the RPJMN 20152019. Policies that are in line with these objectives are (i) the realization of the National Urban
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System; (ii) Accelerating the fulfillment of Urban Service Standards; (iii) Development of green and
climate-resilient cities and disasters; (iv) Development of competitive smart city's based on technology
and local culture; (v) Capacity building for urban development governance. UNDP (2015) states that
Nawa Cita policy is in line with this goal is the 3rd goal, like developing Indonesia from the periphery
with strengthening regions and villages within the framework of a unitary state. Furthermore, it is also
in line with the 8th goal, like carrying out a national character revolution through a policy of
restructuring the national education curriculum by prioritizing aspects of civic education, such as
teaching the history of nation-building, values of patriotism, and love for the homeland, the spirit of
defending the country and character in the education curriculum Indonesia.
The urban population in Indonesia is growing at an average of 4.1 percent per year faster than the
urban population of other Asian countries (World Bank, 2016). The high population growth in urban
areas raises many problems, not only demographic issues but also economic activity. One of them is
the shift in the concentration of employment from the agricultural sector to the non-agricultural sector.
The impact resulting from this shift in employment concentration will cause problems, especially in
the increasing slum neighborhood, and unhealthy air quality, so it can interfere with the population
health in an area. The high population growth did not follow GDP value, where Indonesia only got 4
percent lower than other Asian countries. These show that labor productivity is still relatively low, and
income inequality is a serious problem and will affect the economy, especially in overcoming poverty,
unemployment, and crime.
The World Bank (2016) also states that the development of urban areas did not follow good
management, which management does not spend enough on infrastructure. Between the mid to late
2000s, Indonesia's economic growth expanded by an average of 5.8 percent, but infrastructure
investment only increased 3 percent. Indonesia's economic growth has resulted in an infrastructure
deficit, limiting the ability of cities to improve people's welfare. The quality of urban infrastructure in
Indonesia is still poor, especially in access to base services like clean water, sanitation, electricity, and
public transportation that is limited and uneven. Urban as the center of various economic activities,
trade, and education will have the consequence that more migrants will be able to add the city
problems so that it becomes more complex and causes the city's performance to decline. The
complexity of issues in urban areas includes a decrease in the quality of public services, reduced
availability of residential land, congestion on roads, excessive energy consumption, garbage
accumulation, increased crime rates, and other social problems. Therefore, development in urban areas
requires city management to solve existing problems.
Based on the Decree of the Minister of National Development Planning/Head of Bappenas Number
Kep.14/M.PPN/HK/02/2015 concerning the Establishment of the National Urban Development
Strategic Coordination Team, considering that 2015 is the initial stage in achieving city development,
one of which is the development of smart cities are competitive, use technology, and local culture.
Caragliu et al. (2011) state that the smart city is a city that can use human resources, social capital, and
modern telecommunications infrastructure to realize sustainable economic growth and high quality of
life, with wise resource management through community-based government participation. Currently,
Indonesia has issued a development policy for smart cities in 2015-2019 in Indonesia, namely smart
cities development as a whole (full scale) in 7 metropolitan urban areas as pilot projects. The strategies
calculated by the government to realize the development of smart cities include: (i) Developing the
economy through city branding that supports nation branding, (ii) Providing infrastructure and public
services through the use of Information and Communication Technology (ICT), and (iii) Building
community capacity that is innovative, creative, and productive (Bappenas, 2015). So, with this
policy, a measure is needed to identify which areas are ready to support Smart Cities development.
Several researchers and organizations that use indicators for constructing the Smart cities
development include Giffinger et al. in 2007, Cohen in 2012, UCLG in 2012, and Lombardi et al. in
2011 (Ahvenniemi et al., 2017). Giffinger et al. (2007) construct a European Smart Cities Index
(ESCI) and use it to identify areas ready for smart cities development. ESCI describes the factors of
Smart Cities development from the economy, people, governance, mobility, environment, and living.
The Ministry of Communication and Informatics Indonesia in 2015 evaluation of the construction of
the smart cities development in 93 selected cities in Indonesia with criteria, such as economic, social,
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and environmental aspects. Bappenas (2015) states that smart cities have a high population density
with their main activities in the non-agricultural sector or have more urban areas than rural areas. On
The Regulation of The Head of Statistics Indonesia (Perka BPS), No. 37 of 2010 concerning the
classification of urban-rural in Indonesia states that 100 cities have more than 50 percent urban area.
These cities will be the focus of researches on the construction of the Smart City Development Index.
Researches on Smart cities development are still not widely calculated in Indonesia, so it is
necessary to do more in-depth. Therefore, the researcher wants to establish a measure that has
expected to provide more detailed information on selected city's known as the Smart City
Development Index (SCDI). The objectives of this study are to explain the general description of the
characteristics of smart cities development, analyze the stages of the formation of the SCDI, examine
the level of uncertainty analysis and sensitivity analysis of the SCDI, and link the between SCDI and
other indicators.
2. Methodology
2.1. Study Area
The measurement of the smart city development, in this study at the city level. The research object in
this study is cities in Indonesia that have more than 50 percent urban areas. Based on The Regulation
of The Head of Statistics Indonesia, (Perka BPS) No. 37 of 2010 was obtained where 100 of 514 cities
with more than 50 percent urban area in Table 1. Based on the classification of the island, there are 26
cities on the Sumatera Island, 50 cities on the Java-Bali Island; 3 cities on the Nusa Tenggara Island; 7
cities on the Kalimantan Island; 10 cities on the Sulawesi Island; 4 cities on the Maluku-Papua Island.
Table 1. The Object of Research.
No

Code

Province

Region

No

Code

Province

Region

(1)

(2)

(3)

(4)

(5)

(6)

(7)

(8)

1

1171

Aceh

Banda Aceh

19

1671

South Sumatera

Palembang

2

1173

Aceh

Langsa

20

1672

South Sumatera

Prabumulih

3

1174

Aceh

Lhokseumawe

21

1674

South Sumatera

Lubuk Linggau

4

1271

North Sumatera

Sibolga

22

1771

Bengkulu

Bengkulu

5

1272

North Sumatera

Tanjung Balai

23

1871

Lampung

Bandar Lampung

6

1273

North Sumatera

Pematang Siantar

24

1872

Lampung

Metro

7

1274

North Sumatera

Tebing Tinggi

25

2171

Kepulauan Riau

Batam

8

1275

North Sumatera

Medan

26

2172

Kepulauan Riau

Tanjung Pinang

9

1276

North Sumatera

Binjai

27

3101

DKI Jakarta

Kepulauan Seribu*

10

1371

West Sumatera

Padang

28

3171

DKI Jakarta

South Jakarta

11

1372

West Sumatera

Solok

29

3172

DKI Jakarta

East Jakarta

12

1373

West Sumatera

Sawah Lunto

30

3173

DKI Jakarta

Central Jakarta

13

1374

West Sumatera

Padang Panjang

31

3174

DKI Jakarta

West Jakarta

14

1375

West Sumatera

Bukit Tinggi

32

3175

DKI Jakarta

North Jakarta

15

1376

West Sumatera

Payakumbuh

33

3201

West Java

Bogor*

16

1377

West Sumatera

Pariaman

34

3204

West Java

Bandung*

17

1471

Riau

Pekan Baru

35

3209

West Java

Cirebon*

18

1571

Jambi

Jambi

36

3216

West Java

Bekasi*

Note: * classify regency
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No

Code

Province

Region

No

Code

Province

Region

(1)

(2)

(3)

(4)

(5)

(6)

(7)

(8)

37

3271

West Java

Bogor

69

3603

Banten

Tangerang*

38

3272

West Java

Sukabumi

70

3671

Banten

Tangerang

39

3273

West Java

Bandung

71

3672

Banten

Cilegon

40

3274

West Java

Cirebon

72

3673

Banten

Serang

41

3275

West Java

Bekasi

73

3674

Banten

South Tangerang

42

3276

West Java

Depok

74

5103

Bali

Badung*

43

3277

West Java

Cimahi

75

5104

Bali

Gianyar*

44

3278

West Java

Tasikmalaya

76

5171

Bali

Denpasar

45

3279

West Java

Banjar

77

5271

West Nusa Tenggara

Mataram

46

3310

Central Java

Klaten*

78

5272

West Nusa Tenggara

Bima

47

3311

Central Java

Sukoharjo*

79

5371

East Nusa Tenggara

Kupang

48

3319

Central Java

Kudus*

80

6171

West Kalimantan

Pontianak

49

3320

Central Java

Jepara*

81

6371

South Kalimantan

Banjarmasin

50

3371

Central Java

Magelang

82

6372

South Kalimantan

Banjar Baru

51

3372

Central Java

Surakarta

83

6471

East Kalimantan

Balikpapan

52

3373

Central Java

Salatiga

84

6472

East Kalimantan

Samarinda

53

3374

Central Java

Semarang

85

6474

East Kalimantan

Bontang

54

3375

Central Java

Pekalongan

86

6571

North Kalimantan

Tarakan

55

3376

Central Java

Tegal

87

7171

North Sulawesi

Manado

56

3402

DI Yogyakarta

Bantul*

88

7172

North Sulawesi

Bitung

57

3404

DI Yogyakarta

Sleman*

89

7173

North Sulawesi

Tomohon

58

3471

DI Yogyakarta

Yogyakarta

90

7271

Central Sulawesi

Palu

59

3515

East Java

Sidoarjo*

91

7371

South Sulawesi

Makassar

60

3571

East Java

Kediri

92

7372

South Sulawesi

Pare Pare

61

3572

East Java

Blitar

93

7373

South Sulawesi

Palopo

62

3573

East Java

Malang

94

7471

Southeast Sulawesi

Kendari

63

3574

East Java

Probolinggo

95

7472

Southeast Sulawesi

Bau Bau

64

3575

East Java

Pasuruan

96

7571

Gorontalo

Gorontalo

65

3576

East Java

Mojokerto

97

8171

Maluku

Ambon

66

3577

East Java

Madiun

98

8271

North Maluku

Ternate

67

3578

East Java

Surabaya

99

9171

West Papua

Sorong

68

3579

East Java

Batu

100

9471

Papua

Jayapura

Note: * classify regency

2.2. Smart City Concept
Giffinger et al. (2007) state that a city's performing in a forward-looking way in economy, people,
governance, mobility, environment, and living, built on the Smart combination of endowments and
activities of self-decisive, independent, and aware citizens. Smart city generally refers to the search
and identification of intelligent solutions which allow modern cities to enhance the quality of the
services provided to citizens.
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Harrison et al. (2010) state that cities connect the physical infrastructure, the IT infrastructure, the
social infrastructure, and the business infrastructure to leverage the collective intelligence of the city.
Caragliu et al. (2011) state that a city is smart when investments in human and social capital and
traditional (transport) and modern (ICT) communication infrastructure fuel sustainable economic
growth, and high quality of life, with a wise management of natural resources, through participatory
governance.
Bakici et al. (2012) state that a smart city is a high-tech intensive, advanced city that connects
people, information, city elements using new technologies to create a sustainable, greener city,
competitive, innovative commerce, and increased life quality.
Barrionuevo et al. (2012) state that a smart city means using all available technology, resources in
an intelligent and coordinated manner to develop urban centers that integrate, habitable, and
sustainable.
Kourtit et al. (2012) state that a smart city has high productivity, a relatively high share of highly
educated people, knowledge-intensive jobs, output-oriented planning systems, creative activities, and
sustainability-oriented initiatives.
Lombardi et al. (2012) state that information and communications technology (ICT) affects human
capital/education, social and relational capital, and environmental issues by the notion of the smart
city.
Marsal-Llacuna et al. (2014) state that smart cities have to improve urban performance. Data and
information technologies (IT) usage is to provide more efficient services to citizens, monitor and
optimize existing infrastructure, increase collaboration among different economic actors, and
encourage innovative business models in both the private and public sectors.
2.3. Smart City Framework
To study the Smart city performance measurement systems, selected a set of Smart city assessment
frameworks for the analysis. The frameworks use three criteria:
(1) The framework should clearly with measuring smartness,
(2) Enough detailed level information about indicators and methods had to be available, and
(3) The framework should cover several areas of city functions.
Smart cities frameworks are in Table 2.
Table 2. Smart City Framework.
Framework
(1)

Description
(2)
European ranking elaborated and
European Smart
published by an international
Cities Ranking
consortium headed by the Vienna
University of Technology.
An
international
holistic
framework for considering all
The Smart Cities
components of what makes and
Wheel
supports
smart
city
benchmarking.
The study was initiated at the
Bilbao World Summit, giving an
Bilbao Smart Cities
overview of the current situation
Study
of cities in different regions of
the world.
Triple-Helix
Model analyzing interrelations
Network Model for between the components of smart
Smart Cities
cities, including the humans, and
Performance
social relations.

Source
(3)

Dimension Indicators
(4)
(5)

Giffinger et al.
(2007)

6

64

Cohen (2012)

6

26

UCLG (2012)

6

48

Lombardi et
al. (2011)

5

45
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2.4. Smart City Dimension
The Smart city development has as many as six dimensions like economic, people, governance,
mobility, environmental, and living. This dimension consists of 56 indicators. The measurement scale
is an interval. The data for indicator describes various conditions in line with the emphasis between
the role of the government and community participation while maintaining the balance and
sustainability of cities to realize smart city's development in the future. The variables used in this study
are from data provided by Statistics Indonesia (BPS) in 2018, which comes from two sources like
publications and raw data. The publication sources used BPS Publications (GRDP, HDI, and Poverty
Statistics). The raw data comes from National Socio-Economic Survey and Village Potential Data
Collection. Although the indicators selected in the present study cannot be considered a description of
the different socio-economic contexts, they provide a broad qualiﬁcation of the economic structure,
social traits, and environmental characteristics observed in the Indonesian municipalities. Scheme the
number of indicators selected by dimension is in Table 3.
Table 3. Scheme the Number of Indicators Selected by Dimension.
Dimension
(1)

Concept Limitation
(2)
The Smart economy was the ability to overcome economic
Economy
challenges, create new jobs, build new businesses, and increase
regional attractiveness and competitiveness (Alawadhi et al., 2012).
The Smart people are more concentrated on knowledge workers more
People
likely the city will innovate and pursue higher socio-economic
development (Akcura et al., 2014).
Smart governance is making the right policy and implementing
effectively and efficiently. Smart governance is a part or dimension
of a Smart City that specializes in governance. Smart governance
includes all the requirements, criteria, objectives for the
empowerment and participation of the communities together.
Governance
Important points related to the description of Smart governance
include disclosure of public information. Government is a public
service that is responsible to the community. Therefore, information
related to development plans should be available through various
information media (Batty et al., 2012).
Smart mobility is a city with easy movement. These ensure the
availability of innovative and sustainable means of public transport,
Mobility
promoting vehicles usage with low environmental impact (Alberti,
2011).
The Smart environment is an environment where you can acquire and
apply knowledge about the community and its surroundings to adapt
Environment
to the community to achieve the goals of convenience and efficiency
(Marsa-Maestre et al., 2008).
Smart living also means a measurable quality of life. These qualities
are dynamic in the sense that they are always trying to improve
themselves. Cultural achievements in humans are directly or
Living
indirectly the result of Smart living, including the proportion of the
area for recreational sports and leisure use, number of public
libraries, total book loans, and other media, museum visits, theater,
and cinema attendance (Lombardi et al., 2012).

Indicators
(3)
6
6

3

4

12

25

2.5. Smart City Indicator
The procedure to build up the composite index of smart cities development consists of nine steps,
starting from the framework, variables selection, missing data imputation, normalization data,
multivariate statistical analysis, weight derivation, indicators composition, and analysis of the obtained
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index. The formed factors can be quantiﬁed, thus allowing for an objective assessment of the territorial
contexts favoring the smart cities. So simplicity in model building and ﬂexibility in the use of relevant
variables (OECD, 2008).
Table 4. Smart City Indicator.
Code
Indicator
(1)
(2)
SMART ECONOMY
A1
Gross Regional Domestic Product
A2
Real per capita expenditure
A3
Unemployment Rate
A4
Labor Force Participation Rate
A5
Full-time workers
A6
Workers in the formal sector
SMART PEOPLE
B1
Population with a basic education certificate
B2
Population with a secondary education certificate
B3
Population with a higher education certificate
B4
Literacy Rate
B5
The average length of the school
B6
Expected length of the school
SMART GOVERNANCE
C1
Cell phone usage
C2
Computer usage
C3
Internet access usage
SMART MOBILITY
D1
Widest type of road surface quality asphalt
D2
Road accessibility throughout the year
D3
Presence of public transportation on fixed routes
D4
Major public transport operations every day
SMART ENVIRONMENT
E1
Water pollution
E2
Soil pollution
E3
Air pollution
E4
Environmental conservation activities
E5
Waste processing/recycling activities
E6
Work together for the general activities
E7
Work together for the specific activities
E8
Natural disasters
E9
Managed nature reserves
E10
Fights/level of security maintained
E11
Sewage that is polluting the river water
E12
Existent slums
SMART LIVING
F1
Life Expectancy
F2
Population with the poor condition
F3
Poverty Line
F4
Health complaints
F5
The largest building material for the roof of the house
F6
Main building materials of the widest house walls
F7
Defecation facilities
F8
Septic tank waste final disposal
F9
Accessing sources of clean drinking water
F10
Accessing clean water sources
F11
PLN's electric lighting sources

Source
(3)

Sign*
(4)

GRDP Publication
HDI Publication
National Socio-Economic Survey
National Socio-Economic Survey
National Socio-Economic Survey
National Socio-Economic Survey

+
+
+
+
+

National Socio-Economic Survey
National Socio-Economic Survey
National Socio-Economic Survey
National Socio-Economic Survey
HDI Publication
HDI Publication

+
+
+
+
+

National Socio-Economic Survey
National Socio-Economic Survey
National Socio-Economic Survey

+
+
+

Village Potential Data Collection
Village Potential Data Collection
Village Potential Data Collection
Village Potential Data Collection

+
+
+
+

Village Potential Data Collection
Village Potential Data Collection
Village Potential Data Collection
Village Potential Data Collection
Village Potential Data Collection
Village Potential Data Collection
Village Potential Data Collection
Village Potential Data Collection
Village Potential Data Collection
Village Potential Data Collection
Village Potential Data Collection
Village Potential Data Collection

+
+
+
+
+
-

HDI Publication
Poverty Statistics Publication
Poverty Statistics Publication
National Socio-Economic Survey
National Socio-Economic Survey
National Socio-Economic Survey
National Socio-Economic Survey
National Socio-Economic Survey
National Socio-Economic Survey
National Socio-Economic Survey
National Socio-Economic Survey

+
+
+
+
+
+
+
+
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Code
Indicator
Source
(1)
(2)
(3)
F12
Electric cooking fuel percentage
National Socio-Economic Survey
F13
Victims of crime/crime rate
National Socio-Economic Survey
F14
Access to the elementary school
Village Potential Data Collection
F15
Access to the junior high school
Village Potential Data Collection
F16
Access to the senior high school
Village Potential Data Collection
F17
Access to the university
Village Potential Data Collection
F18
Access to the hospital
Village Potential Data Collection
F19
Access to the maternity hospital
Village Potential Data Collection
F20
Access to the public health center
Village Potential Data Collection
F21
Access to the polyclinic
Village Potential Data Collection
F22
Access to the doctor's office
Village Potential Data Collection
F23
Access to the midwife practice
Village Potential Data Collection
F24
Access to the village health post
Village Potential Data Collection
F25
Access to the medicine
Village Potential Data Collection
Note: * sign + shows unidirectional and sign - shows opposite directional

Sign*
(4)
+
+
+
+
+
+
+
+
+
+
+
+
+

2.6. Data Analysis
Goal 1. Reviewing indicators related to smart city's development. This objective is answered with a
literature review and descriptive analysis to find out the general description of the characteristics of
smart cities development. Visualization of descriptive analysis uses histograms, pie charts, bar charts,
or others. In determining the selecting variables for descriptive analysis, an exploratory factor analysis
method uses the R application with the information about the mean, standard deviation, minimum and
maximum values.
Goal 2. Construction of SCDI. This objective uses the index construction method guided by the
composite index construction stage by the OECD.
Goal 3. Measuring the uncertainty and sensitivity of composite indicators to increase transparency
in policy-making from the resulting composite indicators. This objective uses the methods of
uncertainty analysis and sensitivity analysis. This method has tried various combinations of weighting
methods on the index used by Statistics Indonesia (BPS) and OECD.
Goal 4. Linking SCDI with other indicators. This objective uses the scatter plot method or
correlation analysis between SCDI and Human Development Index (HDI).
2.7. Factor Analysis
Factor analysis is a technique to examine the patterns or relationships underlying several variables and
to determine whether the summarized information is a new set of variables, referred to as factors. Hair
et al. (2010) state that formed indicators can represent the variables contained. Factor analysis seeks to
simplify complex and diverse relationships within a set of variables by uncovering dimensions or
factors that link together seemingly unrelated variables, thereby providing insight into the underlying
data structure (Dillon et al., 1984). Hair et al. (2010) state that the stages of factor analysis are as
follows:
a. Determine what variables will be analyzed.
b. Test the variables that are feasible to enter the factor analysis stage.
 Bartlett's Test of Sphericity
Bartlett's Test of Sphericity is a statistical test used to see the significance of the correlation
between variables as a whole from a correlation matrix. The data deserves to be analyzed by
factor analysis if there is a correlation between the variables used or the correlation matrix is
not an identity matrix.
 Kaiser-Meyer-Olkin (KMO)
The KMO method measures the adequacy of the overall sample and is used to compare the
observed correlation coefficient with the partial coefficient (OECD, 2008). The KMO value
should be above 0.6 so that it can be analyzed using factor analysis.
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 The Measure of Sampling Adequacy (MSA)
Hair et al. (2010) stated that a variable is feasible to do factor analysis if the MSA value is
more than 0.5.
c. Determine the method of factor analysis (extraction)
Factor extraction is the process of reducing the number of variables into several new sets of
variables. This study uses a method of determining the number of factors, namely by looking at
the eigenvalues or the percentage value of variance (determination of the number of factors
analysis).
d. Interpreting factors
Factor interpretation by classifying the variables that have the highest loading factor to be
classified as related factors.
2.8. Composite Index
Based on the Organization for Economic Co-operation and Development (2008) in the publication of
the Handbook on Constructing Composite Indicators, the steps in constructing a composite index are
as follows.
1) Development of the theoretical framework
The theoretical framework is to select and combine variables to become a meaningful
composite indicator. The theoretical framework provides a clear framework and definition of the
phenomenon to be measured.
2) Indicator selection
The selection of indicators is to check the quality of the available variables through
consideration of their advantages and disadvantages in terms of availability, timeliness, data
sources, and relevance.
3) Missing data imputation
Data imputation is to produce a complete data set and estimate the missing value, provide a
measure of the reliability of the imputed value so that it can be seen its effect on the results of
composite indicators, and detect outliers.
4) Data normalization
Data often has different units of measurement, so it is necessary to normalize the data so that
the variables used in the analysis process are comparable. The method used for normalization is a
min-max method. The sign ‘+’ shows unidirectional and sign ‘-’ shows opposite directional with
the formula:
The sign ‘+’ shows:
(1)
The sign ‘-’ shows:
(2)
5) Multivariate analysis
Multivariate analysis is examining to the structure of the data set. There are several techniques
of multivariate analysis. The multivariate analysis used in this study was exploratory factor
analysis.
6) Determine the weight
Unequal weight is a weight for each indicator formed from the results of factor analysis. The
weights are obtained by dividing the loading factor of each indicator divided by the average
loading factor in each dimension and then multiplied by the variance value in each dimension.
Furthermore, the weights are normalized by dividing the weights on the indicator divided by the
total weights of all dimensions. The weighting of each indicator is calculated based on the value of
the loading factors it has and the value of the rotation sums of squared loading (percent of
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variance) through the following two stages:
Stage 1: Calculation of the weight of each indicator in one dimension
(3)
Stage 2: Calculation of the standard weight of each indicator in one dimension
∑

(4)

= factor loading indicator i
= rotated sum squares loading factor k
= weighing indicator i
= standardized weighing indicator i
= number of weights

m
7) Estimated factor score
The factor score is a composite measure of each original variable for each factor extracted in
factor analysis (Hair et al., 2010). The factor score is also a composite score estimated for each
respondent on the derivative factors. The explanation of factor estimation is in results.
8) Aggregation
Aggregation is the process of the final value of various indicators as a composite index. This
study performs aggregation by adding up the multiplication between the weights of each factor
and the factor scores of each city. Firstly, the index value for each dimension uses the following
formula:
Stage 1: Calculation of dimension value
(5)

∑
Stage 2: Calculation of SCDI value

(6)

∑
Stage 3: Calculation of Indonesia's SCDI value
∑

SCDIj
r
s
n

(7)

= Smart City Development Index (city j)
= number of subdimensions
= many dimensions
= the number of cities

3. Results
3.1. Principal Component Analysis
The results of the principal component analysis calculated on the matrix composed of 56
variables observed at the level of 100 cities are reducted as 21 variables based on Bartlett's
Test of Sphericity, Kaiser-Meyer-Olkin (KMO), and Measure of Sampling Adequacy (MSA). Based
on the results of the processing, the KMO value of 0.795 was obtained which illustrates that the data is
good enough for factor analysis. The results of Bartlett's Test of Sphericity show a p-value of 0.00
which is smaller than the alpha significance of 5 percent (0.05) which indicates that the correlation
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matrix is not an identity matrix, or there is a significant correlation between the variables used, so that
factor analysis can be calculated. The MSA value for each variable is above 0.5 which means the data
used is good enough for factor analysis (Sharma, 1996). PCA extracted with absolute eigenvalue is
more than 1. The extracted proportion of variance 73.39 percent is high considering the huge
number of input variables. The number of dimensions is as many as 6 dimensions.
Table 5. Dimension of SCDI.
No
(1)
1
2
No
(1)
3
4
5
6

Dimension
(2)
Education and Health Access
People and Governance
Dimension
(2)
Income and Environmental Eligibility
Joint Action, Housing, and Health
Manpower Readiness
Pollution
Total

Variance
(3)
22.19
17.29
Variance
(3)
9.72
8.87
8.48
6.84
73.39

Eigen Value
(4)
8.73
6.00
Eigen Value
(4)
4.85
2.81
1.75
1.55

3.2. Weighting Indicator
The weights are obtained by dividing the loading factor of each indicator divided by the average
loading factor and then multiplied by the variance in each dimension. Furthermore, the weights are
normalized by dividing the weights on the indicator divided by the total weight of all dimensions.
Table 6. Weighting Indicator.
No
(1)

1

2

3

Dimension
(2)

Education and
Health Access

People and
Governance

Income and
Environmental
Eligibility

Indicator
(3)

Education Access
X26 - Access to the junior high school
X27 - Access to the senior high school
X28 - Access to the university
Health Access
X29 - Access to the hospital
X30 - Access to the maternity hospital
X31 - Access to the public health center
X32 - Access to the polyclinic
X33 - Access to the doctor's office
X34 - Access to the midwife practice
X35 - Access to the medicine
People
X6 - Population with a basic education certificate
X7 - Population with a secondary education certificate
X8 - Population with a higher education certificate
X10 - The average length of the school
X11 - Expected length of the school
Governance
X12 - Cell phone usage
X13 - Computer usage
X14 - Internet access usage
Income
X1 - GRDP
X2 - Real per capita expenditure

Weight
(4)
0.0420
0.0481
0.0477
0.0480
0.0333
0.0463
0.0460
0.0364
0.0441
0.0434
0.0373
0.0220
0.0389
0.0381
0.0338
0.0347
0.0376
0.0290
0.0420
0.0481
0.0477
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No
(1)

4

Dimension
(2)

Joint Action,
Housing, and
Health

5

Manpower
Readiness

6

Pollution
Total

Indicator
(3)
Environmental Eligibility
X15 - Presence of public transportation on fixed routes
X21 - Existent slums
X25 - Accessing clean water sources
Joint Action
X17 - Waste processing/recycling activities
X18 - Work together for the general activities
X19 - Work together for the specific activities
Housing and Health
X22 - Life expectancy
X23 - Material for the roof of the house
X24 - Material of the widest house walls
Manpower Readiness
X3 - Labor Force Participation Rate
X4 - Full-time worker
X5 - Formal sector workers
X9 - Literacy Rate
Water Pollution
X16 - Water pollution
X20 - Sewage that is polluting the river water

Weight
(4)
0.0135
0.0162
0.0213
0.0166
0.0224
0.0200
0.0136
0.0177
0.0141
0.0191
0.0207
0.0158
0.0109
0.0133
0.0135
1

4. Discussion
4.1. Description of the Characteristic of Smart City Development in Indonesia
In general, Indonesian people tend to have a GRDP of Rp 53,356.21 billion by X1. However, there are
still many regions whose GRDP is still far from the average value. In addition, the variable X2 shows
the real per capita expenditure of the Indonesian people at about Rp 13,572.14. Next, Labor Force
Participation Rate, in general, the community has participated in the working-age (productive) by X3.
The variable X4 shows the percentage of full-time workers is only 51.52 percent, and the variable X5
shows the percentage of workers in Indonesia is still below 50 percent. Next, the certificate that was
last completed by X6, X7, and X8, it is seen that the proportion is more indicated by secondary
education certificate with 42.51 percent by X7. Meanwhile, from the Literacy Rate variable by X9,
where only 1.58 percent are still illiterate. In contrast, variable X11 is the expected length of schooling
to be achieved is 14.15 years. The variable X10, like the average length of the school, is only 10.42
years, which means it is still far below expectations. The variables X12, X13, and X14 indicate the use
of cellphones, computers, and access to the internet that many people use cellphones but rarely use
computers. On the other hand, the number of people who access the internet has almost reached 50
percent, which means that half of the people in cities have to access the internet. Furthermore, the
existence of public transportation with fixed routes as indicated by X15 is 70.59 percent.
The condition of the community is good enough because more than 50 percent are not experiencing
water pollution by X16. Meanwhile, the variable X17 shows the percentage of villages involved in
waste recycling processing activities is only 32.89 percent. The variables X18 and X19, which indicate
the percentage of villages joining in cooperation activities, are more dominated by special interests
than public interests. While the variable X20 states percentage of villages with river water not polluted
by waste is 57.63 percent. Variable X22 shows Life Expectancy is 72.26 years. These indicate that the
health condition of the Indonesian people is quite good. However, when viewed from the housing
conditions, the variables X23, X24, and X25 which show the percentage of villages with the (largest)
roofs in the form of tiles, (widest) walls in the form of walls, and the (main) source of clean drinking
water used successively 45.27 percent, 86.40 percent, and 14.82 percent. Meanwhile, for the variable
of education access indicated by X26, X27, and X28, the ease of access to education in junior high
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schools is 43.69 percent compared to others by X26. For the variable of health access indicated by
X29 to X35, it can be seen that X29 has the largest ease of access to health care at the hospital with
43.66 percent.
4.2. Stages of Construction SCDI in Indonesia
The number of dimensions as many as six dimensions with the amount of each variation that can be
explained by dimension 1 (22.19 percent), dimension 2 (17.29 percent), dimension 3 (9.72 percent),
dimension 4 (8.87 percent), dimension 5 (8.48 percent), and dimension 6 (6.84 percent). These
indicate that dimension 1 has a high contribution in explaining the formed factors. Based on the
existing cumulative variance, factoring with six dimensions is considered sufficient.
To see further the dimensions that construct the SCDI the most contributing to the index, the
dimension with the lowest contribution value is dimension 6 (pollution) of 1.63 because this
dimension only consists of two indicators. The facts show that pollution in Indonesia is still 34.76
percent of villages experiencing water pollution and 42.37 percent of villages experiencing waste
pollution in river water. In addition, this dimension is still relatively low in smart city development
readiness because the contribution in this index only reaches 6.84 percent. Meanwhile, the highest
contribution value is dimension 1 (education and health access) of 17.39. These show that high access
in education access reaches 42.16 percent and health access reaches 38.49 percent. In addition, this
dimension is already good enough in readiness for Smart cities development because the contribution
in this index has reached 22.19 percent.
Share given by each dimension is in line with the index value generated by each dimension in the
SCDI. The largest share of smart cities development comes from the education and health access
dimension, which is 37.70 percent, and the smallest share in Smart cities development comes from the
pollution dimension, which is 3.54 percent. The high share of the education and health access
dimension shows that this dimension contributes to the high readiness of smart cities development in
Indonesian cities. The share dimensions of the SCDI are in Figure 1.

Education and Health Access

Pollution

Manpower Readiness

People and Governance

Income and Environment Eligibility

Joint Action, Housing, and Health

Figure 1. Share Dimensions of SCDI.
SCDI as an outcome-oriented performance index or development results. The SCDI measures
regional conditions from various development dimensions based on predetermined achievement
targets. The results of the preparation of the SCDI can help policy-makers, especially in providing a
quantitative basis for comparing, analyzing, and understanding regional development performance.
From Table 7 and Table 8, there are 51 cities with SCDI values are above the Indonesian. The
results of the Indonesian SCDI value showed an index is 46.14. The city with the highest SCDI in
Madiun City (East Java Province) with 73.96, and the city with the lowest SCDI in Kepulauan Seribu
Regency (DKI Jakarta Province) with 23.57.
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Table 7. Cities with the Highest SCDI.
No

Region

Province

SCDI

No

Region

Province

SCDI

(1)

(2)

(3)

(4)

(5)

(6)

(7)

(8)

Highest Smart City Development Index (SCDI)
1

Madiun

East Java

73.96

6

Pare Pare

South Sulawesi

66.28

2

Blitar

East Java

73.65

7

Pontianak

West Kalimantan

64.51

3

Yogyakarta

DI Yogyakarta

71.42

8

Palu

Central Sulawesi

64.49

4

Denpasar

Bali

70.09

9

Salatiga

Central Java

64.05

5

Malang

East Java

66.45

10

Magelang

Central Java

63.33

Note: * classify regency

Table 8. Cities with the Lowest SCDI.

No

Region

Province

SCDI

No

Region

Province

SCDI

(1)

(2)

(3)

(4)

(5)

(6)

(7)

(8)

Lowest Smart City Development Index (SCDI)
1

Kepulauan Seribu*

DKI Jakarta

23.57

6

Tangerang*

Banten

27.49

2

Cirebon*

West Java

24.69

7

Lhokseumawe

Aceh

28.11

3

Bandung*

West Java

25.18

8

Tasikmalaya

West Java

28.31

4

Bogor*

West Java

25.59

9

Bitung

North Sulawesi

29.50

5

Prabumulih

South Sumatera

25.98

10

Bau Bau

Southeast Sulawesi

29.50

Note: * classify regency

Table 9. SCDI Classification by Population.
No

Region

Province

SCDI

(1)
(2)
Population < 200,000 people

(3)

(4)

1

Madiun

East Java

73.96

2

Blitar

East Java

73.65

3

Pare Pare

South Sulawesi

66.28

4

Salatiga

Central Java

64.05

5

Magelang

Central Java

63.33

Population 200,000 – 1,000,000 people
1
Yogyakarta
DI Yogyakarta

71.42

2

Denpasar

Bali

70.09

3

Malang

East Java

66.45

4

Pontianak

West Kalimantan

64.51

5

Palu

Central Sulawesi

64.49

Population > 1,000,000 people
1
Tangerang
Banten

60.61

2

Makassar

South Sulawesi

59.76

3

North Jakarta

DKI Jakarta

57.61

4

Surabaya

East Java

55.34

5

South Jakarta

DKI Jakarta

52.86

Note: * classify regency
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From Table 9, SCDI classification by population, the classification with a population of fewer than
200,000 people, the highest SCDI in Madiun City (East Java Province) with 73.96; classification with
a population of 200,000 - 1,000,000 people, the highest SCDI in Yogyakarta City (DI Yogyakarta
Province) with 71.42; and the classification with a population of over than 1,000,000 people, the
highest SCDI is Tangerang City (Banten Province) with 60.61.
4.3. Uncertainty Analysis and Sensitivity Analysis from SCDI
Each city is ranked based on the SCDI value. Ranking for city uses in all scenarios. All scenarios use
unequal weighing techniques: Scenario I - (Baseline Model), scenario II - Environment Indifferent
Behaviour Index (Indeks Perilaku Ketidakpedulian Lingkungan Hidup - IPKLH), scenario III Regional Development Index (Indeks Pembangunan Regional - IPR), scenario IV - Social Capital
Index (Indeks Modal Sosial - IMS), and scenario V - Organisation for Economic Co-operation and
Development (OECD). Therefore, it takes an average ranking change as minimal as possible or close
to 0 (Salvati et al., 2014). The scenarios model is in Table 10.
Table 10. Characteristics of 5 Scenarios Model.
Scenario
(1)
I
II
III

Model
(2)
Baseline Model
Environment Indifferent Behaviour
Index

Weighting
(3)
Indicator

Regional Development Index

Indicator

Social Capital Index*
IV
OECD
V
Note: * using total factor loading for weighting

Indicator

Indicator
Dimension

Total
(4)

Aggregation
(5)
All
Linear
Arithmetic
Dimension
Mean
Arithmetic
Subdimension
Mean
All
Linear
All
Linear

Results of the scenario in Table 11 that the average change in the ranking of cities (Rs) is from
(1.12 to 2.60), and a value close to 0 indicates a good combination between the SCDI scenario I and
other scenarios. Scenario IV has the high average change in city ranking (Rs), while scenario III has
the low average changes in city ranking (Rs). In general, the resulting SCDI value has a low change in
input factor changes, so it has a high certainty on the resulting index. Therefore, if an index undergoes
drastic changes, it will illustrate that the index compiled does not have good certainty.
Table 11. Average Change in Ranking of 5 Scenarios.
(1)
I
II
III
IV
V

I
(2)
0
14.74
14.74
5.54
6.82

II
(3)
14.74
0
1.86
9.56
9.70

III
(4)
14.74
1.86
0
9.68
9.96

IV
(5)
5.54
9.56
9.68
0
4.06

V
(6)
6.82
9.70
9.96
4.06
0

Average
(7)
8.37
7.17
7.25
5.77
6.11

Rs
(8)
1.20
1.12
2.60
2.26

While in Figure 2, it can be seen that most of the median rank of SCDI has a precision level below
40 percent which indicates the level of precision is categorized at high and medium levels. The level
of precision in Figure 2 shows that the median rank will provide an alternative measure of the ranking
of smart city development. That will show the range of potential rankings whether this index can
measure certainty rankings in it.
ESRI (2011) stated that the coefficient of variation (CV) helps categorize the level of precision in
this ranking case. In Figure 2, CV below 12% (45 cities) are in high precision, CV 12-40% (39 cities)
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are in moderate precision, CV above 40% (16 cities) indicate low precision in smart city rankings.
This has shown that this index has high certainty (low uncertainty) and shows reliability.

Figure 2. Comparison of CV and Precision Level with Median Rank SCDI.
The relationship between the median rank and CV by the Pearson correlation coefficient is -0.718.
This shows a negative relationship between the median rank of the smart city and CV. In other words,
the higher the CV in the city, the more heterogeneous the median rank variation, so it will show low
precision as well, and vice versa. This indicates an alternative possibility of using the index as an
approach to identify areas with the development is considered sufficient to describe the state of smart
cities.
Table 12. Spearman Correlation between Baseline Rank and Scenario Rank.
(1)
I
II
III
IV
V
Median

I
(2)
1
0.796
0.794
0.969
0.953
0.950

II
(3)
0.796
1
0.996
0.913
0.902
0.930

III
(4)
0.794
0.996
1
0.911
0.900
0.928

IV
(5)
0.969
0.913
0.911
1
0.984
0.993

V
(6)
0.953
0.902
0.900
0.984
1
0.992

Median
(7)
0.950
0.930
0.928
0.993
0.992
1

Meanwhile, in testing sensitivity analysis, one can see the relationship between the baseline rank
and the median rank as indicated by the magnitude of the Spearman correlation coefficient, which is
0.950. These indicate a positive relationship between the baseline and median ratings. Hamby (1994)
states that the results of a significant correlation also show that the index already has low sensitivity to
changes in ranking and has good sensitivity. In general, the SCDI value has met the criteria of low
uncertainty and low sensitivity to the resulting scenarios that the formed SCDI is robust and reliable
(Saisana et al., 2010).
4.4. Linking between SCDI and HDI
In general, there is a positive relationship between SCDI and the Human Development Index (HDI),
where cities with low SCDI scores tend to have low HDI scores, and towns with SCDI scores tend to
have high HDI scores. From the results of the quadrant analysis below, 35 cities do not follow the
distribution pattern like other cities, where 18 cities have low SCDI scores and high HDI values
(quadrant II). On the contrary, 17 cities have high HDI values (quadrant II). Low SCDI and HDI
values (quadrant IV). Quadrants II and IV indicate that a high SCDI value does not necessarily mean a
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high HDI value and vice versa. In contrast to the other 65 cities that follow the distribution pattern of
correlation values, 34 cities have high SCDI values and high HDI values (quadrant I), while 31 other
cities have low SCDI values and low HDI values. Quadrants I and III show that a high SCDI value
means a high HDI value, and vice versa.
The results based on the test show that the Pearson correlation coefficient between SCDI and HDI
is 0.555 which indicates that there is a positive and quite strong relationship between SCDI and HDI
(Alsaqr, 2021). If the HDI of a region increases, then the SCDI in a region will increase, and vice
versa. The correlation analysis can prove that the formed SCDI has fairly high validity and is sensitive
to phenomena related to development achievements.
5. Conclusion
Development in urban areas requires city management to solve problems that occur of high population
growth. The complexity of the issues in urban areas varies widely, including a decrease in the quality
of public services, reduced availability of residential land, congestion on the highway, excessive
energy consumption, waste accumulation, increased crime rates, and other social problems. The result
of factor analysis shows that six dimensions form the SCDI, start from dimension 1 (education and
health access), dimension 2 (people and governance), dimension 3 (income and environmental
eligibility), dimension 4 (the joint action, housing, and health), dimension 5 (manpower readiness),
and dimension 6 (pollution). The results show that the SCDI value, where the highest SCDI area with
a population of fewer than 200,000 people in Madiun City (East Java Province), the highest SCDI area
with a population between 200,000 to 1,000,000 people in Yogyakarta City (DI Yogyakarta Province),
and the highest SCDI area with a population above 1,000,000 people in Tangerang City (Banten
Province). The SCDI value has criteria for low uncertainty and low sensitivity to several scenarios,
and the SCDI is robust and reliable. The relationship between SCDI and HDI has a positive
relationship where 65 cities follow this distribution pattern of correlation values. In addition, the
suggestion from this study is to expand the measurement of the Smart city development index to all
regions in Indonesia, add other indicators with consideration and adjustment from the expert and
stakeholders. Review the improvement of the methodology, especially with the availability of
indicators in areas so that comparability, and can assist local governments and the central government
in reviewing policies regarding the allocation of funds so that the development of a Smart city is by
existing conditions.
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Abstract. The Covid-19 virus has become a global pandemic, including Indonesia. Various
efforts have been made by the Government to reduce the negative impact by this pandemic,
one of which is through the PeduliLindungi application. The research was conducted to obtain
public sentiment towards the application by using twitter data. The data collection period is
from August 31 to September 7, 2021, this period was chosen due to the emergence of news
regarding vaccine data leaks associated with data leaks in the PeduliLindung application.
Sentiment analysis is carried out using the TextBlob and VADER libraries. The results of this
sentiment analysis are sufficient to display public opinion and it is hoped that decision makers
can improve applications based on these opinions. Then, it was found that the VADER library
can be said to be better in conducting sentiment analysis in research because the lexicon
approach used is based on social media.

1. Introduction
The Covid-19 virus has become a pandemic in the whole world, including Indonesia. The World
Health Organization (WHO) urges the public to implement health protocols to avoid the spread of
Covid-19 by maintaining a minimum distance of one meter, wearing masks, washing hands, limiting
mobility, and staying away from crowds. The Indonesia Government released policies such as social
distancing which were carried out in the year 2020. In addition, the government through the Covid-19
Task Force has launched four strategies to reinforce the physical distancing policy. The first is the use
of a mask, the second is the activity to search contacts (tracing) who identified infected Covid-19 with
the rapid test, the third is education and preparation of self-isolation, and the latter is the isolation in
the hospital when cases who infected Covid-19 requires hospital clinic services [1].
Activity to search contacts according to WHO is the activity of monitoring the identification of
people that have a possibility of exposure to Covid-19. Contact is defined as someone who interacts
within a distance of 1 meter in a time less than 15 minutes with someone who is infected Covid-19.
Contacts are required to perform self-isolation in a period of time of about 14 days to reduce the
possibility of contact spreading the Covid-19 virus to others. According to WHO, electronic devices
and information technology are able to assist contact tracing activities on a large scale [2]. Based on
that statement, the government through the collaboration between the Ministry of Communication and
Information, Health, Agency Enterprises Owned, and the National Board for Disaster Management, as
well as operators of telecommunications that exist in Indonesia makes an application called
PeduliLindungi. This application can help people do the tracing, tracking, and fencing against people
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who are infected Covid-19. The PeduliLindungi application will identify users who are in the range
that is close to people who are infected and who are identified to be infected to Covid-19 [3].
To use the PeduliLindungi application, name, cell phone number, and geographic location data are
needed [4]. After the Covid-19 vaccination, the public will be given a vaccine certificate with a QR
code listed that can be downloaded in the PeduliLindungi application. Vaccine certificates store data
such as population registration numbers [20]. Meanwhile, the QR Code on the vaccine certificate
stores the vaccine registration number [19]. These data must be kept confidential and should not be
disseminated for fear of being misused by irresponsible people [20,21]. However, on September 3,
2021, public panic arose because there was news about vaccine data being leaked [6]. Regardless of
the emergence of the news, from the field of law, there is the term called the principles of data
personal as contained in the General Data Protection Regulation (GDPR). According to research from
[7], the PeduliLindungi application violates the principles of personal data which include the
principles of transparency, goal limitation, and data minimization. While The National Cyber and
Crypto Agency stated that the PeduliLindungi application was in accordance with the principles of
personal data protection and security and was in accordance with Government Regulation No. 71 of
2019 Article 14 Paragraph 1 and Article 15 concerning the Implementation of Electronic Systems and
Transactions [8]. Outside the negative news, research that analyzes the usability of the PeduliLindungi
application indicates that the application provides information that is in accordance with the users’
expectations [9]. In addition, based on research on public acceptance of PeduliLindungi application
stated that the ease of use and usability of the application is a factor that is important for the users [10].
The PeduliLindungi application has its negative and positive sides in the eyes of the public. After
seeing the incident that occurred on September 3, it is necessary to analyze the public response about
the PeduliLindungi application before and after the news came out. So, the PeduliLindungi application
can be improved based on those responses.
2. Research Method
The method used in this study is text mining with word cloud formation and sentiment analysis. Text
mining is the process of finding information hidden from text-shaped data by extracting information
from a written source. Word cloud is a visual representation of text. Word cloud makes it easy for
readers to see the frequency of occurrence of a text word. The larger the font size in word cloud, the
more often the word appears. Sentiment analysis is the process of understanding, extracting, and
processing data in the form of text to obtain sentiment information contained in it.
This study used data derived from Indonesian-language tweets with the keyword PeduliLindungi in
the period 31 August 2021 to 7 September 2021. The data before preprocessing was obtained
amounting to 19,649 tweets. The data is collected using tweepy integrated with the Twitter API. After
the data is collected, then preprocessing is done before the data analysis is done.
The research steps conducted by researchers consist of several stages as seen in Figure 1.

Figure 1. Research Framework Flow Chart
The preprocessing stage is the process of extracting interesting and important knowledge from
unstructured text data [22]. Before preprocessing, the retweet will be removed first. The stages of text
preprocessing are case folding, normalization, tokenizing, stopword removal, and stemming. Case
folding is the process of converting letters in text into lowercase letters [14]. After that, words that are
not standard and are not in the KBBI will be normalized manually into words that have the closest
meaning. Tokenizing is the process of cutting text based on each of its constituent words. Then,
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filtering is done by doing stop words removal. Stop words removal aims to remove common words
that do not have a significant influence in tweets[14]. Finally, stemming is done to remove the word
add-on in the tweet.
The sentiment analysis process is carried out with a lexical approach. In this study, two sentiment
analysis methods were used in python, namely TextBlob and VADER (Valence Aware Dictionary and
Sentiment Reasoner). TextBlob is a python library for processing textual data[16]. Sentiment analysis
using TextBlob and VADER is only available in English so researchers translate data from
preprocessing results into English before sentiment analysis.
TextBlob offers APIs for natural language processing (NLP) such as part-of-speech tagging, noun
extraction, sentiment analysis, classification, translation, and more. Sentiment analysis in TextBlob is
done by restoring two properties, namely polarity, and subjectivity[19]. Polarity is a float value that
ranges from -1 to 1. A polarity value of -1 indicates negative sentiment, while a polarity value of +1
indicates positive sentiment. Subjectivity is described with values ranging from 0 to 1. If subjectivity
is less than 0.5, then sentences tend to be subjective rather than objective.
VADER is a lexicon and rule-based sentiment analysis tool. VADER is open-source under an MIT
license developed by George Berry, Ewan Klein, and Pier Paolo. VADER provides positive, negative,
and neutral labeling based on text sentiment calculations according to its semantic orientation[18].
VADER maintains the benefits of traditional lexicon sentiments such as linguistic inquiry and word
(LIWC)[16]. VADER returns the probability value of the given input and classifies it into positive,
neutral, and negative sentiments.
3. Result
The research began by crawling Twitter data using the keyword PeduliLindungi on August 31, 2021 to
September 7, 2021. From the results of crawling the data and preprocessing data, there are 9,820
tweets. The following Figure 2 shows the distribution of the tweets.

Figure 2. Tweet Distribution.
Figure 2 shows an increasing number of tweets that were previously constant. This change began
to occur on 3-4 September 2021, this change was allegedly because on that date, news related to the
alleged leak of Indonesian people's personal data related to vaccinations, especially those that
happened to high-ranking officials in Indonesia became a trending topic on twitter, so the
PeduliLindungi platform became a trending topic. one of the applications in the vaccination program
that was carried out became the most talked about topic on twitter. This is due to the alleged data leak
originating from the PeduliLindungi application because it contains the same information. Therefore,
twitter data collection was carried out on 31-7 September 2021 to capture how the public reacted and
assessed.
This study divides the data into two, namely tweets on 31 August-3 September 2021 and 4-7
September 2021. From the results of the division of the period, it was found that the number of tweets
was 3,884 and 5,936 respectively. Then, sentiment analysis was carried out on tweets generated in
both periods by using two algorithms respectively in the TextBlob and VADER libraries.
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Figure 3. Positive Sentiment Wordcloud on
TextBlob Library on 31 August-3 September
2021

Figure 4. Positive Sentiment Wordcloud on
TextBlob library on 4-7 September 2021
Figure 3 and Figure 4 are visualizations of the words that appear most often in tweets classified as
positive sentiment on the algorithm in the TextBlob library. In the first period, words such as #benar,
#wajib, #aman were some of the words that most often emerged from the results of people's tweets
that actually had positive meanings. Then for the second period, #benar, #guna, #kontrol were some of
the many words that most often appear from the results of people's tweets that really have a positive
meaning.

Figure 5. Positive Sentiment Wordcloud on
VADER Library on 31 August-3 September
2021
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Figure 6. Positive Sentiment Wordcloud on
VADER library on 4-7 September 2021
In Figure 5 and Figure 6 are visualizations of the words that appear most often in tweets classified
as positive sentiment on the algorithm in the VADER library. In the first period, words such as,
#aman, #mudah were some of the words that most often appear from the results of people's tweets that
are truly positive. Then for the second period, #aman dan #tenang were some of the many words that
most often appear from the results of people's tweets that really have a positive meaning. The
following is Table 1 which contains some quotes from tweets that are classified as positive
sentiments.
Table 1. Quoted Tweets with Positive Sentiment
No

Quotes Tweet

Library

Date Range Tweet Created

1

aman pedulilindungi aplikasi sehat

TextBlob

31 August-3 September 2021

2

pedulilindungi bagus si

TextBlob

4-7 September 2021

3

Aplikasi PeduliLindungi sebagai alat VADER
untuk check-in di suatu tempat, mulai
dari restoran kantor, mall dan wilayah

31 August -3 September 2021

4

keren juga aplikasi pedulilindungi

4-7 September 2021

VADER

The excerpt of the tweets above outlines the assessment and benefits of the PeduliLindungi
application as one of the policies of the Indonesian government in overcoming the COVID-19
pandemic in Indonesia. Indonesia, especially with regard to vaccination. The results of the sentiment
analysis which are classified as positive sentiments can be used as one of the benchmarks regarding
the policies of the Government of Indonesia in an effort to minimize and overcome the negative
impacts in the era of disruption caused by the COVID-19 pandemic.

Figure 7. Negative Sentiment Wordcloud on
TextBlob Library on 31 August-3 September 2021

282

F Illia et al

Figure 8. Negative Sentiment Wordcloud on
TextBlob Library on 4-7 September 2021
In Figure 7 and Figure 8 are visualizations of words that appear most often in tweets classified as
negative sentiment on the algorithm in the TextBlob library. In the first period, words such as #bobol,
#palsu, #bocor, dan #ilegal were some of the many words that most often emerged from the results of
people's tweets that actually had negative meanings. Then for the second period, #susah, #bingung,
and #bocor were some of the many words that most often appear from the results of negative public
tweets.

Figure 9. Negative Sentiment Wordcloud on
VADER Library on 31 August-3 September
2021

Figure 10. Negative Sentiment Wordcloud on
VADER Library on 4-7 September 2021
Figure 9 and Figure 10 are visualizations of words that appear most often in tweets classified as
negative sentiment by using the algorithm in the VADER library. In the first period, words such as
#salah, #bocor, and #bencana were one of the many words that most often emerged from the results of
people’s tweets that actually had negative meanings. Then for the second period, #bocor, #susah and
#panik were some of the many words that most often appear from the results of negative public tweets.
The following is Table 2 which contains some quotes from tweets that are classified as positive
sentiments.
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Table 2. Quoted Tweets with Negative Sentiment
No

Quotes Tweet

Library

1

aplikasi pedulilindungi susah nunggu kode TextBlob
verifikasi

31 August-3 September 2021

2

aneh ni app pedulilindungi mw login otp g msk TextBlob
gjlss

4-7 September 2021

3

sudah dari kemaren2 akses pedulilindungi VADER
susah karena selalu minta location

31 August-3 September 2021

4

Sumpah cape bgitu make app pedulilindungi

4-7 September 2021

VADER

Date Range Tweet Created

In contrast to the previous sentiment analysis, the quote of the tweets above is basically about the
experience and criticism of the PeduliLindungi application as the wrong one of the policies of the
Indonesian Government in dealing with the COVID-19 pandemic in Indonesia, especially with regard
to vaccination. The experience of the community in using the application and the negative comments
given can be useful as an evaluation for the Government of Indonesia to improve the application so
that this policy can run according to its objectives, namely as an effort to minimize and overcome the
negative impact in the era of disruption caused by the COVID-19 pandemic.
In Figure 11 and Figure 12 the distribution of sentiment on twitter data obtained by using the
algorithm in the TextBlob and Vader libraries. For the TextBlob library, both in the first and second
periods, the percentage of tweets was dominated by neutral, positive, and negative sentiments,
respectively. In addition, there is a significant difference in the percentage in the two periods. For
negative and neutral sentiment, only a percentage decrease. Meanwhile, positive sentiment has
increased both in percentage and the actual number of tweets.
In contrast to the sentiment analysis generated by the TextBlob library, the Vader tweet library is
dominated by positive, neutral, and negative sentiments, respectively. In this algorithm, the percentage
difference in sentiment in the two periods is quite large, namely there is a difference that reaches up to
10%. For negative and neutral sentiment, only a percentage decreases but the actual number of tweets
continues to increase. Meanwhile, positive sentiment has increased both in percentage and the actual
number of tweets.

Figure
11.
Tweet
Percentage
Comparison in 31 August-3 September
2021

Figure 12. Tweet Percentage Comparison
in 4-7 September 2021
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The following is Table 3 and Table 4 which contain tweets classified as positive and negative
sentiments respectively on the algorithm using the VADER library but not on TextBlob.
Table 3. Tweet Quotes with Positive Sentiments for the period August 31-September 2021 and
September 4-7 2021, respectively.
No

Quotes Tweet

1

Aplikasi keren banget nih

2

Baru tau kalau sekarang hasil PCR langsung masuk ke PeduliLindungi. Kita bisa ngecek sendiri
via web untuk kelayakan

Table 4. Quotes for Tweets with Negative Sentiments for the period August 31- September 2021 and
September 4-7 2021 respectively
No

Quotes Tweet

1

sudah dari kemaren2 akses pedulilindungi susah karena selalu minta location

2

eror mulu aplikasi

In addition, Figure 11 and Figure 12 also show that the percentage of positive sentiment in the
VADER library is always greater than the algorithm in the TextBlob library in both periods.
Meanwhile, the percentage of negative sentiment produces a value that is not much different. This
high difference is allegedly because there are differences in the approach of the two. At VADER is a
lexicon and sentiment analysis tool that is specifically tailored to the sentiments expressed on social
media [18]. Meanwhile, TextBlob uses movie reviews as its corpus [17]. Therefore, the percentage of
results obtained is much higher in the VADER library than TextBlob because of its compatibility with
the Twitter data in the study. In addition, in Table 3 and Table 4 there are several examples of tweets
that are not classified as negative sentiment and positive sentiment respectively in the TextBlob
library, but in VADER the opposite is true. Thus, in this study the VADER library can be said to be
superior to TextBlob. The use of the lexicon on social media in the construction of the VADER
classifier enables VADER to classify tweets more precisely based on their sentiments.
4. Conclusion
After analyzing sentiment with the TextBlob and VADER algorithms for tweets before and after the
news of the vaccine certificate data leak, the following conclusions were obtained
1. There was an increase of sentiment from September 3 to September 4, 2021. The sentiment
increment occurred at the same time when there was news related to the alleged leak of
vaccine certificate data became a trending topic on Twitter.
2. Tweets before the news of vaccine certificate data leak identified on August 31 - September 3,
2021 and after the news of vaccine certificate data leak identified on September 4 - September 7,
2021.
3. With the TextBlob library, before the news was released, words such as #benar, #wajib, #aman
were some of the words that have positive meanings, and words such as #susah, #sulit, #bocor,
#negatif have a negative meaning. After the news was released, #benar, #guna, #kontrol is one of
the many words that have a positive meaning, and #masalah, #tuntut, #kesal is one of the many
words that have a negative meaning.

285

F Illia et al

4. With VADER library, before the news was released, words such as, #aman, #peduli are tweets
that are truly positive and words such as #salah, #bocor, #paksa are the tweets that have a
negative meaning. After the news was released, #kontrol, #aktif, #peduli, #dukung are words that
have a positive meaning and #bocor, #panik are words that have a negative meaning.
5. The VADER library is specifically intended to analyze sentiment on social media. It also shows
that the VADER tweet library is dominated by positive, neutral, and negative sentiments,
respectively and the sentiment’s differences in the two periods are not too large.
Based on the results of sentiment analysis, the results can be used as a reference to evaluate the
performance of the PeduliLindungi application. The word that have negative meaning such as #bocor
appears frequently. Based on those opinions, the government can improve the security system on the
PeduliLindungi application to relieve public unrest. The word that have positive meaning such as
#benar, #peduli, and #kontrol appear frequently. Based on those opinions, the government can
maintain the PeduliLindungi application's usefulness to always do tracking to control the spread of the
Covid-19 virus. Advice for the government for the optimization of PeduliLindungi applications in the
future, the verification process of PeduliLindungi application should be further tightened by imposing
two factor authentication either with biometrics or digital signatures. In addition, some suggestions
from the study [23] related to data security, among others, changing the terms of Use of Protection
Care to comply with PP Nomor 71 Tahun 2019 pasal 3 on Electronic System and Transaction
Operators (PSE), adopting best practices from ISO 27001 for information technology security and ISO
27701 for the protection of personal data, and PeduliLindungi data must be encrypted and can only be
decrypted by the PeduliLindungi application.
5. Limitations and Suggestions
These are limitations and suggestions for improvement in future studies
1. This study does normalization manually. So, for further studies, normalization can be done
automatically and preprocessing activities can be done even better, such as stopwords. It is also
possible to use stopwords that are not only limited to certain stoplist dictionaries.
2. This study doesn’t do evaluation for the model and it is possible to evaluate the sentiment
analysis model to determine the accuracy of the model made.
3. The process of translating data into English before doing sentiment analysis is still manually with
the help of google translate.
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Abstract. Covid-19 pandemic which has been being serious problem in Indonesia indirectly
force Indonesian government to issue policies in order to decrease the number of Covid-19
spread. One of the policies is the Implementation of Restrictions on Community Activities
(PPKM) in Java-Bali region from January 11-25, 2021. Due to its continued implementation,
this policy raises pros and cons in the community. This research’s goal is to determine the best
classification model and determine the effect of adding feature engineering in analyzing public
sentiment on PPKM with scrapping data from Twitter so that with the best model, it is possible
to classify public responses to PPKM automatically. The twitter scrapping dataset is
preprocessed first, which includes case folding, tokenizing, filtering, stemming, and term
weighting to clean the data. After preprocessing and through the analysis steps, it concludes
that using feature engineering can increase the accuracy of the best selected four models. The
logistic regression method with feature engineering with accuracy rate of 87.50% become the
best method. In conclusion, the best suggested model to analyze public sentiment using Twitter
scrappimg towards PPKM is by using the logistic regression.

1. Introduction
Pandemic Covid-19 which has been occurred for 18 months is being serious problem for government
and society in Indonesia. The reason is that various types of restrictions on community activities are
still being implemented by the government in suppressing the increase in the spread of Covid-19.
Starting from the Indonesian government's policy as Large-Scale Social Restrictions (PSBB).
However, this policy has not been able to completely suppress the spread of Covid-19 because
thousands of PSBB violations are still being found. According to Traffic Directorate of Polda Metro
Jaya, there are more than 23,000 people who violate traffic rules related to PSBB and a number of
other areas that have implemented PSBB are still operating normally in traditional markets [1].
The violations of PSBB triggered the government to issue a new policy, namely the
Implementation of Restrictions on Community Activities (PPKM) in Java-Bali region from January
11-25, 2021 with the aim of only limiting community activities without having to do lockdown the
area as in PSBB policy [2]. According to BPS, the results of community behavior survey related to
emergency PPKM conducted on July 13-20, 2021, stated that 60% of respondents felt bored during the
implementation of PPKM [3]. It could happen because the implementation of PPKM continues to be
extended every period so that many people complain because of the decreasement of economy [4].
During the implementation of PPKM in limiting people's mobility, people spend a lot of time in
their home. Whether doing work from home, online class, or many other activities. This provides free
time for people to access social media more often than usual because work at home can be done
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flexibly compared to work in the office. Social media is a place for users to share and interact in a
virtual world using internet-based technology [5]. By using social media, people are free to express
their opinion, complaints, or other things in response to events happens in today's digital world.
One of the most popular social media in Indonesia is Twitter. A lot of users interested in using
Twitter because they can interact easily in asking questions, giving opinions, and replying each other
[6].
Based on this problem, a method is needed to quickly and precisely classify public sentiment
towards the implementation of PPKM during the Covid-19 pandemic in order to find out the
community's actual response to government policies. Data mining, which is a process of collecting and
extracting large data then processing it into information can be used as a basis for decision making,
has a classification method that is able to handle this problem. By using data mining approach,
Classification can be used to label a tweet whether it is a positive or negative automatically from built
model so that conclusions and collecting information can be done quickly.
2. Data Collecting
The dataset that being used is public dataset by Moch Kholil uploaded in July 2021 on
https://www.kaggle.com/mochkholil/ppkm-sentiment-classification/data?select=ppkm_dataset.csv [7].
The data is the result of scrapping on Twitter that has been exported in the form of a csv file with a
total of two columns, class and comments, and a total record of 300 tweets. The labelling of the
dataset consists of three categories: negative, neutral, and positive. This data is raw and unstructured,
so it needs to been preprocessing to clean and bring the data in a certain format in order to ease the
process of analysis and model-forming.
3. Theoretical Basis
3.1. Preprocessing
The preprocessing needs to be done to clean up data before doing deep analysis for data training and
data testing. Instance that is cleaned up somehow an instance that being very diverge or commonly
known as outlier [8]. Cleaning up process aims to converting unstructured inputted data to certain
form. There are few steps of preprocessing to be done:
3.1.1. Case Folding. In preprocessing text, case folding is used to change every uppercase letter in the
input document to lowercase letters [9]. This step is to similize text in document.
3.1.2. Tokenizing. Tokenizing is a step to separate text in a document into a sequence of tokens in
form of words, terms, symbols, or other partitions [10]. Tokenizing is to explore words in a sentence
[11]. The list of tokens that have been obtained from the tokenizing process will be used in text
mining.
3.1.3. Filtering. From the list of tokens that have been obtained from the tokenizing process, the next
step is filtering. Filtering is a process to remove unimportant words by using list of stopword removal
[12]. In this paper, list of stopword that being used is class StopWordRemoverFactori from library
Sastrawi.
3.1.4. Stemming. Stemming is a step of converting words into their basic form by removing their
suffixes. This step has a significant effect on preprocessing performance [13]. This step has various
analysis on each language because the main goal is to know the meaning of a word even though the
form is different.
3.1.5. Term Weighting. The term weighting process is a step of calculating the weight of each word or
term in each document to knowing the similarity of a word or term in the document [14]. In term
weighting, there are two well-known assumptions: TF and IDF. TF assumption calculate how often a
word or term appears in a document. IDF assumption calculate how a term can be widely distributed
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or stated that a term that occurs infrequently is no less important than a term that occurs frequently
[15]. These assumptions can be expressed in the following TF-IDF equation:
𝑡𝑓𝑖𝑑𝑓 𝑡 𝑑
Where #

𝑡

𝑡𝑓 𝑡 𝑑

shows the number of documents in

𝑙𝑜𝑔

| |
𝑡

(1)

when 𝑡 occurs at least once and
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𝑡 𝑑
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and 𝑙𝑜𝑔

| |

components

from equation (1) stands each assumption of TF and IDF.
3.2. Feature Engineering
The development of features in a model is intended to support the improvement of the goodness of the
model. Features that suitable with the built model will have a good impact on the prediction results.
Feature engineering is the main process of preprocessing in machine learning. Feature engineering
involves the application of transformation functions such as arithmetic and aggregate operators to
produce something new [16]. In this feature, transformation helps to create feature scale or convert
non-linear association between features and target classes into easy-to-learn linear association. Thus,
in the process of sentiment analysis, it will be very helpful if between words that initially do not have
any correlation are converted into linear association so that produce a decision in classification.
Feature engineering by utilizing NLP (Natural Language Processing) technique is a combination or
interaction between computers and human ability of language and communication. By using NLP
technique, the representation results expected to be closer to reality because it is based on assumptions
that come from human ability in language. As a part of artificial intelligence, NLP technique needs to
be tried and developed to produce a better representation in text classification [24].
3.3. Classification Method
3.3.1. Random Forest. Random forest is a method that “considered promising” for classifying data
because of its algorithm’s simplicity and its classification performance which is very prominent for
high-dimensional data [17]. One of the popular random forest constructions is proposed by Breiman
by randomly selecting the feature subspace at each node to grow a decision tree branch then using the
Bagging method, a subset of training data is generated to build an individual tree then each individual
trees are combined to form random forest model [18]. The implication is a random forest in its
principle is an amalgamation of individual trees, the tree will also grow along with the increasement in
the dimensions or size of the dataset.
3.3.2. SVM. SVM classifier is a method used to obtain an optimal hyperplane to separate observations
with different target variable values. SVM aims to minimize the upper limit of generalization error by
maximizing the margin between the separating hyperplane and the data [19]. SVM is a supervised
learning method that is considered more effective in terms of concepts because it contains clear
mathematical calculations compared to other classification methods. Commonly a data problem cannot
be separated linearly in the input space or in other words SVM is not able to find the separator on
hyperplane. Thus, an additional kernel is needed to transform to a higher dimension to get great
accuracy and good generalization ability.
3.3.3. Logistic Regression. The regression function works on the association between independent
variable and dichotomous dependent variable [20]. The logistic regression method in classification
process will analyze the association between input features and certain output opportunities produced.
Logistic regression is widely chosen because of its high accuracy and fairly simple model with one of
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the outputs or the goal is to predict the probability of an event occurring or not based on the calculated
predictor value.
3.3.4. Naïve Bayes Method. Naïve Bayes method is a classification method based on the Bayes
theorem which assumes that its features are independent classes [21]. Naïve Bayes is quite effective in
conducting text-based classification, system work management, and diagnosing health problems. The
Naïve Bayes classification method is optimal for the concept of two classes with nominal features that
assign a value of 0 for the first category and 1 for the other category with probability 1 [22].
3.4. Sentiment Analysis
Sentiment analysis is a text data extraction technique to get responses or sentiments that is classified
into positive, negative, or neutral [23]. The value obtained in this sentiment analysis can be adjusted
according to needs. In this paper the dataset was selected with three labels: positive, negative, and
neutral. With the development of information technology, it also triggers an increase in social media
users. Therefore, sentiment analysis can be carried out by utilizing opinions and facts that are spread
on social media and website media.
3.5. Model Evaluation
A good system is a system that can fulfil the purpose of itself. If the need is to classify, then the
system is good system if it can provide the right classification results. However, it is very rare or even
rare to find a system whose performance is absolutely 100% perfect because the system is a humanmade product that may still have a bit or more human error in it.
Therefore, in model evaluation process there is an accuracy calculation to state how well the model
has been built. A good model is certainly a model that has a high level of accuracy. However, a high
the degree of accuracy tends to be relative depends on the analysis needs and also the availability of
datasets that can be used in model formation. The equation of accuracy value of a model can be
written as follows:
(3)
Where the values of TP (True Positive), TN (True Negative), FP (False Positive), and FN (False
Negative) are obtained from the confusion matrix of model formation.
4. Research and Result
This research begins with a search for available scrapping from Twitter datasets on kaggle.com web
related to the topic of sentiment analysis of PPKM. Then, the dataset is downloaded and cleaned up
from unnecessary attributes through preprocessing.
The first step of preprocssing starts with case folding, which is the process of converting the letter
format of the obtained tweets into lowercase letters. Next step is tokenizing, which is the process of
cutting text into words, terms, symbols, and punctuation that are unnecessary. Then, punctuation
marks that are considered unimportant will be removed at this tokenizing step. Next step is filtering,
the process of choosing important words from the tokenizing results which are capable to represent the
document. Next is the stemming step, which is the process of converting words extraction into the
basic form by removing their suffixes. The last step to do in preprocessing is term weighting, which is
to remove words whose frequency of occurrence is less than five times.
Besides the preprocessing steps described in the previous steps, this research also used several
classification methods with slightly different processes. By using the same dataset, there are two kinds
of tests were carried out, with and without using feature engineering. The feature engineering that
being used is NLP (Natural Language Processing). NLP is a sub-section of artificial intelligence that
learns the interaction between computers and human language according to experience. The use of
feature engineering is by counting the number of question marks and exclamation points occurred in

292

R P Henessa et al

the user's tweets and then inserting them into the dataset table by forming a new column. The
calculation of question marks occurrence in tweets is assumed that user comments that lead to
negative sentiments may not contain question marks while the calculation of exclamation points
occurrence in tweets is assumed that user comments with exclamation marks are very likely to be
contained in negative sentiments because the presence of these marks is usually related to someone's
anger towards something or indicates a high and firm tone of speech. In addition, text transformation
into vector is also carried out by calculating the similarity between comments. Similar comments will
earn high marks. This calculation is also based on the assumption that a person's negative response to
something is sometimes repeated several times in human-to-human communication. The goal is to find
out how influential feature engineering is in increasing the accuracy of the obtained model. The results
of calculating the accuracy of several classification models with and without using feature engineering
are presented in table 1:
Table 1. The Accuracy of Classification
Models With and Without Using
Feature Engineering (%).
Method
Logistic
Regression
Naïve
With
Bayes
Feature
Engineering
SVM
Random
Forest
Logistic
Regression
Naïve
Without
Bayes
Feature
Engineering
SVM
Random
Forest

Accuracy
87.5
85.41
81.25
81.25
75
68.33
76.67
80

From table 1, by using feature engineering to the four classification methods, the level of accuracy
is increased. In processing without using feature engineering, the classification method with the
highest accuracy level is the random forest method with an accuracy rate of 80%. Meanwhile, after
adding engineering features to the calculation, the highest level of accuracy changed to the logistic
regression method, which is 87.50% followed by the Naïve Bayes method in the second position with
accuracy of 85.41% followed by SVM and random forest with an accuracy of 81.25%.
From the four methods, if you look at the evaluation value of the model, the application of feature
engineering has a positive impact because it can increase the accuracy value. This indicates that the
application of feature engineering has been appropriate for these four methods.
5. Conclusion
From the research and result above, it can be concluded that based on the evaluation of the model, the
best model is obtained is logistic regression with feature engineering which has accuracy rate of
87.50%. Thus, from the four classification methods that have been tested, the logistic regression
method is the right method used to classify public sentiment for Twitter related to the PPKM. In
addition of conclusion, feature engineering can improve the goodness of the classification model
which being tested. Therefore, good knowledge is needed in the selection of appropriate features to
increase the accuracy of a model.
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In addition, this research does not determine whether the majority of people's sentiments towards
the PPKM program are whether the majority of people like it, don't like it or are neutral with it
because this paper only focused on testing the formation of several models which were ultimately
adopted with high accuracy models so that in future research this model can be used to take into
account the majority of public sentiment towards PPKM on different occasions.
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Abstract. In conducting a mobility analysis using Mobile Positioning Data, the most critical
step is to define each customer's usual environment. The initial concept of mobility used is the
movement that occurs from and to every usual environment, so errors in determining the usual
environment will cause incorrect mobility statistics. Therefore, Anchor Mobility Data Analytic
(AMDA) is proposed for Home-Work Location Determination from Mobile Positioning Data.
This algorithm uses clockwise reversal to make it easier to classify someone in their usual
environment. Unfortunately, only about 80% of the raw data can be used to establish usual
environments. The remaining 20% do not have sufficient data history. This study found that
the accuracy of AMDA in determining monthly home location was 98.8% at the provincial
level and 88.7% at the regency level. As for the determination of monthly work locations,
98.9% at the provincial level and 70.4% at the regency level.

1. Introduction
The number of studies about human mobility increased around 2008 and is still multiplying [1].
Human mobility is becoming increasingly complex and significant because it affects various aspects
of human life, such as the spread of disease and viruses (e.g., COVID-19) [2] [3] [4], people's
behaviour after a disaster [5] [6], commuting behaviour [7] [8], as well as transport and traffic volume
[9] [10]. It also influences some decisions in the tourism sector [11] and other urban mobility planning
[12][13]. These various aspects are based on daily movement patterns such as where a person lives,
where they do their daily activities (work, school, shopping, and other activities.), or to a new place to
visit. The place where you live or where you regularly visit is called usual environment. Usual
environment is the geographical area in which an individual carries out his/her routine of life [14]. The
usual environment of an individual includes usual residence of the household to which he/she belongs
(place of home), his/her place of work or study, and any other place that he/she visits regularly and
frequently, even when this place is located far away from his/her place of usual residence. Home
location is an important place that becomes the first step for further human mobility studies [15],
likewise with work, which is the basis for determining the commuting, transportation, and traffic
planning analysis.
Assessment and analysis of individual locations in the current mobile era require new methods and
approaches. Traditional surveys and population registers are not flexible on everyday mobility.
Currently, Mobile Positioning Data is increasingly considered a new and exciting source of
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information to study the spatial dynamics of human society. This is also supported by around 66.9% of
the world's population using mobile phones. Some of the uses of mobile positioning include
determination of origin-destination and human mobility [16][17][18]. Other studies have also
developed various approaches to detect the usual environment from Mobile Phone Data, especially the
home and work location [19]-[22]. Most of the proposed home and work detection algorithm uses Call
Detail Record (CDR), a billing log recorded for called activities. However, CDRs have significant
limitations as a source of location information. CDRs records are sparse because they are generated
only when there is a voice call or text message. In the current era, where most mobile users use the
internet more, even when making calls, the number of records generated on the CDR is insignificant
compared with other mobile activities.
We proposed another mobile positioning data source such as Location-Based Advertising (LBA) to
infer each individual's home and workplace. The sources will refine the data from CDR to describe the
mobility patterns of mobile users better. We modified the algorithm in [20] by reducing some aspects
of the data bias. The first modification is adding a day filter, i.e., removing weekends in processing.
We assume that activities carried out on weekdays can provide a clear separation between home and
work compared to weekends. This is because, on weekends, users may spend more time at home or
tourist attractions to affect the calculation on anchor modelling. In addition, we also clustered
locations that are considered close to the primary candidate for minimizing the exact location being
considered a different anchor just because users are detected by different Base Transceiver Station
(BTS). Then, the results of our proposed home and work detection algorithm will be evaluated at the
individual level as ground truth by comparing the locations of the algorithm results with the actual
home and office locations of each individual.
The organization of this paper is as follows: Section 2 explains more detail about mobile
positioning data sources that we used, our proposed algorithm, and how we validate it. Then,
experiment results are reported in Section 3. Finally, we give concluding remarks in Section 4.
2. Data and methodology
2.1.1 Passive mobile positioning. One of the most promising Information and Communication
Technologies (ICT) data sources for assessing human movement and mobility is mobile positioning
data. In today's environment, nearly everyone on the earth uses a cell phone in their daily activities. As
a result, every action leaves a digital footprint, which can grow rather large over time.
Active mobile positioning data is mobile tracing data in which the phone's location is determined
(asked) via a specific radio wave query. A particular environment and permission from the phone
owner are necessary to inquire about the whereabouts of particular phones. On the other hand, mobile
operators' passive mobile positioning data is automatically stored in the log files (billing memory;
hand-over between network cells, Home Location Register, etc.), known as a call detail record.
Call Detail Record (CDR) is collected by the MNO regularly for processing into usage, capacity,
performance, and diagnostic reports. However, in this study, we would like to gain helpful insight
from this data. CDR is an automatically generated log that contains active usage of the mobile phone
in the network, such as incoming and outgoing calls, SMS, GPRS, etc. The recorded transaction data
is also accompanied by information on the time of the activity, followed by customer identification in
the form of a mobile phone number. Location identification is established from records of the BTS
location of the cellular network provider in the form of position coordinates. Compared with active
positioning data, the spatial accuracy of passive mobile positioning data is much lower, and the spatial
interval is usually irregular and with more extended time gaps.
Location information generated from LBS (Location Based Services) data by MNO usually
contains three different types of data sources, such as: Charging Data (CHG); Location-Based
Advertising (LBA); and Unified Policy and Charging Controller (UPCC) (see Table 1).
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Table 1. Three basic types of data sources generated from LBS.
Source Type
CHG

Description
Billing domain log which stores successful charging
transaction record such calls, messaging, etc.

Alias
calls, sms, and
mms logs

Source Type
LBA

Description
The technology is used to pinpoint consumers location
and provide location-specific advertisements on their
mobile devices.
It provides policy, service, subscription, quota, and
bearer resource management functions, as well as
admission control for internet data usage.

Alias
signalling data

UPCC

internet data
usage

2.2 Data processing
The digital footprint left by users from mobile positioning data is incredibly sensitive. However, it is
also highly essential since it offers new ways to quantify and track the spatiotemporal activities of the
population. On the other hand, exploiting each individual's movement and mobility to get insight may
jeopardize freedom of movement and private rights. As a result, privacy concerns must be addressed
by utilizing appropriate privacy protection mechanisms, such as anonymizing the subscriber's phone
number. This technique is usually called the anonymization technique and is applied in the early stages
of the data processing process. It is applied following telecommunications laws and regulations, which
are not allowed to share personal data with other parties without the person's consent.
Mobile positioning data are still open to being compromised through various problems: human
error, whether malicious or unintentional; transfer errors, including unintended alterations or
compromise from one to another; bugs, viruses/malware, hacks, and other cyber threats; compromised
hardware, such as a device or disk crash; physical compromise to devices or subscriber's phone.
Therefore, it is necessary to do quality control and essential data cleansing before data processing.
Data cleansing is an essential part of the data processing process since it improves data quality and, as
a result, increases overall productivity. In addition, this phase does eliminate any obsolete or erroneous
data, leaving only specific highest-quality data.
Reverse geocoding generates street addresses, descriptive places, or administrative regions from
latitude and longitude data. The ability to reverse geocode coordinates on mobile location-based data
would benefit people's mobility analytics. When converted to addresses or administrative areas, it will
be easier to discover movement and interaction supplied by GPS coordinates. We may extract their
point locations by overlaying their generated coordinate location on the data with the BPS village
master spatial layer, then matching it with administrative areas, which are utilized to identify
individuals (see Figure 1).
datetime

msisdn

latitude

longitude

13/1/2020 06:35

628xxxx

-6.28247

106.8734

13/1/2020 08:14

628xxxx

2.18461

117.4982

13/1/2020 19:04

628xxxx

-0.40122

116.5368

13/1/2020 07:59

628xxxx

2.23036

117.496

13/1/2020 08:02

628xxxx

2.23036

117.496

13/1/2020 07:55

628xxxx

2.23036

117.496

13/1/2020 08:06

628xxxx

2.23036

117.496

Figure 1. Sample generated transaction records.
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2.3 The baby steps
2.3.1 Anchor model

Figure 2. Weekly average speed and distance, travel included.
The first stage of forming the anchor model is to remove the high-speed location transfer data from
raw data to raw master data by calculating the sequence distance of each MSISDN location by
applying the Haversine distance between them, then calculating the speed between locations. The raw
master drops data at what is considered an unusual speed, with a maximum threshold of 10 km/h
(assuming the average time it takes a person to run). In Figure 3, we see that the site's movement speed
is considered constant in the range of 0.54km/h to 1.51km/h, with a distance of 0.39km to 1.48km.

Figure 3. Daily average speed and distance which approximately stays.
Algorithm for home detection is using AMDA-Home which is modification of Anchor model [20].
The stages are explained as follows:
1. For every subscriber, filter the first daily recorded events in every cell-id that occur on
weekdays.
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2.

Converts event time to clockwise reversible form: transform the time stamp that has 24
hours in raw data as we present in figure 4. The transformation is conducted using the
following algorithm:
a. For every timestamp, check whether hour > 12.
b. If 'yes' (hour > 12), then timestamp is transformed using a formula: hour – 12.
c. If 'no', timestamp is not transformed.
d. Next step, for every subscriber calculate the frequency of being in a certain LAU (in
this case LAU2 regency).

Figure 4. Clockwise reversible.
3.
4.

Calculate the frequency of initial events per day per cell-id (anchor).
Calculates the statistical mean and standard deviation for the time the event occurred, the
number of days, and the number of occurrences of the event. This calculation is performed
for each anchor.

2.3.2 Usual Environment Candidate. After determining the anchors, the next step is to determine the
usual environment candidates. The stages are as follows:
1. Calculate the distance between the anchor and the main candidate.
2. Filter anchors with the number of days appearing that is more than or equal to 5. Eliminate
anchors that are close to the main candidate (below 500m).
3. Segregation of events only on weekdays, as well as transformation of time variables into
12-hour format.
4. Calculation of the frequency of the daily initial location of each location point (anchor)
followed by the statistics of the average and standard deviation of each hour of the incident,
and made the main candidate.
5. Calculation of the distance between the selected locations and the main candidate locations
and then eliminating adjacent locations that are below 500 m, followed by sorting the days
of occurrence above or equal to 5 days.
In Anchor 1, the data is filtered only to use the weekday's data. The hour's feature also transforms
into a clockwise reversible format, as shown in Figure 4. After that, the number of records (N_event),
the number of unique days (N_date), as well as the average hour of occurrence (AVG_hour) followed
by the standard deviation of the hour (SD_hour) are calculated for every subscriber per month. All of
these features will be used to determine the usual environment. In specific, the standard deviation will
then be used as the final filter for a usual environment when the data have the same number of days,
number of data lines, and average hours. The results of data processing formed at the anchor 1 stage
are presented in figure 5.
msisdn

year

month

latitude

longitude

idkab

N_event

N_date

AVG_hour

SD_hour

628xxxx

2020

1

-6.9201

107.5607

32|77

113

22

1.05

2.07

628xxxx

2020

1

-6.922

107.5559

32|77

46

22

3.83

3.03

628xxxx

2020

1

-6.9201

107.5607

32|77

155

19

3.6

3.55

628xxxx

2020

1

-6.922

107.5559

32|77

67

18

4.31

4.05

628xxxx

2020

1

-7.0282

107.5228

32|04

105

12

8.89

0.8

Figure 5. Anchor 1 aggregation result.
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In Anchor 2, we will check the number of occurrences of a location with a minimum approach of
appearing for at least five days monthly. Furthermore, this stage will examine each of these potential
locations by grouping/clustering each existing location. This grouping is done by calculating the
distance between locations (using the Haversine distance), then grouping the locations with a distance
radius of 0.5 km. Then, the location considered close to the primary candidate of the usual
environment (illustration in Figure 6) is omitted from the candidate of the usual environment.

Anchor 1
(Before grouping)

Anchor 2
(After grouping)
Figure 6. Anchor clustering.

The usual environment is defined into two locations, which are home and office. The anchor point
with an average hour is less than seven (AVG_hour < seven) will be classified as the candidate of
home location, whether the other anchors with an average hour greater than seven will be classified as
the candidate of work location. An example of the process of determining this classification is
illustrated in Figure 7.

Figure 7. Usual Environment Selection Criteria.
After each anchor point has been grouped into a prospective home or work, select the strongest
candidate for each group to predict the home and work. The criteria for determining the prediction are:
select the highest number of days of occurrence (N_date), if they are the same, then choose the
location with the most data rows (N_event), if it is still the same, use the highest average hour
(AVG_hour), and if it is still the same, then select the lowest standard deviation the hours (SD_hour).
Finally, obtain the prediction of the usual environment, as shown in Figure 8.
msisdn

year

month

latitude

longitude

idkab

N_event

N_date

AVG_hour

SD_hour

Label

628xxxx

2020

1

-6.25008

106.9067

31|72

39

22

1.07

1.96

Home

628xxxx

2020

1

-7.0282

107.5228

32|04

105

12

8.89

0.8

Work

Figure 8. Prediction of usual environment.
2.4 Validation
We check the accuracy of the resulting algorithm by testing the model on 992 volunteers who
participated in the Metropolitan Statistical Area research in the Cekungan Bandung area in 2019. First,
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the volunteers were asked the location of the usual environment through a survey, then the results of
this survey were compared with the usual environment from MPD processing. It should be noted that
some volunteers incorrectly determined their usual environment in answering the survey. The reason is
that they live on the border and do not know the exact boundaries of their territory, nor do they know
the time limit of staying in an area to be visited called the normal environment.
3. Result
3.1 Anchor Model Processing
Table 2. The amount of data formed at each stage.
Example Period
January (% to raw data)
February (% to raw data)

Raw
100,00%
100,00%

Master Raw
99,93%
100,00%

Anchor 1
98,01%
96,81%

Anchor 2
81,49%
79,52%

For example, we used two months of data to see what happened at the AMDA formation stage. We
can see from Table 2 a significant data reduction (in the range of 20% of raw data) at the stage of
forming Anchor 2. This happens because in Anchor 2, we choose subscribers that can form the usual
environment, where one of the main requirements is to have sufficient historical data. In other words,
we omitted phone numbers that we thought were disposable phone numbers.Usual Environment
Accuracy

Home Monthly Accuracy

Work Monthly Accuracy

Figure 9. AMDA Accuracy in Province and District Level.
We validate the suitability of the anchor point model in determining the usual environment by
testing it on some volunteers whose locations were known. Based on the analysis, we know that the
anchor point model that has been developed can detect the location of the usual environment with an
accuracy rate of 98.8% for the home location at the provincial level and 88.7% at the district/city level.
Furthermore, the office's location can be predicted with an accuracy of 98.9% at the provincial level
and 70.4% at the regency level.
In the validation stage, we found several sources of error. Among them, volunteers who live on
Bandung City and Bandung Regency border tend to say they live in Bandung City, while their digital
footprint proves that they live in Bandung Regency. Another finding is that if the move is new,
volunteers who move, based on historical data, will be recorded as having a typical environment at the
old address. In addition, there is an error in guessing the location of their home and workplace for
night shift workers because, naturally, they have different activity patterns.
4. Discussions and Conclusions
In this study, the validation stage was carried out only by comparing the volunteer's acknowledgment
of the usual environment and the digital footprint of the MPD. For future research, it is necessary to
consider applications that use active mobile positioning, such as verification to Google timeline or
travel diaries applications. The evaluation of the algorithm and its development should be assessed at
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the level of accuracy in a more specific domain, for example at the sub-district level or at the village
level.
If you want to replicate in other operators, it is necessary to consider the availability and
completeness of the data before applying the AMDA algorithm.
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Abstract. Unbalanced data are often encountered in practice. They complicate the search for a
model suitable for classification. This is because the number of individuals who have a history
of a disease is less than the number of individuals who do not. We analyse the IFLS 5 data on
medical history of a set of patients. We split the dataset in the proportion 80:20 to training and
test subsets. Of course, both datasets are unbalanced, with only a small minority of patients
who had a stroke. We apply the SMOTE and Nearmiss methods and evaluate the rate of correct
classification. After being treated using the two methods, the training data was transformed
into balanced data. The classification process is carried out to test the comparison of the
effectiveness of the two methods in solving the problem of unbalanced data. Based on the
results obtained, it can be concluded that the Nearmiss method is better than SMOTE in
balancing the data. It was obtained by comparing several measures such as accuracy, F-score,
Kappa, sensitivity, and specificity on the SMOTE and Nearmiss methods.

1. Introduction
Unbalanced data or what is commonly called data unbalance is one of the main problems that will
arise in the detection of anomalies in real-time datasets. The dataset is considered unbalanced if in the
training data one class has a very large dominance compared to the other classes [1]. Even in some
cases of multi-class classifiers, this data unbalance results in a low representation of the data, and
ultimately this data tends to be ignored altogether [2]. For the most part, classifier algorithms tend to
implicitly assume that the processed data has a balanced distribution, therefore the standard classifier
is more inclined towards data with a dominant number of classes.
In some cases, real data is rarely balanced. The problem of unbalanced class data is often caused by
one class outnumbering the other classes in the dataset. Examples include oil spill detection [3],
remote sensing [4], and text classification [5], so this is an important issue for researchers in the field
of data mining [6]. In a health-care study of a population, the number of sufferers from a medical
condition is often much smaller than the number of heatlhy subjects. Methods that rely on balance, or
perform well only for balanced data are not very useful in this setting, unless they are modified.
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In general, some solutions can be used to deal with unbalanced datasets, i.e. at the algorithmic level
or the data level. The approach at the algorithmic level is when machine learning algorithms are
modified to accommodate data unbalances. Commonly modified algorithms are C4.5, Naïve Bayes,
Random Forest, Neural Network K-Means, and so on. While the approach at the data level involves
re-sampling to reduce the class unbalance. The two basic sampling techniques used at the data level
are random oversampling (ROS) and random undersampling (RUS). ROS randomly duplicates data
from a minority class. ROS can be a good choice when there is not much data available, but it may
cause overfitting because this method creates exact duplicates of data from minority classes. Synthetic
Minority Over-Sampling Technique (SMOTE) is a method of ROS, SMOTE is a technique that
creates a new sample of minority data to balance the data by resampling the minority class [7].
Meanwhile, to modify the class distribution, RUS will discard data (from the majority class)
randomly. The disadvantage of RUS is that it can cause underfitting because it can delete information
that may be valuable. One of the well-known RUS methods is the Nearmiss method. This method can
balance data by eliminating data points from a larger class when there are two very close points of
different classes.
Several studies have tried to implement several methods including SMOTE and Nearmiss.
Hairani's research used SMOTE to deal with class unbalances in the classification of diabetes with a
total of 268 datasets from the positive class (minority class) and 500 data from the negative class
(majority class) shows that the SVM classification method has accuracy by 82% and the best
sensitivity, which is 77% [8]. The research conducted by Johariyah was used to assess the quality of
obstetric services in health facilities and identify Nearmiss indicators as the cause of maternal
morbidity. The results obtained showed that patients with Nearmiss in RSUD Cilacap and RSI
Fatimah were the most in the healthy category, namely 98.6% and 979% with Nearmiss patients who
died in RSUD Cilacap as many as 0.9% and there were no Nearmiss patients who died in RSI.
Fatimah [9].
In this study, we compare the Random Oversampling (ROS) and Random Undersampling (RUS)
data balancing methods in cases of classification of stroke history that occurred in a person. The
technique used this time is an algorithmic approach, namely SMOTE as a candidate for Random
Oversampling and Nearmiss as a candidate for Random Undersampling. In this study, a validation
model with binary logistic classification was applied to assess the algorithm's accuracy performance so
that it has effective and good performance.
2. Method of Research
This study aims to compare the balanced data method in the case of stroke classification. This involves
four steps, data collection, balancing data, classification, and interpretation, illustrated in ‘figure 1’.

Figure 1. Research process.
2.1. Data Collection
The data used in this research is data from Indonesia Family Live Survey 5 (IFLS 5). Indonesian
Family Live Survey 5 (IFLS 5) data is the latest data that includes social, economic, and health
variables in Indonesia. The variables used in this study do not include all the variables in the 2014
IFLS data, but only a few variables as a result of Data Cleaning which will be explained in ‘table 1’.
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Table 1. Research variable.
Variable

Variable Name

Data Type

Description

Yes: 1
Stroke Desease History Status Nominal
No: 0
Age
Ratio
In range 14 – 103
Body Mass Index
Ratio In range 10.85 – 68.76
2.2. Balancing Data
Balancing data is a process that is carried out to overcome unbalanced data which is commonly known
as unbalanced data. Unbalanced data is one of the main problems that arise in the detection of
anomalies in real-time datasets. A dataset is considered unbalanced data when one of its classes has a
very large dominance compared to other classes [2]. There are two methods used to overcome the
unbalance data in this case, the two methods are Synthetic Minority Over-Sampling Technique
(SMOTE), and Nearmiss, each of which is performed using R software in ‘figure 2’.

Figure 2. Dataset balancing process.
The way data balancing works using SMOTE begins by calculating the distance between data on
minority data, determining the percentage of SMOTE, then determining the number of closest k, and
finally generating synthetic data with the following equation [10].
(

)

(1)

where

Synthetic data
Data to be replicated
Data that has the closest distance to the data to be replicated
Random value from 0 to 1
The determination of the closest k value in the SMOTE process is carried out in the CrossValidation process using K-Nearest Neighbor (k-NN). The k-NN method is one of the supervised
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learning algorithms used for the classification process. In practice, this method classifies an object
based on the distance between the object and other objects to predict the new class [7]. The number of
neighboring objects used is denoted by k. After determining the value of the k nearest neighbors of the
object, then calculating how much data follows each class in the k neighbors. The class with the most
followers will be the winner given as the class label on the related object. Nearmiss method used in
this study is Nearmiss-1. The workings of this method are to select a sample from the majority class
which is close to several samples from the minority class. The criteria used in the selection of samples
from the majority class is the sample that has the smallest average distance to the three closest samples
from the minority class [11].
After being treated with both methods, the previously unbalanced data was transformed into
balanced data. After obtaining balanced data from each method, the two methods will be compared
their effectiveness in classifying.
2.3. Classification
The classification process used in this study is classification with binary logistic regression. Binary
logistic regression models the probability of the success of two classes of criteria. The linear
combination of the predictor variables is used to adjust the logit transformation of the probability of
success of each subject ( ) with the following equation [12].
̂

[

̂

]

(2)

The regression coefficient is estimated using eq. (2), where the above equation is the result of the
transformation of the following equation.
̂

(3)

If the eq. (3) for each have a probability ( ̂ ) more than 0.5, then the subject classified into the
successful group, and vice versa if the probability obtained is less than 0.5, then the subject classified
into the non-success group.
The purpose of the classification process here is to see how effective the two data balancing
methods are in producing classification results. The complete classification process using binary
logistics is described in ‘figure 3’.
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Figure 3. Classification process.
The classification process begins by preparing two balanced data consisting of data from the
SMOTE method and data from the Nearmiss method. Classification modeling is carried out using
binary logistic classification to obtain a model of each dataset balancing method. After each model is
formed, the next step is to evaluate each model using the test data obtained during the dataset
balancing process. The results obtained from the results of the model evaluation include the confusion
matrix, the total accuracy value (accuracy), specificity, and sensitivity.
2.4. Interpretation of Classification Result
After the classification results from each method are obtained, it is continued with the interpretation of
the results, which aims to determine the best dataset balancing method in classifying stroke history.
Determining which method is the best in balancing datasets is done by comparing the Confusion
Matrix SMOTE and Near Miss results. The results of model evaluation include the confusion matrix,
‘table 2’ below shows the Confusion Matrix table.
Table 2. Confusion matrix table.
Class
Actual Positive
Actual Negative

Predictive Positive
TP
FP

Predictive Negative
FN
TN

True Positive (TP) and True Negative (TN) are the numbers of classes of positive and negative that
are correctly classified. While False Positive (FP) and False Negative (FN) are the numbers of positive
and negative classes that are not classified properly [7]. From the confusion matrix table above,
various measures such as accuracy, precision, sensitivity, and specificity are obtained, which can be
used to compare the classification results between dataset balancing methods.
3. Result and Discussion
3.1. Cross-Validation Descriptive Statistics
The description of the independent variable data is shown in ‘table 3’.
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Table 3. Descriptive statistics of independent variable.
Variable Name Minimum
Age
Body Mass Index

14
10.85

Q1

Q2

Q3

26
19.86

35
22.57

48
25.92

Maximum Mean
103
68.76

38.14
23.22

The data is divided into 80% for training data and 20% for test data. The training data obtained
25923 observations, with 179 observations stating that they had had a stroke, while the test data
obtained 6481 observations, with 45 observations stating that they had had a stroke. ‘Figure 4’ shows a
visualization of the classification between the Yes class for blue point and the No class for red point. It
can be seen in ‘figure 4’ that the non-stroke class is more dominant than the stroke class.

Figure 4. Visualization of classification on training data.
In the training data, the optimal K value is determined using K-Nearest Neighbor. The training data
was tested by cross-validation with 10 folds and 3 repetitions obtained as shown in ‘table 4’. Based on
table 3, the optimal K value is K = 5, 7, and 9. We obtain accuracy of 99.3% and Kappa coefficient
equal to zero.
3.2. SMOTE
After doing the SMOTE method with K=5 on the training data, the data for the non-stroke class was
25744 (50.14%) and 25597 (49.86%), the visualization of the classification can be seen in ‘figure 5’.
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Figure 5. Visualization of classification on SMOTE training data.
After obtaining the train data from the SMOTE method, a classification analysis was performed
using Binary Logistics Regression. Predictions are made with the test data and the results of the
comparison with the original test data are shown in ‘table 4’ and the visualization is in ‘figure 6’.
Table 4. Confusion matrix.

Predicted
Values

No
Yes

Actual Values
No
Yes
4807
8
1629
37

Figure 6. Visualization of prediction results classification on SMOTE training data.
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3.3. Nearmiss
After the Nearmiss-1 method was applied to the training data, data for the non-stroke class was 179
(50%) and the stroke class was 179 (50%). Classification visualization after the Nearmiss method can
be seen in ‘figure 7’.

Figure 7. Visualization of training data for the Nearmiss method.
After obtaining the training data from the Nearmiss method, a classification analysis was
performed using Binary Logistics Regression. After that, predictions are made with the test data and
the results of the comparison with the original test data are shown in ‘table 5’ and the visualization is
in ‘figure 8’.
Table 5. Confusion matrix.

Predicted
Values

No
Yes

Actual Values
No
Yes
4884
8
1552
37

Figure 8. Visualization of prediction results classification on Nearmiss training data.
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3.4. Comparison of the Two Methods
Comparison between methods in classification cases can be done by looking at the values of accuracy,
sensitivity, specificity, F-score, and Kappa. The five values can measure how well the model is used.
This is indicated by the higher the value of the goodness of the model, the better the model. The size
of the goodness of the model for the SMOTE method with the Nearmiss method can be seen in ‘table
6’.
Table 6. Confusion matrix.
Goodness of fit
Accuracy
Fscore
Kappa
Sensitivity
Specificity

SMOTE
0.7474
0.8545
0.0300
0.7469
0.8222

Nearmiss
0.7593
0.8623
0.0322
0.7589
0.8222

Based on table 6, the value of the goodness of the Nearmiss method is higher than the SMOTE
method. So it can be concluded that in the data used in this study, the Nearmiss method is better used
than the SMOTE method.
4. Conclusion
From the results of this study, we can conclude that the two methods used, namely SMOTE and
Nearmiss, can overcome unbalanced data where the data train consists of 25923 observations, with the
proportion of Yes and No classes being 99.3% and 0.7%, respectively after resampling with SMOTE
and Nearmiss in the train data, the proportions of Yes: No classes are 50.14%:49.86% and 50%:50%,
respectively. In addition, by using binary logistic regression analysis, that can measure the goodness of
the fit. These values are the values of Accuracy, Sensitivity, Specificity, Kappa, and F-score. The
measure of goodness of the Nearmiss method is higher than the SMOTE method. Based on this, it is
concluded that the Nearmiss method is better than the SMOTE method for handling Stroke data in
IFLS 5.
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Abstract. Satu Data Indonesia is a policy contrive to encourage the problem of inadequate data
governance in Indonesia. This policy makes 4 main principles, namely metadata, data
standards, reference codes, and interoperability as metrics of success in its implementation. In
this study, we analyze the satu data Indonesia implementation in Kutai Timur Regency. We
found that the integration of the satu data principle is challenging to apply technically because
sectoral data in Indonesia has 2 characteristics based on the preparation of the list of data
needs, namely the centralized data list, and the decentralized data list. Decentralized data list is
a list of data that is partially prepared in each agency without any coordination with other
stakeholders for completing the satu data principles. To accommodating this condition, we
design the Satu Data Metadata Framework (SDMF) a data standard framework that is in
accordance with the conditions of data governance in Indonesia. SDMF utilizes contextual
layer and discovery layer of metadata to provide temporal attribute called Satu Data Resource
Identifier (SDRI) for integration purpose

1. Introduction
Data governance in Indonesia currently shows an improvement, one of which is the issuance of
Presidential Regulation No. 39/2019 concerning Satu Data Indonesia (One Data Indonesia). This
regulation provides direction for all institutions and communities that produce and manage data in
Indonesia to apply the principles of open data that are adapted to the principle of one data Indonesia.
There are 4 principles proposed in this regulation, namely one metadata, one data standard, one
reference code, and the last is data interoperability. In addition, satu data Indonesia regulation also
regulates the composition and access of organizations that can manage and run this policy.
The formulation of the Satu Data Indonesia policy is also followed by rules regarding the data
planning process, managing data collection activities, and disseminating data. The purpose of
managing the business process is to create quality and accountable data. From a technical point of
view, this policy also provides guidelines for IT eligibility standards that can be used.
Before satu data Indonesia policy is published, there was a national statistical system regulated in
the head of BPS regulation No. 5 of 2000. The national statistical system contains the flow of an
implementation of sectoral, basic, and specific statistical data provision in Indonesia. The objectives of
creating a National Statistical System, among others are to optimize the available resources used by
the undertakers of statistical activities, to avoid duplication of statistical undertakings by the statistical
undertakers, to create a reliable, effective, and efficient National Statistical System. However, in its
implementation, the National Statistical System causes the endpoint of sectoral data to rely heavily on
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BPS technical guidelines as a clearinghouse, this can be seen from the publication of sectoral data
which is dominated by BPS output publications.
The role change induced by Indonesia's one data policy as a new component in the sectoral data
supply business process in Indonesia has a direct influence on sectoral data provider agencies,
including the vast number of stakeholders that engage in one data providing activity. The demand for
human resources with strong IT abilities is high, but the supply is limited. This is due to the usual
procedure of satisfying the principle of one data Indonesia, such as focus group discussions or other
kind of formal discussion.
The aim of this paper is twofold. Firstly, we are implementing and analyzing the results of the
implementation of the Satu Data Indonesia ecosystem in Kutai Timur Regency conducted by
collaboration with Deutsche Gesellschaft für Internationale Zusammenarbeit (GIZ). The processes
carried out include measuring the readiness of human resources, measuring infrastructure readiness,
compiling regulations through regent regulations, and building a satu data portal (one data portal).
After conducting this analysis, we developed a standard resource framework that can be used to
facilitate the flow of Satu Data Indonesia implementation.
2. Implementation of Satu Data Indonesia in Kutai Timur Regency
In this section, we discuss the process of developing and executing the satu data Indonesia (one data
Indonesia) policy in a regency in Kalimantan Timur, Kutai Timur Regency.
2.1. Study Area
We sorted Kutai Timur regency as the study area for this policy. This area was chosen in accordance
with the following primary criteria: no government policy and implementation of a satu data policy.
2.2. Action Plan
Based on presidential regulation no. 39/2019, the implementation of satu data Indonesia is also carried
out at the regional level, where the structure used is already regulated by this regulation. 4 roles must
be filled, namely data coordinator, governing board, data custodian, and data producers.
From this regulation, we collectively with the relevant local government have compiled an
organizational structure in to committees board for Satu Data Indonesia in Kutai Timur Regency,
where the stakeholders included in the structure are Bappeda, Diskominfo, BPS, JIGD, and several
agencies as data producers. Figure 1 shows the organizational structure of one Indonesian data in
Kutai Timur.
Table 1. Satu Data Committees Board.
Coordinator

Role

Data Custodian

Stakeholders
Planning and Development Board
(Badan Perencanaan Daerah/Bappeda)

Governing Board

Information and Communication Board
(Dinas Komunikasi dan Informasi/Diskominfo)
Statistics Office
(Badan Pusat Statistik/BPS) ,
Geospatial Information Network Agency
(Jaringan Informasi Geospasial Daerah/JIGD)

Data Producers

Local and Sectoral Government Agencies
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Coordinator

Data custodian

Governing Board

Planning and
Development
Board (Bappeda)

Information and
Communication
Board
(Diskominfo)

BPS and JIGD

Data Producers
Local and Sectoral
Government
Agencies

Figure 1. Organization Structure for Satu Data Indonesia in Kutai Timur Regency.
Other components prepared in the implementation of the Satu data Indonesia in Kutai Timur
Regency include regulation in the form of a regent's regulation, this regulation is designed as a
derivative of presidential regulation no 39/2019 so that the concept of satu data applied will be
appropriate. Then from the technical side, BPS and Diskominfo designed standard operating
procedures for data integration. Because of the short time to design, we prefer to use the existing
framework and system, as we can see in table 2, we utilize CKAN as an open data framework and
SIMDASI as a centralized data integration system owned by BPS. Next phase is we develop the
guideline, then continued with human resource training related to the business processes of Satu Data.
As we can see on table 3 shows the components of the action plan that was carried out for the
implementation of one data set in Kutai Timur.
Table 2. Supporting System for Data Integration in Satu Data in Kutai Timur Regency.
System
Comprehensive Archive
Knowledge Network (CKAN)
Sistem Manajemen Data
Terintegrasi (SIMDASI) /
Integrated Data Management
System

Task
Supporting Open Data
Ability
Data Entry System for
Priority Data List

Operators
Diskominfo
BPS and
Diskominfo

Table 3. Component of Action Plan Satu Data in Kutai Timur Regency.
Component
Regulations
Information Technology
Regulation and
Requirement

Output


Regent Regulation



CKAN based Satu
Data Portal
Simdasi guideline to
data entry system



Stakeholders
GIZ, BPS, Bappeda,
Diskominfo

Diskominfo, BPS
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Component

Training




End Point Product



Output

Stakeholders

Application
Programming
Interface (API)
training
Satu Data Business
Process Training
Data Entry Training

GIZ, BPS,
Diskominfo

Satu Data Kutai
Timur Portal

GIZ, Diskominfo

2.3. Implementation
Results of working on the components of the action plan for the implementation of satu Data
Indonesia are following the expected output. The satu data (one data) regulation is stated in the
regent's regulation no 49/2020. With this regulation, the application of the concept of satu data
Indonesia in Kutai Timur can work properly. Concerning this regulation, the local government also
held a discussion forum as the initiation of the Satu Data Kutai Timur Forum. The issue discussed is a
list of priority data needs that will prioritize their availability in the data portal. The results of the
discussion resulted in an agreement on the list of data that was used as priority data. Table 4 show the
list of data priority.
Table 4. Priority Data List in Kutai Timur Regency.
Data
Gross Domestic Regional Product (GDRP)
Poverty
Employment
Human Development Index (HDI)
Education
Stunting
Population
Plantation

Source
BPS
BPS
BPS
BPS
Education Board and BPS
Health Board
Civil Registration Board
Plantation Board

Furthermore, in the human resource issue, GIZ provides training access to local government
agencies related to the handling and development of API. Along with the action plans that have been
designed, BPS, GIZ, and Diskominfo are trying to develop a satu data kutai timur portal, where the
initial design used is to integrate SIMDASI and CKAN so that the data custodian and supervisor data
functions can run in the same time.
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SIMDASI BPS

Sectoral Data

Standard Data
Form

CKAN Database

Satu Data Portal

Figure 2. Satu Data Kutai Timur Portal flowchart.
In its implementation, portal development using the design shown in Figure 2 is quite difficult
because the schema data and form of data are different between SIMDASI and CKAN. And finally,
the portal building completely using CKAN.

Figure 3. Satu Data Kutai Timur Portal Front Page.
2.4. Drawback Identified
As we can see, the process of implementing satu data Indonesia at the local government level requires
a very huge effort in terms of planning for data provision. The long process of bureaucracy and
expensive process for determining priority list data means that only a small part of the dataset will be
focused on applying the satu data principle. As we see on table 5, only one data list that acquire from
decentralized data.
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Table 5. Classification on Priority Data List in Kutai Timur Regency.
Data
Source
Classification
Gross Domestic Regional Product (GDRP)
BPS
Centralized
Poverty
BPS
Centralized
Employment
BPS
Centralized
Human Development Index (HDI)
BPS
Centralized
Education
Education Board and BPS
Centralized
Stunting
Health Board
Centralized
Population
Civil Registration Board
Centralized
Plantation
Plantation Board
Decentralized
For data that have centralized classification, the completeness of the principle of satu data can be
completed by data producers, because this data has its own procedure to measure its quality. For
centralized data, the local government collaborates with BPS to jointly complete the one data
principle, ensuring that the dataset's metadata and reference codes are met. For data that is not
centralized and is not included in the priority data, it will be ignored. Based on field discoveries, this
sort of data is solely used for evaluating and providing local or special information, and it is not
included in the report to the vertical agency it covers. As a result, the planning process is directly
dependent on the planner's understanding. If the planner understands the concept of Satu data, the
resulting data will also follow these principles, and vice versa. This is illustrated in Figure 4. With the
regional autonomy system in Indonesia, the amount of decentralized classification sectoral of data is
quite large, so it is very necessary to build a solution to the application of the principle of satu data for
all types of data regardless of priority and classification.

Figure 4. Effect of Using Data Priority List for Implementing Satu
Data Principles
3. Optimizing Potential of Metadata
This section will deliver an overview of the current condition of metadata regulation in satu data
Indonesia Policy and the advantages of metadata for integrating and completing principles of satu data
during a partial business processes in different stakeholders is running.
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3.1. Metadata concept in Satu Data Indonesia Policy
Metadata is generally used as the identity of data to describes various kinds of information related to
the data. From the literature we used, there are 3 layers of metadata, namely discovery metadata,
contextual metadata, and detailed metadata. The concept of these layers shown in Figure 5. The first
layer is discovery (flat) metadata, this layer is very capable, simple to use, and allows to linkage
several open datasets. The second layer is contextual metadata that allows providing more complete
information from data, ranging from organization, publication, PIC, and various other aspects. And the
last is the detailed metadata which is used to describe the specific dataset.

Linkded
data

1. Discovery
(Dublin core, CKAN..)

generate

2. Context
Formal
Information
Sytem

Point to

3. Detail

Figure 5. three-layers of metadata architecture.
At satu data Indonesia policy, there is no common regulation for metadata schemes that allow use
in the universal datasets. The metadata used is still determined by the type of data and the governing
board that handles it. In example, for sectoral statistical metadata using metadata concepts developed
by BPS, metadata for financial datasets using metadata concepts from the ministry of finance. The
type of metadata owned by this agency is contextual metadata but another aspect in the principle of
satu data Indonesia there is an interoperability goal that requires a type of discovery (flat) metadata to
be easy to access and connect between datasets. Based on these conditions, we can see that there has
been a misleading in the use of metadata in satu data Indonesia policy.
3.2. Concept of Satu Data Metadata Framework
Base on resource, data in Indonesia is categorized into 3, there is sectoral data, basic data, and special
data, this concept is established in the National Statistics System, in Figure 6 we can see the process of
designing data requirements until the process of providing data is carried out. Each type of data is
managed and produced by different stakeholders, basic data is produced by BPS, sectoral data is
produced by sectoral governments, and special data is generated from various institutions or
communities in the community. However, BPS was assigned the task of being a clearinghouse aimed
at maintaining the quality of the data provided to the public.
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Coordination, Integration, Synchronization, and Standarization
type

organizer

method

Sectoral
Stat

gov

Coadpro

basic
Stat

BPS

Stat Forum

result

Survey
Data

Other

Census
Statistics
inquiries

Survey
Coadpro

BPS as Clearing
House of
Statistics
Information

Data

Provider of
Statistical
Information

Other

Resources,
method,
Infrastructure
, platform,
tech, and
requlation

Survey
Special
Stat

Synopsis

Coadpro

Community

Other

Data

feedback

Figure 6. National Statistics System Architecture.
At a more specific level, the data production process, especially for sectors, is carried out partially
according to needs and does not carry out coordination with other data producers. With the satu data
Indonesia policy, the coordination scheme between agencies has been determined, in addition, the
rights and obligations of each stakeholder have also been well described. With this regulation, the flow
of data products from the lowest level planning to quality control of the resulting data is very clear, as
are the actors implementing it.
This paper utilizes these conditions to develop satu data metadata framework (SDMF) that can
explain and expose information about temporal relations in datasets, referential integrity, relationships
between datasets, and the context of the datasets. This architecture utilizes the Statistical Metadata
System (SMS) as a contextual metadata layer and Statistical Data and Metadata Exchange (SDMX)
common vocabulary. Modification is done by adding an inheritance named satu data resource
identifier in the IdentifiableArtefact class. SDMF can facilitate multi-stakeholder actors in the data
production process, as shown in Figure 7.
National Level

International Level

Satu Data/Open Data Technical Organization

International
Organizations

Local stakeholders in data production: Tier 3 and Tier 2
Administrators

IT Specialists

Multi-national
Enterprises

Subject Matter
Public

Senior Manager/
Director

Satu Data
Administratos

Methodologists

Statisticians
SDMF
Planners, Auditors,
and Evaluators

Dissemination
Specialists

SMS
Statistics Organization

Businesses

Academia

Government Agencies

RnD

Figure 7. Actors of SDMF.
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The architecture of the SDMF itself is a compilation of the utilization of discovery (flat) metadata
using the Comprehensive Knowledge Archive Network (CKAN) and context metadata from the
Statistical Metadata System (SMS). The two frameworks are integrated into the general SDMX
schema, which will later become a metadata fulfillment vocabulary. Each stakeholder as a custodian
and has access to add code to the relevant cell in SDRI. SDMF makes use of two classes from the
SDMX schema: IdentifierArtefact for collecting SDRI information and Maintainer for managing
information storage. The two classes are applied by including the parameters Sdri:int to capture the
result of producing an integer SDRI code, followed by Ver:string to collect version control
information from SDRI modifications and SetValue:string to keep the default value if paramater is
null. Figure 8 shows the architecture.
Sectoral dataset
producer

Technical Stakeholder

Governace Board

CKAN
SDMF Midleware

<<Enumeration>>
IdetifierArtefact
..
Sdri:int
Ver:string
SetValue:string
--

SDMX

<<Code>>
maintainer
..
cellIndex:int
cellLength:int
cellValue:int
--

Figure 8. Architecture of SDMF.
3.3. Resource Identifier for Satu Data Metadata Framework
In this framework, there is one feature that is stored as a temporal identifier for each process that the
data set goes through in compliance with the satu data principles. This feature is called satu data
resource identifier (SDRI) in the form of an encapsulated serial number that can be filled in based on
updates from each stakeholder who is responsible for determining the condition of the data set.
SDRI feature on SDMF allows metadata to provide a temporal relation of a dataset to its producer.
Each cell will be filled if the dataset goes through the process to complete the principle of satu data
Indonesia. concept of SDRI shown on figure 9.
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Figure 9. Satu Data Resource Identifier (SDRI) template form.

Figure 10. SDRI Updating Process.
The process for updating SDRI can be seen in Figure 10, the process starts from data producers
inputting data in SIMDASI and completing the registration form for dissemination in the Satu Data
Portal. Information related to the province code, regency code, agency code, dissemination level, and
priority data is contained in the SIMDASI account owned by the data producer. While the version
control information, data category, reference code, metadata code, and release date are contained in
the dissemination form filled in by the data producer. The information is then collected by SDMF
middleware to be converted into an SDRI form. Every time there is a change in version control,
SDMF will retract information and update SDRI. The SDRI form is then automatically submitted to
CKAN to complete the contextual metadata.
The Dissemination Registration Form can be completed on a regular basis, and data can be
published even if the form is incomplete. The SDRI code provided in the metadata indicates the
criterion of completeness of data information. The SDRI code allows the data governing board and
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data coordinator to quickly conduct queries to automatically check data without having to go through
manual requests from data producers. This will aid the process of monitoring decentralized and nonpriority data in order to fulfill the satu data principle.
4. Conclusions
Satu data Indonesia policy is a positive response to the inadequate condition of data governance in
Indonesia. This policy stipulates 4 principles that must be met to maintain data quality in Indonesia,
namely one metadata, one reference code, one data standard, and data interoperability capabilities. To
see the results of the policy, we implemented the concept of satu data in Kutai Timur Regency. The
policy and all technical components for the implementation of satu data in Kutai Timur were
successfully carried out, and the results showed several shortcomings, namely a large effort in
coordinating the provision of data lists, decentralized sectoral data is lack of quality attention, the use
of a single data portal which is limited to interoperability functions and does not accommodate the
other 3 principles. the use of metadata that is not between the needs of integration and dissemination.
From these problems, we build the Satu Data Metadata Framework (SDMF) which is a
modification of the Statistical Metadata System (SMS). This framework aims to accommodate the
needs of ideal data integration and data dissemination in satu data policy. these needs are
accommodated through SDMF's ability to store temporal resources and contextual descriptions of
datasets. This capability is obtained from the addition of a new encapsulated serial number feature
called Satu Data Resource Identifier (SDRI) in the IndentifierArtefact class in the SDMX common
metadata vocabulary used.
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Abstract. Rice fields area in Indonesia is getting narrower every year with the rampant
construction of housing and buildings. It results in lower availability of food production hence
to meet the needs we have to import rice from other countries. By clustering rice fields, it can
be used as an evaluation material to increase food production in Indonesia so that the need for
rice imports can be minimized. The method used in the grouping of Rice Fields is the Fuzzy Cmeans method, implementation of the Knime Tool with data training and testing. The Fuzzy CMeans program produces three data groups/clusters, namely wide, moderate, and narrow rice
fields. The results of the clustering show that the most potential areas for food production from
rice fields are East Java, Central Java, and West Java.

1. Introduction
In the past, during the leadership of the late President Soeharto during the New Order era, Indonesia
was known as a country with rice self-sufficiency in 1984 [1], Rice production reached around 27
million tons, while domestic rice consumption was below 25 million tons, meaning that Indonesia had
a surplus of 2 million tons. The Rice Self-Sufficiency Program received an award from FAO in 1985
in rice export activities[2]. It was caused by the large rice fields area for rice production in Indonesia.
However, every year the amount of rice production decreases. One of the reasons is the decrease in the
development of rice fields every year. Data from the Central Statistics Agency (2001), Indonesia's rice
fields in 1993 was 8,500,000 Ha, then in 2000 (7 years later) it greatly shrunk to only 7,790,000 Ha or
710,000 Ha shrinkage or every year rice fields in Indonesia was shrinking 59,167 ha[3]. The decrease
was caused by the transfer of function from rice fields to residential and industrial development.
Hence the decrease has an impact on the reduced availability of food production. To overcome the
availability, the government is intensifying rice imports to meet domestic food needs.
Rice fields clustering in each province can be used as an evaluation material in increasing the
availability of food production in an area by finding out the rice fields area in Indonesia. With
technology, clustering can minimize rice import activities in meeting domestic food needs.
Fuzzy C-Means is a method widely used to solve problems related to clusters/classification.
Among them are used to cluster rice varieties[4], diagnose heart disease[5], analysis of data
confidence based on classification methods[6]. Hence to solve the problem of rice fields clusters in
this study, the Fuzzy C-Means method can be used. The Fuzzy C-Means method is a data clustering
technique in which the existence of each data point in a cluster is determined by the degree of
membership[7] so that the cluster of rice fields can be determined
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2. Literature Review
The fuzzy set theory will provide answers to a problem that contains uncertainty[8]. One of the
sections in fuzzy is fuzzy clustering, this fuzzy is used to cluster data. This clustering is divided into
four methods, namely Fuzzy Subtractive Clustering, Mountain, K-means and C-Means methods.
Fuzzy C-Means (FCM) is a data clustering technique in which the existence of each data in a cluster is
determined by the membership value[9]. In the initial conditions, the center of the cluster is still not
accurate, so it is necessary to improve the center of the cluster repeatedly until it is at the right point.
Each data will have a degree of membership for each cluster. The algorithm of Fuzzy C-Means is as
follows[10]
2.1 Input data to the cluster x, in the form of a matrix of a size of n x m (n = number of data samples,
m = attributes of each data). Xij=data number i (i=1,2,..,n) , attribute number j(j=1,2,..,m)
2.2 Determine:
 Number of clusters (c)
 Rank (w)
 Maximum iterations
 Smallest error expected
 Initial objective function (P0=0)
 Initial iteration (t=1)
2.3 Generate a random number as an element of the initial partition matrix U.
Count the number of each column:
(1)

∑
Then

(2)
2.4. Calculate the center of the cluster number k:

with k=1,2,…,c and j=1,2,..,m

∑

(3)

∑
2.5. Calculate the objective function at the iteration number t, Pt :

∑ ∑ (*∑(

)+

)

(4)

2.6. Calculate the change in the partition matrix
[∑
∑

(
[∑

) ]
(

(5)

) ]

2.7. Check stop conditions:
 if t>max iteration then stop
 Otherwise, t=t+1 repeat step 4
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3. Research Method
3.1. Literature Study
The object of research are rice fields from all provinces in Indonesia. Data on rice field area was
obtained from the Ministry of National Land Agency (2015-2019) and Rice Production from the
Central Statistics Agency.
Table 1. Sample data figure Land Area and Rice Production.
Province
1 Aceh
2 North Sumatera
3 West Sumatera
4 Riau
5 Jambi
6 South Sumatera
7 Bengkulu
8 Lampung
9 Bangka Belitung
10 Riau Islands
11 Greater Jakarta
12 West Java
13 Central Java
14 Special Region of
Yogyakarta
15 East Java
16 Banten
17 Bali
18 West Nusa Tenggara
19 East Nusa Tenggara
20 West Kalimantan
21 Central Kalimantan
22 South Kalimantan
23 East Kalimantan
24 North Kalimantan
25 North Sulawesi
26 Central Sulawesi
27 South Sulawesi
28 Southeast Sulawesi
29 Gorontalo
30 West Sulawesi
31 Maluku
32 North Maluku
33 West Papua
34 Papua

2015
290.337
423.465
226.377
72.005
94.735
620.632
85.130
377.463
10.668
246
650
912.794
965.261

2016
293.067
423.029
222.482
72.151
96.588
615.184
83.449
390.799
13.820
286
581
913.976
963.665

Rice Fields
2017
294.483
415.675
222.021
70.016
97.690
621.903
82.429
396.599
13.679
310
571
911.817
951.752

53.553

53.985

51.343

75.990

76.273

514.935

533.477

1.091.752
199.492
75.922
264.666
177.238
330.724
196.813
450.152
57.087
21.448
55.825
129.014
628.148
103.812
32.054
61.292
13.394
11.801
10.193
48.764
8.092.907

1.087.018
203.123
76.096
276.230
181.039
356.741
194.782
454.121
56.505
20.520
60.562
132.489
649.190
109.854
32.749
63.671
14.354
13.068
10.680
51.880
8.187.734

1.081.873
199.408
74.278
276.306
184.346
368.728
180.034
447.918
59.425
18.189
59.886
136.541
646.611
108.466
32.681
64.232
16.732
13.221
11.340
53.543
8.164.046

1.287.356
198.284
69.078
227.786
146.071
155.818
187.008
252.972
36.399
14.265
52.236
119.670
641.457
79.910
29.067
42.216
13.660
9.041
4.239
21.498
7.105.144

1.214.909
204.335
70.996
234.542
155.520
242.972
136.916
290.716
41.406
11.922
47.043
116.828
654.818
82.117
33.056
39.485
18.283
13.542
8.860
36.195
7.463.948

10.203.213
1.687.783
667.069
1.460.338
899.935
799.715
514.769
1.327.492
262.773
45.063
326.929
926.978
5.952.616
538.876
269.540
316.478
116.228
49.047
24.967
223.119
59.200.518

9.580.933
1.470.503
579.320
1.402.182
811.724
847.875
443.561
1.342.861
253.818
33.357
277.776
844.904
5.054.166
519.706
231.211
300.142
98.254
37.945
29.943
235.339
54.604.017

2018
193.308
245.801
197.800
86.247
111.147
387.237
47.968
253.583
5.409
1.220
451
930.334
980.618

2019
213.997
308.667
194.282
62.689
68.349
470.602
50.840
361.699
22.402
1.394
414
928.218
1.049.661

Rice Production
2019
2018
1.861.567
1.714.437
2.108.284
2.078.901
1.483.076
1.482.996
266.375
230.873
383.045
309.932
2.994.191
2.603.396
288.810
296.472
2.488.641
2.164.089
45.724
48.805
1097
1150
4.899
3.359
9.647.358
9.084.957
10.499.588
9.655.653
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3.2. Data processing
From the rice fields data for each province, 34 data will be clustered into 3 levels of areas, namely
high, medium, and low. The data processing process is divided into several stages. Here are the flow
stages of the data processing as shown in Figure 2 below
Literature Study

Data Collection

Method Design

Fuzzy C-Means

Program Implementation

Testing

Evaluation
This clustering is carried out using the Fuzzy C-Means algorithm and the Knime application with
the Fuzzy c-means function.

Figure 3. Implementation Model of the Fuzzy C-Means Algorithm on Knime.
For the calculation of clusters using the determination of the 3 number of clusters, namely narrow,
moderate, and wide with a maximum iteration of 100 with 95% data participation.
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The data entered in the creator table is connected to the partitioning data of 95% of the training data
entered in an analytical Fuzzy C-Means, and the results of the cluster are displayed in the color
management, shape management is shown as a scatter plot.
4. Results and Discussion
The program implementation of this research is divided into two, namely the clustering process and
the testing process. In the clustering process, the initial data is used and three clusters are generated
with degrees of membership. The black color indicates cluster 1 which is narrow, the green color
indicates cluster 2 which is moderate, and red indicates cluster 3 which is wide. The clustering process
produces output data. The results of the cluster can be seen in Figure 4 with different colors for each
cluster. The cluster at the top is the center of the largest cluster, a large area of rice fields. Likewise,
the cluster below that is an area with a narrow rice fields area. From the clustering process, the data for
each cluster can be seen in Table 1.

Figure 4. Clustering results.
Table 2. Clustering result data.
Cluster
1

Data Number
4
5
7
9
10
11
14
17
19
20

Province
Riau
Jambi
Bengkulu
Bangka Belitung
Riau Islands
Greater Jakarta
Special Region of Yogyakarta
17 Bali
East Nusa Tenggara
West Kalimantan

330

H Setiono and T M Dianto

Cluster

2

3

Data Number
21
23
24
25
26
28
29
30
31
32
33
34
1
2
3
6
8
16
18
22
27
12
13
15

Province
Central Kalimantan
East Kalimantan
North Kalimantan
North Sulawesi
Central Sulawesi
Southeast Sulawesi
Gorontalo
West Sulawesi
Maluku
North Maluku
West Papua
Papua
Aceh
Sumatera Utara
Sumatera Barat
Sumatera Selatan
Lampung
Banten
Nusa Tenggara Barat
Kalimantan Selatan
Sulawesi Selatan
West Java
Central Java
East Java

Table 3. Clustering Results.

Area
Productivity

1
55610
293475

Cluster
2
285541
1858708

3
1053786
9328262

5. Conclusion
The Fuzzy C-Means (FCM) method can be implemented in the clustering of rice fields in Indonesia. 3
clusters resulted from the clustering process, namely narrow, moderate, and wide rice fields. This
clustering uses 34 data so this can be used as material for evaluation for the government in increasing
the availability of food production to minimize rice imports, especially maximizing large rice fields,
namely the Java area, specifically West Java, Central Java and East Java.
Based on land area, in moderate land areas, the government and the community must work together
to suppress factors that narrowing of land such as the construction of housing, malls and high-rise
buildings and the government and the community should cooperate in adding and using new methods
to improve agricultural production.
Accelerate the implementation of agrarian reform. This acceleration can be done by, among others,
updating the Agrarian Law. This law must place emphasis on saving agricultural land and prohibiting
the conversion of productive agricultural land by strengthening the role of Village Institutions,
increasing the area of rice fields of 22 million ha or 2.2 million ha per year for the next 10 years, and
strengthening the role of the National Land Agency to control national land.
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Abstract. There have been missing values in the gold price data for Indonesia, Saudi Arabia,
and Turkey at the weekend so that imputation techniques have been carried out to solve this
problem. The imputation method of replacing NAs with the latest non-NA values also known
as last observation carried forward (LOCF) made it a solution to overcome the missing values.
This study selected the best -exponential moving average based on the smallest mean absolute
percentage error (MAPE) from
simulations. The 2-exponential moving average analysis
was the best analysis for the price of gold which has missing values in Indonesia, Saudi Arabia,
and Turkey during COVID-19, while the largest MAPE values are different for each country.

1. Introduction
Research related to time series data is needed in predicting things that will happen in the future. One
of the analyzes that has been widely used to forecast is the exponential moving average. Although this
analysis is simple because it is only a development of a simple moving average analysis, it is still able
to do good forecasting and is still very often used [17, 10]. Until now, many studies have used
exponential moving average analysis. Exponential moving average analysis has been used for knock
limit controllers [20]. In this study, the exponential moving average has been used to predict the
average and logarithmic reference of the intensity of the machine beats. This analysis has also been
applied to the Kalman filter [21]. Such research has presented a new adaptive extended Kalman filter
for nonlinear discrete-time systems that handles variations in noise covariance. The covariance of
noise is estimated at each sample time by calculating the covariance of the innovation term with an
exponential moving average. The exponential moving average analysis has also been a new stochastic
volatility model with expected returns that vary with time on financial markets [15].
One form of investment that is relatively stable for a long time is gold. The current condition of the
Covid-19 pandemic caused uncertain economic conditions so that many people are more careful in
investing. In general, the type of investment that is considered safe is the choice of many people
because gold is not affected by inflation. Research related to the price of gold has been carried out in
several countries including China, Ukraine, Saudi Arabia, Venezuela, Argentina [ 13], Indonesia,
Malaysia, Philippines, Singapore, Thailand, China, Japan, South Korea [27], Pakistan [1], Turkey [7],
etc. However, not all data on the gold price have complete data, such as those in the World Gold
Council or in other words, the data has missing values. In some cases, the data is not completely
available or it is better known as data that has missing values. This can happen if the information on
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an object is not provided completely, it is difficult to identify, or if the information is not there. If there
are many missing values in a study, it can reduce statistical power and can result in biased estimates,
potentially leading to invalid conclusions. Therefore imputation technique is needed for this problem
[11]. In terms of investment, complete data makes it easy for investors to make decisions quickly.
Research related to missing values has been done a lot including for clustering [8], multivariate time
series [25], active learning [9], a novel weighted distance threshold method [5], electronic health
records [23], air pollution [18], financial statement fraud [6], software performance of components
[4], mining gradual patterns [19], mail survey [16], spatial [3], obstetrics clinical data [2],
autoencoder [12], transfer learning [14], encoder signals [26], Bayesian network [24], industry [22],
etc.
This study selected the best exponential moving average analysis with the missing values of all
possible k-exponential moving averages. The value of that has been tested in this study is from 2 to
total data. This analysis has been applied to gold price data in Indonesia, Saudi Arabia and
Turkey during COVID-19. These countries represented several Muslim-majority countries that still
make gold a symbol of tradition and investment. Indonesia represented Asia, Saudi Arabia represented
Arabia, and Turkey represented Europe. The research focused on the COVID-19 pandemic period
because this is an important and interesting issue. Finally, the smallest MAPE value has been used to
select the k-exponential moving average on gold price data for Indonesia, Saudi Arabia, and Turkey
during covid-19.
2. Methods
The data used in this study is the gold price data (troy ounce) which has been obtained from the world
gold council from January 1, 2020 to April 30, 2021. In the data obtained, there are missing values for
the weekend so imputation techniques have been carried out to solve the problem. This study has
replaced NAs with the latest non-NA values. This Mtechnique has been used because it adopted the
concept of lag in the time series data. This technique is also known as last observation carried forward
(LOCF). After the data is complete, then an exponential moving average analysis has been carried out
for all possible values for each country using (1).
(

)

(

(

( )

))

where
is exponential moving average for today,
is actual data for today, is the number of
time periods, and
is exponential moving average for yesterday. This study selected the best
based on the smallest mean absolute percentage error (MAPE) using (2). MAPE has been chosen for
this study because it is expressed as a percentage so it is easy to explain, does not depend on the scale
and can be used to compare forecasts at different scales. In particular, the price of gold used the
currency of each country. So there is a large scale difference between the Indonesian currency with
Turkey and Saudi Arabia currency.
∑|

( )

|

where is number the summation iteration happens for non-NA values and
is the smoothed values.
The total data that has been carried out is 486 (1 January 2020-30 April 2021). So that the exponential
moving average analysis for = 2, 3, …, 485 used for the total data as shown in (3).
(
where
time series.

is exponential moving average with

)

∑(

)

number of time periods and

( )
is total data in
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3. Result
Based on the data that has been obtained, there are missing values every weekend. The percentages of
missing values (yellow) and complete data (blue) can be seen in Figure 1. Based on Figure 1, there are
28 percent missing values for Saudi Arabia (SAR), Turkey (TRY), and Indonesia (IDR) country data.
After replacing NAs with the latest non-NA values, the percentage of missing data becomes 0 percent
and the exponential moving average analysis was ready to be carried out as in Figure 2. Based on
Figure 2, there are no longer bar graphs that are yellow or in another sense that the missing values are
already overcome.

Figure 1. Percentage of data before imputation.

Figure 2. Percentage of data after imputation
The total data available in this study were 486 (1 January 2020-30 April 2021). So that the
exponential moving average analysis that has been tried was from the 2-exponential moving average
until the 485-exponential moving average. The MAPE that has been obtained from each exponential
moving average analysis for each country can be seen in Table 1, Table 2 and Table 3.

336

F Mubarak et al

Table 1. MAPE EMA for gold price in Indonesia
k
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39

MAPE
0.237
0.403
0.534
0.647
0.745
0.83
0.911
0.987
1.059
1.126
1.19
1.251
1.308
1.36
1.412
1.461
1.508
1.556
1.603
1.649
1.693
1.736
1.78
1.825
1.869
1.914
1.959
2.002
2.045
2.087
2.128
2.168
2.208
2.248
2.289
2.329
2.369
2.41

k
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60
61
62
63
64
65
66
67
68
69
70
71
72
73
74
75
76
77

MAPE
2.45
2.489
2.528
2.566
2.606
2.644
2.68
2.716
2.751
2.787
2.822
2.856
2.889
2.917
2.944
2.974
2.997
3.023
3.053
3.078
3.105
3.132
3.158
3.187
3.214
3.242
3.267
3.289
3.31
3.332
3.354
3.378
3.398
3.43
3.458
3.487
3.511
3.549

k
78
79
80
81
82
83
84
85
86
87
88
89
90
91
92
93
94
95
96
97
98
99
100
101
102
103
104
105
106
107
108
109
110
111
112
113
114
115

MAPE
3.574
3.606
3.633
3.655
3.679
3.708
3.728
3.737
3.747
3.753
3.763
3.773
3.784
3.792
3.8
3.813
3.819
3.826
3.833
3.843
3.847
3.853
3.859
3.866
3.873
3.881
3.888
3.901
3.905
3.914
3.917
3.928
3.939
3.949
3.96
3.971
3.98
3.986

k
116
117
118
119
120
121
122
123
124
125
126
127
128
129
130
131
132
133
134
135
136
137
138
139
140
141
142
143
144
145
146
147
148
149
150
151
152
153

MAPE
3.994
4.002
4.01
4.017
4.026
4.033
4.047
4.062
4.077
4.095
4.105
4.116
4.129
4.14
4.153
4.166
4.179
4.193
4.207
4.221
4.232
4.242
4.253
4.263
4.273
4.284
4.293
4.307
4.318
4.33
4.341
4.352
4.363
4.38
4.393
4.406
4.419
4.433

k
154
155
156
157
158
159
160
161
162
163
164
165
166
167
168
169
170
171
172
173
174
175
176
177
178
179
180
181
182
183
184
185
186
187
188
189
190
191

MAPE
4.445
4.454
4.477
4.498
4.513
4.528
4.543
4.561
4.584
4.607
4.628
4.646
4.664
4.681
4.703
4.723
4.744
4.766
4.785
4.804
4.825
4.839
4.852
4.866
4.88
4.896
4.911
4.927
4.938
4.949
4.961
4.97
4.977
4.983
4.989
4.994
5
5.002

k
192
193
194
195
196
197
198
199
200
201
202
203
204
205
206
207
208
209
210
211
212
213
214
215
216
217
218
219
220
221
222
223
224
225
226
227
228
229

MAPE
5.005
5.007
5.01
5.013
5.015
5.019
5.019
5.018
5.015
5.013
5.011
5.007
4.998
4.991
4.981
4.966
4.951
4.938
4.921
4.903
4.884
4.862
4.839
4.817
4.795
4.773
4.75
4.719
4.683
4.651
4.618
4.586
4.549
4.528
4.506
4.483
4.458
4.433

k
230
231
232
233
234
235
236
237
238
239
240
241
242
243
244
245
246
247
248
249
250
251
252
253
254
255
256
257
258
259
260
261
262
263
264
265
266
267

MAPE
4.408
4.38
4.343
4.311
4.287
4.264
4.24
4.217
4.191
4.172
4.148
4.127
4.1
4.073
4.045
4.019
3.99
3.961
3.931
3.905
3.879
3.853
3.825
3.802
3.771
3.735
3.7
3.666
3.632
3.595
3.56
3.523
3.491
3.458
3.425
3.39
3.365
3.338

k
268
269
270
271
272
273
274
275
276
277
278
279
280
281
282
283
284
285
286
287
288
289
290
291
292
293
294
295
296
297
298
299
300
301
302
303
304
305

MAPE
3.317
3.296
3.276
3.257
3.237
3.216
3.192
3.167
3.141
3.113
3.085
3.056
3.028
2.999
2.979
2.959
2.93
2.901
2.873
2.843
2.821
2.793
2.771
2.745
2.719
2.692
2.665
2.641
2.611
2.585
2.558
2.531
2.504
2.478
2.45
2.431
2.413
2.39

k
306
307
308
309
310
311
312
313
314
315
316
317
318
319
320
321
322
323
324
325
326
327
328
329
330
331
332
333
334
335
336
337
338
339
340
341
342
343

MAPE
2.368
2.345
2.32
2.291
2.265
2.235
2.211
2.186
2.159
2.16
2.157
2.159
2.153
2.142
2.131
2.119
2.112
2.106
2.103
2.102
2.095
2.088
2.08
2.086
2.094
2.105
2.113
2.111
2.109
2.106
2.099
2.11
2.124
2.133
2.14
2.147
2.154
2.155

k
344
345
346
347
348
349
350
351
352
353
354
355
356
357
358
359
360
361
362
363
364
365
366
367
368
369
370
371
372
373
374
375
376
377
378
379
380
381

MAPE
2.153
2.161
2.168
2.177
2.187
2.196
2.209
2.214
2.217
2.206
2.199
2.192
2.185
2.177
2.165
2.155
2.144
2.134
2.123
2.112
2.104
2.097
2.089
2.081
2.072
2.064
2.055
2.031
2.007
1.987
1.973
1.978
1.983
1.989
1.995
2.004
2.01
2.025

k
382
383
384
385
386
387
388
389
390
391
392
393
394
395
396
397
398
399
400
401
402
403
404
405
406
407
408
409
410
411
412
413
414
415
416
417
418
419

MAPE
2.044
2.063
2.083
2.103
2.122
2.132
2.141
2.153
2.166
2.178
2.19
2.199
2.217
2.226
2.234
2.241
2.249
2.26
2.285
2.313
2.309
2.317
2.326
2.332
2.358
2.387
2.418
2.449
2.463
2.478
2.494
2.507
2.504
2.5
2.488
2.492
2.495
2.496

k
420
421
422
423
424
425
426
427
428
429
430
431
432
433
434
435
436
437
438
439
440
441
442
443
444
445
446
447
448
449
450
451
452
453
454
455
456
457

MAPE
2.522
2.54
2.548
2.55
2.537
2.522
2.508
2.486
2.463
2.416
2.371
2.312
2.251
2.187
2.117
2.085
2.051
2.026
1.974
1.919
1.861
1.827
1.808
1.784
1.751
1.728
1.704
1.679
1.654
1.61
1.576
1.552
1.516
1.478
1.438
1.353
1.226
1.117

k
458
459
460
461
462
463
464
465
466
467
468
469
470
471
472
473
474
475
476
477
478
479
480
481
482
483
484
485

MAPE
1.073
1.026
0.975
0.92
0.859
0.835
0.789
0.798
0.778
0.756
0.731
0.69
0.698
0.663
0.705
0.706
0.708
0.709
0.721
0.752
0.64
0.58
0.545
0.498
0.433
0.521
0.468
0.645

MAPE
3.193
3.188
3.182
3.177
3.172
3.166
3.165
3.156
3.148
3.124
3.104
3.084
3.063
3.042
3.022
3.002
2.982
2.962
2.941
2.921
2.9
2.878
2.852
2.825
2.798
2.77
2.742
2.691
2.64
2.593
2.549
2.53
2.51
2.49
2.477
2.466
2.447
2.436

k
382
383
384
385
386
387
388
389
390
391
392
393
394
395
396
397
398
399
400
401
402
403
404
405
406
407
408
409
410
411
412
413
414
415
416
417
418
419

MAPE
2.426
2.416
2.406
2.398
2.39
2.37
2.346
2.327
2.308
2.288
2.266
2.243
2.228
2.206
2.177
2.149
2.119
2.09
2.079
2.067
2.085
2.093
2.102
2.109
2.095
2.078
2.058
2.041
2.039
2.038
2.036
2.035
2.052
2.081
2.105
2.13
2.155
2.18

k
420
421
422
423
424
425
426
427
428
429
430
431
432
433
434
435
436
437
438
439
440
441
442
443
444
445
446
447
448
449
450
451
452
453
454
455
456
457

MAPE
2.189
2.205
2.232
2.27
2.276
2.281
2.288
2.287
2.276
2.253
2.23
2.189
2.147
2.104
2.046
2.022
1.995
1.977
1.935
1.891
1.844
1.819
1.808
1.789
1.765
1.752
1.739
1.725
1.712
1.682
1.658
1.643
1.619
1.593
1.566
1.49
1.366
1.246

k
458
459
460
461
462
463
464
465
466
467
468
469
470
471
472
473
474
475
476
477
478
479
480
481
482
483
484
485

MAPE
1.192
1.134
1.072
1.005
0.932
0.899
0.847
0.835
0.783
0.726
0.662
0.564
0.507
0.398
0.36
0.383
0.411
0.443
0.481
0.51
0.42
0.379
0.374
0.368
0.36
0.432
0.399
0.533

Table 2. MAPE EMA for gold price in Saudi Arabia
k
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39

MAPE
0.225
0.384
0.51
0.617
0.709
0.785
0.853
0.912
0.968
1.02
1.071
1.118
1.161
1.203
1.242
1.279
1.314
1.348
1.38
1.411
1.443
1.473
1.502
1.531
1.559
1.591
1.621
1.652
1.684
1.715
1.746
1.775
1.804
1.833
1.863
1.893
1.923
1.951

k
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60
61
62
63
64
65
66
67
68
69
70
71
72
73
74
75
76
77

MAPE
1.98
2.008
2.037
2.065
2.095
2.124
2.151
2.179
2.207
2.235
2.263
2.289
2.314
2.336
2.357
2.379
2.397
2.417
2.439
2.457
2.482
2.506
2.529
2.555
2.579
2.6
2.618
2.634
2.649
2.664
2.679
2.697
2.714
2.737
2.759
2.781
2.8
2.809

k
78
79
80
81
82
83
84
85
86
87
88
89
90
91
92
93
94
95
96
97
98
99
100
101
102
103
104
105
106
107
108
109
110
111
112
113
114
115

MAPE
2.824
2.832
2.837
2.846
2.854
2.864
2.884
2.908
2.935
2.957
2.98
3.004
3.028
3.05
3.072
3.101
3.124
3.148
3.171
3.197
3.219
3.239
3.263
3.281
3.3
3.318
3.337
3.359
3.372
3.388
3.4
3.419
3.437
3.454
3.472
3.493
3.511
3.524

k
116
117
118
119
120
121
122
123
124
125
126
127
128
129
130
131
132
133
134
135
136
137
138
139
140
141
142
143
144
145
146
147
148
149
150
151
152
153

MAPE
3.54
3.556
3.571
3.585
3.603
3.62
3.636
3.654
3.672
3.693
3.708
3.725
3.744
3.761
3.778
3.796
3.813
3.831
3.849
3.867
3.883
3.897
3.912
3.926
3.941
3.957
3.97
3.986
4.001
4.016
4.032
4.046
4.06
4.08
4.097
4.113
4.128
4.143

k
154
155
156
157
158
159
160
161
162
163
164
165
166
167
168
169
170
171
172
173
174
175
176
177
178
179
180
181
182
183
184
185
186
187
188
189
190
191

MAPE
4.159
4.171
4.188
4.205
4.224
4.244
4.264
4.285
4.302
4.319
4.333
4.347
4.362
4.375
4.393
4.409
4.424
4.441
4.456
4.47
4.486
4.498
4.509
4.52
4.531
4.545
4.558
4.572
4.582
4.593
4.604
4.613
4.623
4.633
4.644
4.652
4.662
4.669

k
192
193
194
195
196
197
198
199
200
201
202
203
204
205
206
207
208
209
210
211
212
213
214
215
216
217
218
219
220
221
222
223
224
225
226
227
228
229

MAPE
4.674
4.682
4.69
4.698
4.704
4.712
4.72
4.726
4.733
4.74
4.747
4.754
4.757
4.761
4.761
4.756
4.752
4.75
4.742
4.734
4.725
4.715
4.703
4.692
4.68
4.671
4.662
4.643
4.62
4.602
4.584
4.567
4.541
4.531
4.523
4.512
4.502
4.491

k
230
231
232
233
234
235
236
237
238
239
240
241
242
243
244
245
246
247
248
249
250
251
252
253
254
255
256
257
258
259
260
261
262
263
264
265
266
267

MAPE
4.482
4.47
4.451
4.432
4.423
4.414
4.405
4.397
4.383
4.377
4.366
4.358
4.344
4.33
4.316
4.303
4.285
4.271
4.258
4.247
4.235
4.224
4.211
4.203
4.189
4.17
4.155
4.139
4.124
4.106
4.09
4.07
4.055
4.038
4.02
3.999
3.987
3.974

k
268
269
270
271
272
273
274
275
276
277
278
279
280
281
282
283
284
285
286
287
288
289
290
291
292
293
294
295
296
297
298
299
300
301
302
303
304
305

MAPE
3.967
3.963
3.959
3.955
3.951
3.947
3.939
3.931
3.919
3.907
3.895
3.883
3.869
3.853
3.844
3.835
3.818
3.801
3.783
3.763
3.752
3.735
3.724
3.709
3.694
3.679
3.664
3.651
3.631
3.617
3.601
3.586
3.57
3.555
3.537
3.528
3.519
3.507

k
306
307
308
309
310
311
312
313
314
315
316
317
318
319
320
321
322
323
324
325
326
327
328
329
330
331
332
333
334
335
336
337
338
339
340
341
342
343

MAPE
3.495
3.484
3.471
3.453
3.438
3.413
3.387
3.36
3.331
3.321
3.308
3.3
3.289
3.273
3.257
3.24
3.225
3.208
3.194
3.186
3.172
3.159
3.143
3.138
3.147
3.152
3.157
3.173
3.188
3.203
3.226
3.232
3.234
3.233
3.228
3.223
3.218
3.208

k
344
345
346
347
348
349
350
351
352
353
354
355
356
357
358
359
360
361
362
363
364
365
366
367
368
369
370
371
372
373
374
375
376
377
378
379
380
381
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Table 3. MAPE EMA for gold price in Turkey
k
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39

MAPE
0.265
0.462
0.622
0.76
0.886
0.996
1.099
1.2
1.295
1.386
1.472
1.557
1.639
1.718
1.796
1.874
1.952
2.028
2.103
2.176
2.247
2.321
2.394
2.465
2.535
2.606
2.673
2.741
2.809
2.876
2.941
3.006
3.071
3.136
3.203
3.272
3.339
3.404

k
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60
61
62
63
64
65
66
67
68
69
70
71
72
73
74
75
76
77

MAPE
3.469
3.534
3.598
3.663
3.727
3.79
3.852
3.914
3.975
4.038
4.1
4.16
4.219
4.275
4.33
4.387
4.438
4.49
4.545
4.596
4.65
4.703
4.755
4.807
4.865
4.92
4.971
5.02
5.07
5.119
5.168
5.218
5.264
5.316
5.369
5.422
5.472
5.532

k
78
79
80
81
82
83
84
85
86
87
88
89
90
91
92
93
94
95
96
97
98
99
100
101
102
103
104
105
106
107
108
109
110
111
112
113
114
115

MAPE
5.585
5.639
5.697
5.75
5.803
5.859
5.911
5.955
6.001
6.044
6.087
6.13
6.175
6.214
6.254
6.296
6.336
6.373
6.41
6.45
6.483
6.516
6.548
6.58
6.612
6.644
6.678
6.711
6.736
6.762
6.782
6.807
6.832
6.857
6.883
6.911
6.934
6.956

k
116
117
118
119
120
121
122
123
124
125
126
127
128
129
130
131
132
133
134
135
136
137
138
139
140
141
142
143
144
145
146
147
148
149
150
151
152
153

MAPE
6.98
7.004
7.028
7.05
7.076
7.102
7.128
7.153
7.18
7.208
7.232
7.258
7.281
7.304
7.327
7.351
7.374
7.396
7.422
7.449
7.474
7.499
7.524
7.548
7.572
7.601
7.626
7.655
7.682
7.709
7.736
7.76
7.789
7.822
7.852
7.879
7.907
7.934

k
154
155
156
157
158
159
160
161
162
163
164
165
166
167
168
169
170
171
172
173
174
175
176
177
178
179
180
181
182
183
184
185
186
187
188
189
190
191

MAPE
7.961
7.986
8.017
8.048
8.08
8.112
8.145
8.178
8.207
8.237
8.263
8.289
8.315
8.34
8.368
8.396
8.422
8.45
8.475
8.501
8.528
8.552
8.575
8.599
8.624
8.65
8.676
8.704
8.727
8.751
8.775
8.798
8.821
8.844
8.868
8.889
8.912
8.931

k
192
193
194
195
196
197
198
199
200
201
202
203
204
205
206
207
208
209
210
211
212
213
214
215
216
217
218
219
220
221
222
223
224
225
226
227
228
229

MAPE
8.95
8.97
8.99
9.011
9.031
9.051
9.072
9.092
9.112
9.132
9.152
9.172
9.19
9.207
9.221
9.232
9.242
9.254
9.263
9.267
9.27
9.272
9.273
9.274
9.274
9.277
9.283
9.281
9.263
9.253
9.245
9.24
9.222
9.223
9.223
9.222
9.218
9.214

k
230
231
232
233
234
235
236
237
238
239
240
241
242
243
244
245
246
247
248
249
250
251
252
253
254
255
256
257
258
259
260
261
262
263
264
265
266
267

MAPE
9.212
9.206
9.192
9.186
9.184
9.182
9.182
9.183
9.178
9.178
9.174
9.174
9.17
9.165
9.16
9.156
9.147
9.142
9.135
9.129
9.123
9.117
9.109
9.105
9.095
9.083
9.072
9.062
9.051
9.038
9.026
9.011
8.999
8.983
8.967
8.948
8.935
8.919

k
268
269
270
271
272
273
274
275
276
277
278
279
280
281
282
283
284
285
286
287
288
289
290
291
292
293
294
295
296
297
298
299
300
301
302
303
304
305

MAPE
8.905
8.896
8.888
8.879
8.872
8.86
8.839
8.826
8.808
8.788
8.768
8.747
8.727
8.703
8.681
8.657
8.629
8.6
8.572
8.54
8.514
8.483
8.455
8.425
8.396
8.366
8.335
8.307
8.276
8.244
8.21
8.175
8.142
8.104
8.059
8.017
7.975
7.926

k
306
307
308
309
310
311
312
313
314
315
316
317
318
319
320
321
322
323
324
325
326
327
328
329
330
331
332
333
334
335
336
337
338
339
340
341
342
343

MAPE
7.877
7.828
7.777
7.72
7.667
7.607
7.541
7.475
7.398
7.358
7.308
7.281
7.259
7.236
7.212
7.189
7.163
7.137
7.111
7.102
7.083
7.063
7.045
7.02
6.995
6.97
6.946
6.936
6.926
6.914
6.912
6.892
6.867
6.847
6.82
6.794
6.769
6.737

k
344
345
346
347
348
349
350
351
352
353
354
355
356
357
358
359
360
361
362
363
364
365
366
367
368
369
370
371
372
373
374
375
376
377
378
379
380
381

MAPE
6.702
6.674
6.641
6.61
6.578
6.544
6.513
6.477
6.443
6.402
6.371
6.338
6.307
6.273
6.241
6.21
6.183
6.156
6.128
6.096
6.081
6.07
6.057
6.038
6.018
5.997
5.981
5.943
5.905
5.882
5.849
5.841
5.833
5.825
5.812
5.8
5.785
5.785

k
382
383
384
385
386
387
388
389
390
391
392
393
394
395
396
397
398
399
400
401
402
403
404
405
406
407
408
409
410
411
412
413
414
415
416
417
418
419

MAPE
5.775
5.765
5.755
5.745
5.737
5.724
5.712
5.701
5.69
5.68
5.665
5.658
5.652
5.644
5.638
5.631
5.622
5.63
5.652
5.674
5.731
5.791
5.853
5.919
5.958
6
6.044
6.093
6.16
6.228
6.297
6.38
6.458
6.525
6.591
6.664
6.738
6.819

k
420
421
422
423
424
425
426
427
428
429
430
431
432
433
434
435
436
437
438
439
440
441
442
443
444
445
446
447
448
449
450
451
452
453
454
455
456
457

MAPE
6.91
7.008
7.088
7.171
7.252
7.335
7.418
7.539
7.654
7.774
7.903
8.02
8.141
8.268
8.378
8.468
8.59
8.722
8.857
8.998
9.145
9.286
9.434
9.553
9.772
9.983
10.204
10.452
10.544
10.662
10.758
10.843
10.904
10.968
11.037
11.105
11.172
11.247

k
458
459
460
461
462
463
464
465
466
467
468
469
470
471
472
473
474
475
476
477
478
479
480
481
482
483
484
485

MAPE
11.32
11.398
11.481
11.571
11.673
11.729
11.798
11.841
11.901
11.967
12.038
12.171
12.27
12.454
12.612
12.733
12.871
13.034
13.201
13.373
13.387
13.319
13.164
12.957
12.665
12.529
12.428
12.408

Based on Table 1-3, the smallest MAPE value for gold prices in Indonesia, Saudi Arabia, and
Turkey occurred when = 2, while the largest MAPE value was different for each country. Based on
Table 1, it can be seen that the smallest MAPE value of EMA for Indonesia was 0.237% when = 2,
while the largest value was 5.019% when = 198. It can also be seen in the table that the relative
MAPE increased along with the increase in the value of until it reaches the highest MAPE when =
198. Furthermore, the MAPE value slowly decreased again relatively to = 485. For Saudi Arabia,
the smallest MAPE EMA value was 0.225% when = 2 and the largest value was 4.761% when =
205 can be seen in Table 2. Based on Table 2 as well, the MAPE value that has been obtained from the
exponential moving average analysis increased gradually relative to = 205 then relative to = 485.
And it can also be seen in Table 3, the MAPE EMA for Turkey has the smallest value of 0.265% when
= 2 and the largest value was 13.387% when = 478. Based on Table 3, Turkey has a unique MAPE
value because the MAPE value increased relatively when = 2 to = 218. It has also been seen from
the table that the MAPE value decreased relatively from = 218 to = 398. Finally, according to
Table 3, when = 398 increased relatively until it reaches the highest MAPE value when = 478 and
the MAPE value decreased relatively slightly when = 485.
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Figure 3. Graph of actual data and EMA for gold price in Indonesia

Figure 4. Graph of actual data and EMA for gold price in Saudi Arabia
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Figure 5. Graph of actual data and EMA for gold price in Turkey
Gold price chart, exponential moving average when
= 2 (2-EMA), and exponential moving
average when = 198 (198-EMA) for Indonesia can be seen in Figure 3. For Saudi Arabia, gold price
chart, exponential moving average when = 2 (2-EMA), and the exponential moving average when
= 205 (205-EMA) can be seen in Figure 4. Figure 5 was a graph that has been formed from the price
of gold, the exponential moving average when = 2 (2-EMA), and the current exponential moving
average = 478 (478-EMA) for Turkey. Based on Figure 3-5, it can be seen that the green line was a
graph of the actual gold price data from January 1, 2020 to April 30, 2021. Based on Figure 3, it can
be seen that the blue line was 2-EMA and the red line was 198-EMA for gold price in Indonesia. The
blue line that can be seen based on Figure 4 was 2-EMA and the red line was 205-EMA for Saudi
Arabia. Meanwhile, based on Figure 5, the 478-EMA which has been denoted by the red line and the
2-EMA which has been denoted by the blue line was the exponential moving average for Turkey.
4. Conclusion and Discussion
This study replaced NA with previous non-NA values for the case of missing values. This missing
value imputation technique is also known as the last observation carried forward (LOCF). After the
data was complete, then the exponential moving average analysis is carried out for all possible
values for each country. The value of that has been used was from 2 to 485 because the number of
series in this study was 486. Based on the results explained that the exponential moving average
analysis when = 2 for gold prices in Indonesia, Saudi Arabia, and Turkey was the best analysis for
data that had missing values. The imputation technique produced a relatively small MAPE. The
MAPE that has been generated from the exponential moving average analysis when = 2 for gold
prices in Indonesia was 0.237%, in Saudi Arabia it was 0.225%, and in Turkey it was 0.265%. The
mentioned MAPE values were even less than 1%.
Based on the results obtained previously, of course the 2-EMA method can be used as a reference
for gold investment in the future. The research that has been done, of course, still has a lot of potential
that can be developed, such as using bigger data and even being applied to big data. Comparing
several dynamic imputation techniques which are then compared to MAPE or the error that will be
obtained is also a special topic of interest to be developed for the future. In addition, in further
research, it is necessary to form an exponential moving average model that can be used for forecasting.
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Abstract. Weapon system operational readiness is a critical requirement to ensure the combat
readiness in order to guarantee the state defense sustainability time by time. Weapon systems
are only operated by the military and their readiness are programmed every year based on some
factors such as the amount of the allocated budget, the weapon system strength, and its
circulation. Usually, the weapon system readiness is programmed based on the planner’s
experiences that are inherited from time to time. In this research, we proposed a simple
approach by using statistical-based machine learning method called linear regression for
helping the planner to predict the weapon system operational readiness faced to its affecting
factors such as scheduled and unscheduled maintenance. We used a dataset from a randomized
primary data for 5 years from year 2016 to year 2020 to predict year 2021. To ensure the
performance of the model, two measurements are used namely, Mean Absolute Percentage
Error (MAPE) to measure its accuracy and goodness, and R-squared (R2) to measure the ability
of the independent variables, the weapon system circulation, influences the dependent variable,
the weapon system readiness. From the measurement results, the models, in general, are able to
achieve MAPE as much as 1.99% that has interpretation as very accurate prediction with the
accuracy of 98.02%. On the other hand, the system is able to achieve R2 as much as 84.15%
that means the combination of the independent variables altogether have given a strong
influence to the dependent variable. The higher the value of R2 the better the model is. Our
research conclude that linear regression is the proper machine learning model for predicting the
weapon system operational readiness.

1. Introduction
Protecting the nation sovereignty whether on the land, on the sea, or in the air, is the primary task for
the nation armed forces of any country in the world. This task can only be done if the nation armed
forces is not only equipped with the weapon systems, but also the professional and competent
personnel who operated such systems. Each service in the armed forces has its own weapon systems
depending on the tasks and the domain under its authority and responsibility. Defending the nation
sovereignty requires the readiness of all services of the armed forces to be able to be deployed at a
quick time whether in the peace time or war time. Armed forces from different countries have their
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own definition on combat readiness, but they have the same essential matters, namely the condition
and the degree of preparedness that enable the ability of military forces to perform combat missions
assigned to them [1] [2] that is measured by tangible and intangible elements that include the quality
of training, manning or military personnel, and equipment as well as other related activities [2] [3].
The readiness of military equipment, especially weapon system plays a very important role to
support the military forces to carry out the assigned missions. Land weapon systems such as tank,
armored vehicles, and field artilleries are the main combat equipment for the Army. Sea and undersea
weapon systems such as surface combat ships and submarines as well as littoral patrol aircrafts are the
primary combat equipment for the Navy. Air weapon systems such as fighter aircrafts, lift aircrafts to
bring the troops from one point to another point, and combat helicopter are the main combat
equipment for the Air Force. The readiness of the weapon systems will increase the fighting spirit of
the military personnel. Therefore, their readiness have to be guaranteed time by time because a crisis
can emerge at any time in any place without warning.
In the view of Indonesian Air Force, the combat readiness was developed upon five elements,
namely military Personnel, Equipment, Maintenance, Training, and Safety (PEMTS) [4]. In the new
Indonesian Air Force Doctrine, the focus is shifted to operational readiness which is defined as the
condition of the ability of the unit that is ready to operate using combat power in an integrated and
effective manner (integrated between branches) and has been equipped with limited unit supplies for
assignments in a limited environment [5]. The construction of the operational readiness includes
organization, personnel, material, facility and service, system and method, and budget. Weapon
systems are under material aspect. The finding on the field showed that the operational readiness is
calculated based on the planner’s experiences that are inherited time by time, and does not use any
computation methods. In our research, we propose a simple approach using one of statistical-based
machine learning technique called linear regression to predict the weapon system readiness time by
time based on the number of the weapon system circulation. Therefore, we only use one independent
variable to produce the prediction to one dependent variable just to show that our proposed method
can work for this use-case.
In order to deliver an easy-to-understand presentation, this paper is arranged as follow. A brief
introduction regarding the aim of this paper has been already given in Section I. In Section II, we
deliver a brief on the combat readiness and the linear regression as well as how to measure the resulted
model. The use of the proposed model will be delivered in Section III. The paper is concluded in
Section IV with some concluding remarks and also ways forward to enhance the proposed method.
2. A Brief on the Relevant Theories
2.1. Combat Readiness, Weapon Readiness, and Its Measurement
As introduced in the previous section, combat readiness can be viewed from various perspectives that
depends on the inherent characteristics of each country’s armed forces. The combat readiness covers
all aspects that support the military forces in conducting missions, They can be said as tangible and
intangible aspect [2], or the core components [6] of the combat readiness. In view of tangible and
intangible aspects, there are tree important aspects, namely Capability, Morale, and Quality of Life.
Weapon systems as a part of combat readiness Capability subdomain called Firepower. On the other
hand, manning and equipment is the first list in the core components of the combat readiness. The
established readiness measurement system is the one developed by US Department of Defense (US
DoD) called Defense Readiness Reporting System (DRRS) [3] where each military unit in all services
of the Armed Forces has to report its readiness periodically. The report has to consist of four
categories, namely personnel, equipment on hand, supply/maintenance, and training [7].
It was a hard challenge to find the mathematical formulas to measure the combat readiness
especially the weapon system readiness. An approach using statistical inference was proposed to
measure the aircraft fleet readiness by taking account the maintenance process to determine the
mission readiness by using non-homogeneous Poisson process (NHPP) and the renewal process [8].
Another approach such as Analytical Hierarchy Process (AHP) and multi-criteria decision making also
has been proposed [2], and also an approach from Operation Research (OR) which is applied to a tank
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battalion [9] were also used but with different perspectives. The simple ones use two metrics called as
Mission Capable ( ) and Aircraft Capability ( ) as shown in (1) and (2) [3].
(1)
(2)
(

)

is the time that a weapons system is operating at a unit or location and
the time it is inactive, but still available to be operated by a unit, while
is the
total time that a unit possesses a weapons system. Differ from
,
calculation
is based on the total number of units in inventory including the ones that are under maintenance or
other conditions.
is sometimes is called as weapon system strength, that is, the total number of
weapon systems available in a unit no matter what the status is.
is a simple concept that is used in
our research. Predicting their availability in terms of weapon system readiness will give a clear and
better perspective in ensuring the performance logistics process as well as related resources [10] to
make them ready for operational as soon as possible or at the determined time.
The approach proposed by [8] is purely statistical inference, while [2] collected various methods
that can be used for measure the combat readiness which is more complex than just measuring the
readiness of weapon system. The technique proposed by [9] actually was applied to the army that is
different from the navy’s or the air force’s weapon system.
and
techniques [3] are just for
calculating the number of units that are operationally ready regardless of status. However, these two
very simple equations are not equipped with prediction capability. Therefore, we adopted some
terminologies such as
and
to our proposed method that is easy to
operate, especially by military personnel.
2.2. Linear Regression and The Model Measurement
Regression in a very simple definition is a mathematical way to measure the impact of one or more
variables to a single variable. The impact giver or impactor or predictor or explanatory is said as
independent variable, while the impact recipient or response or target is said as dependent variable. In
the context of regression analysis, the last term is the output of the analysis, that is the prediction or
the value that has to be understood. This value is depended on independent variable(s) that is thought
as the impactor [11]. One of simple methods in regression analysis is linear regression. The term
“linear” has made a limitation that the relation between the independent and dependent variables has
to be linear. It is a method that requires the straight-line relationship between those variables [12].
Linear regression formulas are simply shown in (3) or (4) where their used is depended on the deep of
the analysis needed.
(3)
(4)
where
is the slope or the regression coefficient, and
is a constant or the intercept,
while is the error between the actual data and the predicted one. The value of and can be
obtained through (5) and (6).
(∑ )(∑ ) (∑ )(∑
(∑ ) (∑ )
(∑ ) (∑ )(∑ )
(∑ ) (∑ )

)

(5)
(6)

345

A D W Sumari et al

Regression analysis can used to as a tool for delivering a description regarding the relationship
between variables, for making prediction, for coefficient estimation, and for controlling a system by
monitoring any change in its variables [13] [14]. Its use as a prediction method has put regression as
one of machine learning tool or it is called as statistical-based machine learning method. There are
many examples of machine learning algorithms that are built upon statistical method [15]. The
primary measurement of a prediction is its accuracy and the goodness of the model. For the prediction
resulted from a regression-based machine learning method, there are two measurement, namely Mean
Absolute Percentage Error (MAPE) and the squared of residual error called R-squared (R2) that are
shown in (7) and (8).
∑

|

|

( (∑ ) (∑ )(∑ ))
( (∑ ) (∑ ) )( (∑ ) (∑ ) )

(5)

(6)

where
is the actual value of at time , is the predicted value, and is the number of data. The
interpretation of MAPE is shown in Table 1, while for
value show how good the model relates the
predicted value and the predictor. If the value approaches 1, it shows that the model is able to show the
tight relationship between the two types of variable. Meaning that, the predictor has able to give better
prediction. As stated in [16] the perfect prediction is achieved when
. Therefore, the model
development is to obtain the one that is able to produce the highest estimated value for .
Table 1 MAPE interpretation adapted from [17].
MAPE Value

Interpretation

<10

Highly accurate prediction

10-20
20-50

Good prediction
Reasonable prediction

>50

Inaccurate prediction

3. Predicting the Weapon System Operational Readiness using The Proposed Model
3.1. Data Preparation
We did some preparations to ensure the validity of the data by using Statistical Product and Service
Solutions (SPSS) tool. For Normality test, the result is 0.200 that is higher than significance or
probability value that is 0.05. Meaning that the data is normally distributed as shown in Figure 1. It is
also shown in the histogram of the data whether for the Maintenance data or
data for 5 years as shown in Figure 2 and Figure 3. Another requirement is the linearity of the data that
can be measured by using P-P Plot as shown in Figure 4. It can be seen that the residual is scattered
following the linear line or they are normally distributed.
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Figure 1. The result of the Normality test.

Figure 2. The histogram of the
.

Figure 3. The
Maintenance Data.

histogram

of

the

Figure 4. The normal P-P plot.
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3.2. Data Processing
Performing this research needed a special effort because the data on weapon systems is not available
publicly. We were glad to have some military references such as [18] that give us an insight to create a
randomized data starting from 5 years back by using a free tool [19]. In this research, we use (2) as the
basis for predicting the weapon system operational readiness. We assumed that the weapon system is
the fighter aircrafts with
is 110. For our case, we made a slight adjustment to
variable in (2) by changing the metric from hours to units.
is the number of aircraft units that are ready for operational because they
are not under depot maintenance and we use this variable to represent the weapon system operational
readiness. The affecting factors of the weapon system operational readiness we used in this research
are scheduled and unscheduled maintenance, or just maintenance. So, we also created randomized
maintenance datasets from year 2016 to year 2020. We only show one randomized dataset, that is for
year 2017 in Table 2.

Table 2 The experiment datasets for year 2017.
Month
January
February
March
April
May
June
July
August
September
October
November
December

Maintenance (Unit)
4
3
3
2
1
2
4
2
1
3
4
2

(Unit)
90
92
94
100
105
98
90
96
105
92
87
100

3.3. Results and Discussions
We did the calculation to obtain the linear regression equations, all MAPEs, and all
to all datasets
from year 2016 to year 2020. The most accurate linear regression equation is obtained from 2017
model as follow, where it is able to achieve the lowest MAPE of 1.54%,
, and the highest
prediction accuracy of 98.46%.
(

Then

)( ) ( )(
( ) ( )

)

(

)
(

(
)

)(
( )

)

, and the results of the prediction for year 2020 are shown in Table 4.
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Table 3 The prediction results for year 2020 by using the most accurate prediction model.
Maintenance
(Unit)
January
4
February
3
March
2
April
1
May
1
June
4
July
1
August
2
September 3
October
2
November 1
December 1
Month

Actual

(Unit)

90
92
98
107
110
90
110
96
95
99
110
100

Predicted

(Unit)

89.32
94.46
99.61
104.76
104.76
89.32
104.76
99.61
94.46
99.61
104.76
104.76
MAPE

Percentage
Error (PE)
0.76%
2.68%
1.64%
2.10%
4.77%
0.76%
4.77%
3.76%
0.56%
0.62%
4.77%
4.76%
2.66%

3.4. The Model Accuracy and Goodness
To measure the performance of the models, we have collected all experiment results that are shown in
Table 5. From the resulted models from year 2016 to year 2019, it is clear that the most accurate
model is 2017 model with MAPE = 1.54%,
, and the accuracy of 98.46%. Overall, all
models have shown good performance in terms of the prediction accuracy that is 98.02% in average.
The last model is model year 2020 that will be used to predict the weapon system operational
readiness in year 2021 which the actual data has not been available yet.
Table 4 The summary of all experiment results.
Year
Model

Year to
Predict

2016
2017
2018
2019
2020

2017
2018
2019
2020
2021

Linear Regression Model

Average

MAPE
(%)

(%)

1.83
1.54
1.91
2.66

80.7
88.7
87.9
79.3

Prediction
Accuracy
(%)
98.17
98.46
98.09
97.34

1.99

84.15

98.02

We have already had two models to predict the weapon system operational readiness in 2021. The
results of the predictions are shown in Table 5. For this purpose, we have randomized the number of
units under maintenance as the basis for making the prediction. By observing the differences, the
prediction results of the two models have a very small discrepancy where the highest one is 1.79 in
month October. These results strengthen the results shown in Table 4 that all models are valid. They
all have MAPE below 10, meaning that their predictions are highly accurate, while the lowest value of
is 79.3 and the others are above 80. It means in general the independent variable has a strong
relation to the dependent variable. It is a proof that the models, whether the year 2020 model and the
most accurate prediction model, is a good model and proper to be used to this use-case.
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Table 5 The prediction results for year 2021 by using the year 2020 model and the most accurate
prediction model.
Predicted

Predicted
(Unit)
using the most accurate
prediction model
82.60

Month

Maintenance
(Unit)

January

5

(Unit)
using the year 2020
model
82.20

February

6

76.18

76.93

March

0.75

2

100.25

99.61

April

0.64

1

106.27

105.28

May

0.99

1

106.27

105.28

June

0.99

8

64.15

65.59

July

1.44

4

88.22

88.27

August

0.05

2

100.25

99.61

September

0.64

9

58.13

59.92

October

1.79

2

100.25

99.61

November

0.64

1

106.27

105.28

December

0.99

1

106.27

105.28

0.99

Differences
0.40

4. Concluding Remarks
4.1. Conclusions
Weapon system operational readiness that is represented by
is an important
element for any Armed Forces combat readiness. The findings in the field have shown that the number
of the weapon systems that have to be ready to be operated all the time is obtained based on the
planner’s past experiences that are inherited through generations. Through our research, we propose a
simple statistical-based machine learning method called linear regression to assist the planner to
calculate the most probable number of weapon systems units that can be ready to be operated all the
time. By using only one independent variable namely maintenance which the values are generated
randomly, the linear regression models in average are able to achieve very low MAPE, that is 1.99%
with high
that impact to very high accuracy, that is 98.02%. These results definitely
show that the resulted models, whether year 2020 model or the most accurate prediction model has
shown very good performance and suit to be applied to predict the weapon system operational
readiness.
4.2. Ways Forward
This research is just a start and we have next plans to perfect this model with the inclusion of other
affecting factors such as the budget, operational troubleshooting, and accidents. Another we plan to do
is to use other machine learning methods such as Support Vector Machine (SVM) and K-Nearest
Neighbor (KNN), and other regression method such as Support Vector Regressor (SVR) and Ridge
Regression as comparison as well as to confirm the results of Linear Regression we use in our
experiment.
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Abstract. Assessment of air pollutants and quality is an intricate task because of dynamic
nature, unpredictability and high inconsistency in space and time. In this study, a time series
moving average (MA) model is employed to estimate air pollutants (PM2.5, PM10, NO2, NOX,
O3, SO2 and CO) over the coalfield site of India. The estimated O 3 with Adj. R2 = 0.958 was
identified as the most accurate estimation followed by other estimated pollutants. Though,
results for the estimated PM2.5 (Adj. R2 = 0.950) and NO2 (Adj. R2 = 0.949) were found almost
similar to the results of O3 (Adj. R2 = 0.958). The estimated CO with Adj. R2 = 0.887 was
identified lower among all the estimated pollutants was also found very well. The existing
results of the study demonstrate that MA model permits us to precisely estimate daily basis
pollutant concentrations, for the different sites of India.

1. Introduction
Coal mining in India plays a huge part in the monetary development of the country; however, it
debases the environment and air quality. The different sources like drilling, blasting, coal handling
plants, losses from exposed overburden dumps, and workshops[1], loading and unloading exposed pit
faces[2], and road transport[3,4] etc. are the reasons of air pollution over coal mines. These
atmospheric pollutants decline air quality and eventually influence nearby environment [5-7]. Most of
the studies are mainly focused on SO2, NOx, HC, CO, CO2 and particulate matter (SPM, RSPM, etc.)
and almost for short duration[8,9]. Due to the significant importance of PM2.5, PM10, NO2, NOX, O3,
SO2 and CO in air pollution, we present daily MA time series model estimation over the Talcher coal
mine site of India. Current increase of India’s economy, transportation and industry with the
improvement of urbanization, environmental pollution issues have slowly become noticeable, but this
is contrary to people’s vision of seeking a high-quality life[10]. Therefore, aerosol studies over mining
regions are critical predominantly according to the climatic perspective. In the present study, the
moving average (MA) modeling approach has been adapted to estimate the different pollutants over
coal mining site of India. Air quality information takes into account the presentation of different
examinations, most normal is measurable ones, to discover general examples and conditions for
various time spans and connections between noticed air attributes. The traditional methods like PCA
(Principle Component Analysis) and factor investigation are significant measurable apparatuses
regularly utilized in ecological sciences revealed in a few exploration articles. Distinctive parametric
strategies generally utilized for times series examination and guaging, moving normal (MA) models is
one of them, referred to likewise as Box–Jenkins stochastic models [11].
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The principle benefits of the Box-Jenkins approach are [11,12]: (1) Its materialness for demonstrating
and anticipating for all intents and purposes any time series, which is fixed or can be diminished to
fixed through a differencing method; (ii) The ability to extract all the trends and serial correlations in
the data with a minimized sequence of white noise (shock) through inclusion in one general model
equation that gets to the basis of historical data development; (iii) The strategy has been fused into numerous standard programming bundles like SPSS, Statistica, R and numerous others (Comparison of
Statistical Packages 2013), which accelerates and works with the demonstrating system essentially.
Detriments of this strategy incorporates that Box–Jenkins models are exact, a recognizable proof assessment finding system should consistently be done. Likewise, for time series investigation, essentially extra 50–100 perceptions are required [11-12]. On a basic level, the cycles of air contamination
in the air are unequivocally administered by meteorology (e.g., see Jacobson 2005). Nonetheless, in
supposed univariate models, it is expected that the last convergence of air toxins in the climate is the
endproduct of all the mind boggling exchange of meteorology, science, transport, dissemination and
so on. Accordingly, the consolidated data of their impact on air toxin fixation is contained in the relating time series in a stochastic way. With this methodology estimations are rearranged and performed
just utilizing the time series of the contamination without unequivocal consideration of meteorological
or different estimations.
2. Methodology
The various pollutants (PM2.5, PM10, NO2, NOX, O3, SO2 and CO) data were collected from CPCB
website during (25 December 2016–25 May 2021) for the Talcher site of Odisha. Sample pretreatment
applied for example data set should be tested for stationary before modeling. In this respect, MA time
series model was applied to estimate daily basis air pollutants over Talcher coalmine region of India.
MA model is a widespread methodology for the modeling of univariate time series data. The
mathematical form of MA (1) model of order 1 is portrayed as following:
yt=c+εt+θ1εt−1
Where, c is the mean of the series, θ1 is the parameters of the model, the εt, εt−1 are white noise error
terms. For MA (1) model: -1<θ1<1. The auto correlation function with a significant autocorrelation at
lag 1 is an indicator of MA (1) model.
Sample pretreatment applied for example data set should be tested for stationary before modeling.
The selection of the models was performed based upon combined criteria: (1) Minimum BIC; (2)
Minimum RMSE; (3) Maximum R2; (4) Minimum significance. After the order determination and
parameter estimation, the applicability of the model established should be tested. In the event that the
model mistake is background noise, acquired model is qualified if not; the request re-assurance and
boundary re-assessment are required. Model outputs are compared with testing data using a statistical
measure of errors such as root mean square error (RMSE), Adj. R2, t-value, and standard error (SE) are
defined by equation 1 to 4.
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where n is the number of data points, ( ) is the tth measurement, and ̂( ) is its corresponding
prediction; k is no of independent regression excluding constant; mean 1 and mean 2 are the average
values of each of the sample sets; var1 and var2 are the variance of the sample sets; n1 and n2 are the
records in each sample set; is mean value of the sample and is standard deviation.
3. Results and discussion
PM2:5, also known as fine particles, and PM10; O3, SO2, NO2, NOX and CO are the other main
pollutants that affect the quality of the atmospheric environment. In addition, PM2:5 in the air can cause
great health risks to the human body and even affect the climate [13]. In this investigation MA model
was used for the estimation of these important air pollutants. Overall the estimated O3 was found as
Adj. R2 = 0.958 with RMSE = 2.799, the most accurate estimation. Though, results for the estimated
PM2.5 (Adj. R2 = 0.950; RMSE = 6.903) and NO2 (Adj. R2 = 0.949; RMSE = 2.246) were found almost
similar to the results of O3 (Adj. R2 = 0.958; RMSE = 2.799). The scattered plots for the estimation of
PM2.5, PM10, NO2, and NOX using MA model are shown in the Figure 1. The major concerns of
pollution during summer are coal-fired heating. In winter, especially in the residential regions, heating,
coal consumption increases significantly, and the local pollutant emission concentration increases.
Some of the biomass burning in winter, which is also one of the ‘‘culprits’’ that can cause regional
pollution in winter [14]. Increased exhaust emissions from traffic vehicles and unfavourable
meteorological conditions were also found an important cause of heavy pollution. The detailed
statistical analysis about the various estimated pollutants are described in Table 1. The scattered plots
for the estimation of SO2, O3 and CO using MA model are shown in the Figure 2.

Figure 1: Scattered plots for the estimation of PM2.5, PM10, NO2, and NOX using MA model.
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Table 1: The detailed statistical analysis about the various estimated pollutants.
Parameters
SN

Pollut
ants

Statistics

Intercept

Slope

Value

SE

t-value

p-value

Value

SE

t-value

p-value

No of
points

Adj.R2

RMSE

1

PM2.5

1.097

0.448

2.451

0.014

0.979

0.008

123.441

0.000

797

0.950

6.903

2

PM10

3.611

1.271

2.842

0.005

0.974

0.008

114.681

0.000

797

0.943

18.492

3

NO2

0.334

0.140

2.385

0.017

0.974

0.008

119.654

0.000

756

0.949

2.246

4

NOX

1.032

0.324

3.188

0.001

0.963

0.009

97.514

0.000

756

0.926

4.299

5

CO

0.090

0.020

4.431

1.062E-5

0.946

0.012

80.993

0.000

835

0.887

0.193

6

O3

0.383

0.169

2.266

0.024

0.979

0.007

137.194

0.000

820

0.958

2.799

7

SO2

0.980

0.248

3.948

8.571E-5

0.959

0.009

98.183

0.000

793

0.924

2.674

Figure 2: Scattered plots for the estimation of SO2, O3, and CO using MA model.
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The higher concentrations of aerosol optical depth (AOD) were experiential during the monsoon

season while lowest seasonal AOD values during post-monsoon seasons over the coal mining spot

[14]. The estimated CO (Adj. R2 = 0.887; RMSE = 0.193) was found lower among all the estimated
pollutants was also found very well. The estimated SO2 (Adj. R2 = 0.924; RMSE = 2.674) also
indicates the better estimation followed by other estimated pollutants. The confidence intervals at 95%
level were calculated to test the statistical significance using t-test and p-value (<0.05). At long last, an
estimated pollutants was determined which showed that the model assessment was quite well over the
Talcher region of India. Almost all the estimated results were found statistically significant at p<0.05.
4. Conclusion
In the present study, air pollutants estimation becomes a reliable tool to reduce the negative impact of
environmental pollution on health and to formulate more complete prevention policies. The MA time
series model was found appropriate for the air pollution assessment with high upsides of Adj. R2 and
lower RMSE esteems. The time series air pollutants estimation results using MA model are identified
significant to extrapolate the current time series for future prediction of pollutants loading over the
coal mining areas in India.
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Abstract. Education inequality in Indonesia tends to experience a downward trend which
indicates that the education distribution is more equally distributed from year to year. this
phenomenon should lead to a reduction in income inequality. However, income inequality in
Indonesia has increased compared to 9 years ago. This study intends to look at the human
capital inequality condition in provinces in Indonesia and analyze the effect of human capital
inequality on income inequality. The Gini coefficient concept is used to measure human capital
inequality and income inequality. The annual panel data covered 34 provinces in Indonesia
from 2015 – 2019. The analytical methods used dynamic panel data regression using the
Generalized Method of Moment (GMM) Arellano-Bond approach. The results indicate income
inequality with a lag of 1 year, literacy rate, and trade openness have a negative and significant
effect on income inequality. Furthermore, the human capital inequality and the average years
of schooling have a positive and significant effect on income inequality. So, to reduce income
inequality, policymakers are advised to minimize human capital inequality, especially in the
education sector by paying attention to conditions in priority provinces.

1. Introduction
Two major problems are generally faced by developing countries, namely inequality in income
distribution between high-income groups and low-income groups and the level of poverty [1]. The
existence of high-income inequality will affect sustainable economic growth and then will result in
economic and financial instability which will hinder investment [2]. The effects of income inequality
are far more dangerous in developing countries. With low income, a high level of income disparity
will result in poverty, low education, malnutrition, and market inefficiency [3].
World Bank proves the role of human capital through the average length of education is one of the
most important variables to reduce income inequality, especially in the 21st century [4]. However, a
country's economic performance should not depend on the average level of human capital alone
because human capital assets are not freely traded in the market. The equitable distribution of human
capital in the country is also important in analyzing the country's economic performance and reducing
income inequality. The indicator to measure the distribution of education that reflects the equitable
distribution of human capital in an area is the education Gini index [4].
Indonesia ranks sixth as the country with the worst income inequality in the world [5]. Based on
BPS data, income inequality in Indonesia shows a relatively increasing number from 2010 of 0.378 to
0.38 in 2019. In the last ten years, Indonesia's Gini coefficient has reached more than 0.36. The Gini
coefficient of countries experiencing moderate inequality is between 0.36 – 0.49 [6]. This indicates
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that in the last ten years there has been a fairly high inequality between the population so that
appropriate handling is needed to overcome it.
In Indonesia, increasing human capital is based on development efforts in education. The scope of
compulsory education was expanded at the beginning of Repelita VI to 9 years of compulsory
education. With this program, it is hoped that within 10 years almost all residents aged around 7-15
years will follow the basic education level. Meanwhile, in 2019 the government compiled the 20202024 RPJMN where one of the policy directions is to increase the distribution of quality education
services. By implementing this policy, it is hoped that in the future it can reduce the level of education
inequality in Indonesia.
According to the United Nations Development Program [7], Indonesia is one of the countries with
the third-highest educational inequality in Southeast Asia, after Laos and Cambodia. Nevertheless,
education inequality in Indonesia tends to experience a downward trend. This illustrates that in the last
10 years the distribution of human capital in Indonesia has improved. This reduction in human capital
inequality should lead to a reduction in income inequality in Indonesia. However, the fact is that
income inequality in Indonesia has increased compared to 10 years ago. Therefore, the decrease in
human capital inequality has not been able to reduce income inequality in Indonesia.
Theoretically, human capital inequality and income inequality have a positive relationship [8, 9].
The more unequal human capital is, the higher the level of income inequality will be. However, from
the results of previous studies, it is proven that there are different results regarding the effect of human
capital inequality on income inequality where previous researchers used different measurements to
measure indicators of human capital inequality. In addition, empirically, many studies have examined
the effect of human capital inequality on income inequality with mixed results using various
measurements such as the standard deviation of the average years of education, the Gini coefficient,
and Theil's Index in measuring human capital inequality.
Mahmood et al and Lee et al [10, 24] prove that the inequality of human capital has a positive and
significant effect on income inequality where the Gini coefficient of education is used to measure the
inequality of human capital. In another study, Pose and Tselios [11] have conducted a study on the
relationship between education inequality and income inequality. The Theil index was used in the
study to measure income inequality and education inequality and examine the relationship between the
two in the European Union. The results show that higher inequality in human capital will lead to
greater inequality in income.
Ram and Digdowiseiso found that human capital inequality had no significant effect on income
inequality where they used the standard deviation to measure human capital inequality [12,13,14].
Ram uses the standard deviation of schools to measure educational inequality. Chani, et al [15] used
the Gini coefficient of education to measure inequality in human capital and found that inequality in
human capital had no significant effect on income inequality. Chiswick conducted a study on
Earnings Inequality and Economic Development where the results of his research found that there was
a positive correlation between education inequality and income inequality [18]. Gregorio and Lee's
[19] research on Education and Income Inequality: New Evidence from Cross-Country Data where
their findings show that education factors (higher education levels and more equitable distribution of
education) play an important role in making income distribution more equitable. Both Chiswick and
Gregorio and Lee use the standard deviation of the mean years of education to measure educational
inequality.
Park conducted a study on Educational Expansion and Educational Inequality on Income
Distribution where the results showed that the education inequality variable not only did not
significantly affect income inequality but the coefficient of educational inequality also showed the
opposite direction to conventional human capital theory [20]. Park uses the standard deviation of
schools to measure educational inequality.
In Indonesia, studies on the effect of human capital inequality on income inequality have been
carried out by Whardana et al and Lutfiani et al. Wardhana use income inequality, education
inequality, economic growth per capita, level of urbanization, government spending on education, lag
-1 income inequality, and lag -1 education inequality by using the 2SLS (two-stage least square)
method with fixed effects. In addition, Luthfiani uses income inequality variables, GRDP-ADHK, the
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total realization of APBD expenditures, and education inequality by using the FGLS-SUR estimation
method analysis method with a fixed-effect model [35, 36]. Meanwhile, in this study, the variable used
is income inequality, human capital inequality, income inequality with a lag of 1 year, GRDP per
capita, literacy rate, and trade openness analyzed by the Generalized Method of Moment (GMM)
Arellano-Bond approach.
Based on this, it is necessary to further investigate how the actual influence of human capital
inequality on income inequality. The purpose of this study is to describe human capital inequality in
all provinces in Indonesia and to analyze the effect of human capital inequality on income inequality
in Indonesia. To measure the inequality of human capital and income inequality, the Gini coefficient
concept is used as a consistent measurement in this study. To describe the distribution of education,
the Gini of human capital is a good, consistent, and appropriate measure compared to other measures
[16, 17].
2. Methodology
2.1. Income Inequality
Income inequality is the existence of differences in income received or generated by the community,
resulting in an uneven distribution of national income among the community [22]. While income
inequality according to Baldwin is the difference in prosperity in the economy between the rich and
the poor [23]. To assess the severity of the inequality of income distribution can be measured through
several benchmarks. Two of the most common and commonly used in measuring the problem of
inequality in income distribution are Lorenz Curve and Gini Coefficient [24].

% Cumulative Income

2.1.1. Lorenz Curve
The Lorenz curve illustrates the relationship between population and income distribution. The
horizontal axis depicts the population, which is represented not in numbers but terms of a cumulative
percentage. The vertical axis shows the total income received by each percentage of the population,
which is explained not only in numbers but also cumulative form up to 100 percent. There is a
diagonal line drawn through the origin to the upper right corner of the square. Each point on the
diagonal line shows the percentage of income received. The diagonal line is commonly referred to as a
perfect equalization line because it shows the distribution of income in a state of perfect equality. If
the diagonal lines in the Lorenz Curve are further apart, the higher the level of inequality or inequality.

% Cumulative Population
Figure 1. Lorenz Curve.
2.1.2. Gini coefficient
To analyze the inequality of income distribution, it can be measured using the Gini coefficient, where
the number ranges from 0-1 which is used as a measure of the aggregate inequality of a region. The
Gini coefficient is the result quantification of the Lorenz Curve Concept [22]. From Figure 1 it can be
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seen that the Gini coefficient is the ratio between the area of the shaded A field and the area of the
triangle BCD. From this description, it can be said that if income is perfectly evenly distributed, then
all points will lie on a diagonal line. That is, the shaded area will be zero because the area is the same
as the diagonal line. Thus, the coefficient number is equal to zero. On the other hand, if only one party
receives all of the income, then the area of the shaded area will be equal to the area of the triangle, so
the Gini coefficient is one. Therefore, it can be concluded that income distribution is said to be more
even if the Gini coefficient value is close to zero, while the more uneven an income distribution is, the
Gini coefficient value is getting closer to one.
2.2. Human Capital Inequality
The concept of human capital according to the modern view was pioneered by Schultz and Becker. In
its development, the concept of human capital can be explained as the ability or capacity either from
birth or descent or collection formed during productive working-age followed by other forms of
capital or inputs aimed at achieving economic stability [27]. Fuete and Ciccone in the Dae-Bong
mention that another definition (about Human Capital) emphasizes knowledge and skills through
education, especially formal education (including vocational education) [37]. Human capital is
generally defined as the accumulation of education, including knowledge and skills accumulated
through formal education, training, courses, and experience.
The basic assumption of the human capital theory is that a person can increase his income through
increased education [25]. Each additional year of schooling means, on the one hand, increasing one's
employability and income level, but on the other hand, delaying the receipt of income for one year in
attending the school. Castelló and Doménec calculate the inequality of human capital using the Gini
coefficient [17]. The Gini coefficient was chosen because the Gini coefficient is a measure that is
often used to compare international income distributions. The formula for the Gini coefficient of
human capital is as follows [16]:
∑∑

where:
Gh
pi and pj
yi and yj
n

: Gini coefficient of human capital (Education Gini)
: average schooling of the population concerned
: The proportion of the population with a definite level of school achievement
: years of schooling at different levels of educational attainment
: number of school achievement categories in the data

Equation (1) above can be expanded to:

where:

p1: proportion of the population not in school
p2: proportion of the population who did not finish elementary school (SD)
p3: proportion of population graduated from elementary school (SD)
p4: proportion of population graduated from junior high school (SMP)
p5: proportion of population graduated from Senior high school (SMA)
p6: proportion of population graduated from university
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While the formula for calculating years of schooling at the 6 levels of education is:
Illiteracy
: y1 = 0 years
Did not finish elementary school
: y2 = y1 + 0,5SD = 3 years
Graduated from elementary school : y3 = y1 + SD = 6 years
Graduated from Junior High school : y4 = y3 + SMP = 9 years
Graduated from Senior High school : y5 = y4 + SMA = 12 years
Graduated from university
: y6 = y5 + university = 15 years
where:

SD: years of elementary school education (SD) = 6 years
SMP: years of junior high school education = 3 years
SMA: years of senior high school education = 3 years
University: years of university education = 3 years

To calculate the year of school education at the university is done in 3 ways, the average measure,
the average squared, and the average harmonic. All three give almost the same results around 3.01 to
3.2 so that they are rounded up to 3 years [26]. Meanwhile, the formula for the Average Year of
Schooling is:
∑

2.3. Human Capital Inequality and Income Inequality
Theoretically, some literature explained how the path of the effect of human capital inequality on
income inequality. The first path is through the rate of return on human capital investment based on
capabilities and income distribution theory. According to Becker [27], the distribution of income must
be equal to the distribution of abilities if everyone invests the same amount of human capital. If
abilities are distributed evenly, income will be the same. However, because there are people who have
skills who will tend to invest more human capital than other people, income tends to be uneven.
Another pathway is based on a study by Shultz where changes in investment in human capital are a
basic factor in reducing inequality in the distribution of personal income. A faster increase in human
capital compared to a conventional relative increase (physical) will cause income to be distributed
more unequally In addition, Fields (1980) implies a partial positive relationship between the average
school level and income inequality, so it can be said that human capital inequality and income
inequality have a positive relationship.
This study uses the model from Mahmood and Noor [28] with some modifications to estimate the
effect of human capital inequality on income inequality. Where in this study did not include the initial
income Gini variable and the globalization index. However, the literacy rate variable was added. The
specifications of the empirical model are as follows:

where:
GINI : Gini coefficient for income inequality
Gh
: Inequality of human capital
AYS : Average Year of Schooling
LR
: Literacy rate
GRDP : Gross Regional Domestic Product per capita
GRDP2 : Gross Regional Domestic Product per capita squared
TO
: Trade openness
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2.4. Data and Method Estimation
This study uses annual panel data covering 34 provinces in Indonesia years 2015 – 2019. This study
uses secondary data obtained from the Central Statistics Agency of the Republic of Indonesia (BPS).
This study uses several main variables and control variables as controls for omitted variables. The
dependent variable in this study is income inequality which is represented by the Gini coefficient
value. The independent variable is the human capital inequality which is calculated based on the Gini
coefficient formula of human capital. Then the second independent variable that describes the
condition of education is the average years of schooling. For the control variable used, the first is the
literacy rate where there are empirical studies that prove that the literacy rate has a negative and
significant effect on income inequality [29]. The next control variable is GRDP per capita and GRDP
per capita squared. Previous research has shown that income per capita has a positive and significant
effect on income inequality [11, 19, 30]. The last control variable is trade openness which is the ratio
of exports and imports to GDP. Trade openness also has a positive and significant effect on income
inequality [21, 28].
The analytical method used is descriptive analysis and also inferential analysis. Descriptive
analysis was carried out using maps to describe human capital inequality in all provinces in Indonesia.
Meanwhile, the inferential analysis used to estimate the effect of human capital inequality on income
inequality in Indonesia is dynamic panel data regression using the Generalized Method of Moment
(GMM) Arellano-Bond approach.
GMM is a general estimation method (generalization) to overcome the shortcomings of other
estimation methods. GMM only requires a few assumptions about the so-called moment conditions so
that GMM is much more flexible than other estimation methods. Moment condition is a statement that
involves data and parameters. This study uses the GMM method because GMM allows controlling for
effects that are not observed by the first difference data and control for the potential endogeneity of all
explanatory and control variables for the simultaneity bias caused by the possibility that some
explanatory variables may be endogenous. This is because several authors have found that inequalities
in human capital, average years of schooling, and trade openness are assumed to be endogenous. To
overcome the possible simultaneous bias of the explanatory variables and the correlation between
(
) and (
+
), Arellano and Bond proposed the lagged level of
regressors be used as an instrument [31]. This becomes valid with the assumption that the error term is
not serially correlated and the lag of the explanatory variable is weakly exogenous. The stages for
analysis using the GMM method are as follows:
2.4.1. Parameter Significance Test
Parameter significance testing is used to determine whether there is a relationship in the model. Wald's
test is used as a test of the significance of the model simultaneously (simultaneously) in the equation.
Hypotheses and Wald test statistics on the equation [31]:
: There is at least one

(There is no significant coefficient on the model)
≠ 0, j =1, 2,…p (There is at least one significant coefficient on the model).
̂̃

̂

Where:
K: number of independent variables
The decision is that
( 2) or p-value < α.

is rejected if the value of the w test statistic is greater than the Chi-square table

Furthermore, the Z test was used as a partial model significance test because of the large number of
observations. Hypothesis and Z test statistics:
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̂
̂
The decision is that

is rejected if the Z value is greater than the Z table or the p-value < α.

2.4.2. Model Specification Test
The model specification test used is the Arellano-Bond test (consistency test) and the Sargan test
(instrument validity test) as follows [31]:
Arellano-Bond test
The Arellano-Bond test is used to test the consistency of the estimates obtained from the GMM
process. Arellano and Bond's test hypotheses are as follows:
̂

̂
̂

Where:
̂

∑
̂

̂

The decision is that
is rejected if Z value > Z table. This means that the consistency of GMM is
indicated by a statistically insignificant value (failed to reject H0) [2]. This shows there is
autocorrelation in the first difference residual ith orde and vice versa.
Sargan Test
To find out the results of the validity of the use of instrument variables whose number exceeds the
number of estimated parameters (overidentifying restriction conditions), this study uses the Sargan
Test. Sargan test hypothesis and test statistics:
̂

(∑

̂ ̂

)

̂

Where:
̂
The decision is that
is rejected if the value of the S test statistic is greater than the chi-square table
( 2) or the p-value < α. This shows the condition of overidentifying restriction in the estimation model
is invalid and vice versa.
2.4.3. Classic assumption test
In the dynamic panel data model of the Arellano Bond estimation of GMM, the assumptions that must
be met are that the residuals must be non-autocorrelation (independent), heteroscedasticity (identical),
and normally distributed. Identical criteria were tested with the Arellano Bond test such as equation
(7), where the results of the first-order 2nd difference should not have autocorrelation problems. This
is explained by the acceptance condition of H0 (no autocorrelation occurs in the residuals) or p-value >
0.05. Residual criteria are heteroscedastic tested by Sargan test with equation (8). Residual is
heteroscedastic when p-value > 0.05. For the normality test, this study used the Shapiro-Wilk test (see
appendix D).
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3. Results and Discussion
3.1. Human Capital Inequality in Indonesia
The main focus of the current Government of Indonesia's Nawa Cita is to improve the quality of
human capital. Many programs have been launched which aim to improve the education and welfare
of the Indonesian people. For more than a decade, Indonesia has been trying to improve its education
system by allocating 20% of the state budget to education. In 2019 the Indonesian government
allocated a budget of 492.5 trillion rupiahs for the education sector. However, the large amount of
funds disbursed for the education sector does not guarantee even distribution and quality of human
capital in Indonesia. This can be seen from the picture below where there is still quite large inequality
in several provinces in Indonesia.
Oshima [32] divides the level of inequality into three criteria, namely low inequality if the Gini
index is less than 0.3; moderate inequality if the Gini index is between 0.3 to 0.4, and high inequality
if the Gini index is more than 0.4. Based on this, in this study, the provinces in Indonesia are divided
into three categories, namely provinces with low human capital inequality, provinces with moderate
human capital inequality, and provinces with high human capital inequality. From Figure 2, it can be
seen that the position of inequality in human capital in each province in Indonesia can be seen. Papua
is included in the category of provinces with high human capital inequality. This indicates that
although the development and expansion of education participation to increase human capital in Papua
continues to be carried out, it has not been able to show significant results inequitable distribution of
human capital. This is supported by the fact that the average years of schooling in Papua is the lowest
in Indonesia. In addition, the percentage of the illiterate population in Papua reaches 22 percent. This
figure is very far when compared to the achievements of other provinces where the average percentage
of the illiterate population in provinces other than Papua is only 3.13 percent. Economic conditions,
culture, and geographical accessibility are limitations for many children in Papua to even get a basic
education. Therefore, providing comprehensive access and equitable distribution of education in
Papua is a major challenge for the government. So, the government should make extra efforts to create
policy programs that can effectively reduce the inequality of human capital by taking into account
conditions in Papua that may hinder the achievement of the objectives of the program.

Figure 2. Human Capital Inequality in Indonesia in 2019.
Furthermore, the provinces of East Java, West Kalimantan, South Sulawesi, West Sulawesi, West
Nusa Tenggara, and East Nusa Tenggara are included in the category of provinces with moderate
human capital inequality. This is supported by the fact that these provinces are the provinces with the
highest percentage of illiteracy rates after Papua. The percentage of the illiterate population in West
Nusa Tenggara Province is 12.41 percent, East Java is 7.68 percent, South Sulawesi is 7.55 percent,
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West Kalimantan is 6.79 percent, East Nusa Tenggara is 6.76 percent, and Sulawesi is West by 6.41
percent. Therefore, the government needs to develop programs to increase equity in these provinces by
taking into account the different conditions in each of these provinces, considering that some
provinces are Eastern Indonesia Regions where the conditions are certainly not the same as provinces
which are Western Indonesia Regions. So that in the future it is hoped that these provinces will be able
to enter the category of provinces with low human capital inequality.
Meanwhile, in addition to the provinces mentioned above, these provinces are included in the
category of provinces with low human capital inequality. This indicates that the programs
implemented by the government so far have been quite effective in creating an equal distribution of
human capital in these provinces. However, even so, the government must not be negligent and must
continue to innovate new programs so that equity in these provinces is not only maintained but also
improved.
3.2. Effect of Human Capital Inequality on Income Inequality
The estimation used in this study uses the GMM Arellano-Bond two-step estimator. Testing the
significance of the parameters simultaneously using the Wald test results that the p-value is 0.000. So,
the decision is to reject
which indicates that there is at least one significant coefficient on the
model. Next, do a partial parameter significance test where the results can be seen in Table 1.
Table 1. Parameter Significance Test Results.
Variable
lnGINI(-1)
lnGh
lnAYS
lnLR
lnGRDP
lnGRDP2
lnTO
Wald test
Eviews 10.0 output

Coefficient

Z

-0.577306
1.153198
1.221721
-4.875950
-2.727806
0.591164
-0.116271

-1.799073
3.656649
2.806816
-2.717879
-0.961461
0.838337
-2.056388

P-Value
0.0770
0.0005
0.0067
0.0085
0.3401
0.4051
0.0440
0.0000

Based on Table 1, it can be seen that income inequality with a lag of 1 year has a p-value of
0.0770. This shows that income inequality with a lag of 1 year has a significant effect on the model of
10 percent. Furthermore, the p-value of human capital inequality is 0.0005, the average years of
schooling is 0.0067, the literacy rate is 0.0085, and trade openness is 0.0440. This indicates that the
variables of human capital inequality, the average years of schooling, literacy rate, and trade openness
have a significant effect on the model with an of 5 percent. Meanwhile, GRDP per capita has a p-value
of 0.3401, and GRDP per capita squared has a p-value of 0.4051 which indicates that the two variables
have no significant effect on the model.
After testing the significance of the parameters, the next step is to measure the criteria for the best
model. The dynamic panel method with the Arellano-Bond GMM approach can be said to be good if it
meets the criteria for consistency and instrument validity. The results of testing the criteria for the best
model can be seen in Table 2.
Table 2. Model Specification Test Results
Arellano-Bond Test Statistical Values
-0.732658

P-Value
0.4638

Sargan Test Statistical Values

P-Value

3.455672

0.8399

Eviews 10.0 output
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Based on Table 2, it can be seen that the dynamic panel method with the Arellano-Bond GMM
approach has met the criteria for the best statistical model, namely consistency and the instrument
variables used are valid. The Arellano-Bond (AB) results show a p-value of 0.4638 using 5 percent, so
the decision is failed to reject H0. Therefore, the estimate can be said to be consistent and there is no
autocorrelation in the second-order first difference error. The test that is no less important is to see
whether the dynamic panel model used is valid or not. Whether or not the dynamic panel model is
valid can be seen from the probability of the Sargan test. Sargan's estimation results show a p-value of
0.8399 with an of 5 percent, so the decision is failed to reject H0. Therefore, there is no correlation
between residuals and over-identifying restrictions or the instrument variables used are more than the
number of predicted parameters. The conclusion is that the dynamic panel model used in this study is
valid so that the dynamic panel model is appropriate to use.
3.3. Discussion
Income inequality with a lag of 1 year has a negative and significant effect on income inequality. The
coefficient value of income inequality with a lag of 1 year is -0.577306. This means that if there is an
increase in income inequality in the previous year by 1 percent, the impact will reduce current income
inequality by 0.577306 percent (ceteris paribus), and vice versa. The results of this study are in line
with the results of research from Agussalim and Pohan [33] which states that income inequality in the
first lag has a negative effect on income inequality.
Human capital inequality has a positive and significant effect on income inequality. The value
of the coefficient of human capital inequality is 1.153198, meaning that if the inequality of human
capital decreases by 1 percent, it will result in a decrease in income inequality by 1.153198 percent
(ceteris paribus), and vice versa. This is in line with the results of research from Pose and Tselios; and
Mahmood and Noor [11, 28]. Research results from Pose and Tselios show that there is a positive and
strong relationship between human capital inequality and income inequality. Mahmood and Noor
(2015) conclude that human capital inequality has a positive relationship to income inequality in the
world and developing countries. Therefore, the government needs to pay attention to investment in
human capital and the distribution of human capital because it has the potential to reduce income
inequality.
Furthermore, income inequality is positively and significantly affected by the average years of
schooling. The coefficient value of the average years of schooling is 1.221721. The coefficient value
of the average years of schooling is 1.221721, which means that if there is a decrease in the average
years of schooling by 1 percent, income inequality will decrease by 1.221721 percent (ceteris paribus),
and vice versa. The literacy rate has a negative and significant effect on income inequality with a
coefficient value of -4.875950. This means that if the literacy rate increases by 1 percent, income
inequality will decrease by 4.875950 percent (ceteris paribus), and vice versa.
Then, trade openness has a negative and significant effect on income inequality. The value of
the trade openness coefficient is -0.116271, which means that if trade openness increases by 1 percent,
the impact will reduce income inequality by 0.116271 percent (ceteris paribus), and vice versa. The
results of this study are in line with several previous studies. Empirical evidence from research
conducted by Daumal shows that trade openness has a negative impact on inequality in Brazil [34].
Meanwhile, GRDP per capita and GRDP per capita squared have no significant effect on
income inequality. This is in line with the results of research from Mahmood and Noor (2015).
Research conducted by Mahmood and Noor has 3 scopes, namely the world, developed countries, and
developing countries where the results show that GDP per capita and GDP squared do not
significantly affect income inequality in developed and developing countries [28].
4. Conclusion
Several conclusions can be drawn from the findings of this study. First, the province with a high level
of human capital inequality is Papua. Meanwhile, the provinces of East Java, West Kalimantan, South
Sulawesi, West Sulawesi, West Nusa Tenggara, and East Nusa Tenggara are included in the category
of provinces with moderate human capital inequality. Furthermore, Provinces other than those
mentioned above are included in the category of provinces with low human capital inequality. The

367

H M Aqil and D Wahyuniati

second conclusion, income inequality with a lag of 1 year, literacy rate, and trade openness have a
negative and significant effect on income inequality. Furthermore, the inequality of human capital and
the average years of schooling has a positive and significant effect on income inequality. Meanwhile,
GRDP per capita and GRDP per capita squared have no significant effect on income inequality.
Based on the explanation that has been given, it can be concluded that human capital inequality is
an indicator that should be taken into account to reduce income inequality in Indonesia. This is
supported by the trend of decreasing inequality in human capital, which is represented by the number
of educational inequality and the trend of increasing the average years of schooling of the population
aged 15 years and over in the last 9 years. Therefore, it is hoped that with a sufficiently large
allocation of funds from the APBN, the government can develop programs that can effectively support
the increase in human capital, especially in provinces with high and moderate inequality while taking
into account the different conditions in each province. Meanwhile, for provinces with low inequality,
the government should make new program innovations so that equity in these provinces is not only
maintained but also improved. In addition, at the time of implementation, these government programs
must be monitored and evaluated so that the results can be as expected.
Efforts that can be made by policymakers are to equalize educational facilities and infrastructure,
especially in Papua. In addition, the availability of teaching staff is also very important. Free school
fees for all are indeed important, but no less important is the provision of free teaching and learning
support tools, such as stationery, uniforms, and so on. Supervision of programs related to educational
equality must also be carried out strictly, considering that the more difficult it is to access a monitoring
area, the more difficult it will be.
The weakness of this research is that this research only looks at human capital from the education
side. Meanwhile, other indicators can represent human capital, such as health. Therefore, for further
research, other indicators that represent human capital, such as health, can be used so that later they
can see the effect of inequality in human capital represented by health inequality on income inequality.
It needs to be investigated again whether if using other indicators, the results will be the same as this
study and other previous studies.
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6. Appendices
Appendix A. Model Estimation
Dependent Variable: LNGINI
Method: Panel Generalized Method of Moments
Transformation: First Differences
Date: 08/22/21 Time: 17:03
Sample (adjusted): 2018 2019
Periods included: 2
Cross-sections included: 34
Total panel (balanced) observations: 68
White period-instrument weighting matrix
White period standard errors & covariance (no d.f. correction)
Convergence achieved after 12 weight iterations
Instrument specification: @DYN(LNGINI,-2) LNGRDP2(-1) LNTO(-1)
LNGRDP(-1) LNGH(-1) LNGH(-2) LNGRDP2(-2) LNGRDP(-2) LNLR(
-2) LNTO(-2)
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Constant added to instrument list
Variable

Coefficient

Std. Error

t-Statistic

Prob.

LNGINI(-1)
LNGH
LNAYS
LNLR
LNGRDP
LNGRDP2
LNTO

-0.577306
1.153198
1.221721
-4.875950
-2.727806
0.591164
-0.116271

0.320891
0.315370
0.435269
1.794028
2.837145
0.705163
0.056542

-1.799073
3.656649
2.806816
-2.717879
-0.961461
0.838337
-2.056388

0.0770
0.0005
0.0067
0.0085
0.3401
0.4051
0.0440

Effects Specification
Cross-section fixed (first differences)
Mean dependent var
S.E. of regression
J-statistic
Prob(J-statistic)

-0.012891
0.043842
3.455672
0.839898

S.D. dependent var
Sum squared resid
Instrument rank

0.030527
0.117252
14

Appendix B. Sargan Test
Dependent Variable: LNGINI
Method: Panel Generalized Method of Moments
Transformation: First Differences
Date: 08/22/21 Time: 17:03
Sample (adjusted): 2018 2019
Periods included: 2
Cross-sections included: 34
Total panel (balanced) observations: 68
White period instrument weighting matrix
White period standard errors & covariance (no d.f. correction)
Convergence achieved after 12 weight iterations
Instrument specification: @DYN(LNGINI,-2) LNGRDP2(-1) LNTO(-1)
LNGRDP(-1) LNGH(-1) LNGH(-2) LNGRDP2(-2) LNGRDP(-2) LNLR(
-2) LNTO(-2)
Effects Specification
Cross-section fixed (first differences)
Mean dependent var
S.E. of regression
J-statistic
Prob(J-statistic)

-0.012891
0.043842
3.455672
0.839898

S.D. dependent var
Sum squared resid
Instrument rank

0.030527
0.117252
14

Appendix C. Arellano-Bond Test
Test order
AR(2)

m-Statistic
-0.732658

rho

SE(rho)

Prob.

-0.006428

0.008773

0.4638

*Standard errors could not be computed. Try different covariance matrix options
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Appendix D. Classic assumptions testing

Normality Test

Normality Test
Date: 10/06/21 Time: 13:10
Sample: 2015 2019
Included observations: 170
Test

Statistic

Prob.

Shapiro-Wilk
Shapiro-Francia

0.975409
0.971167

0.197963
0.104784
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Abstract. The development of real Gross Domestic Regional Product (GDRP) 2010 of all
cities in Kanti region increased during 2003-2018. However, when viewed the growth rate in
aggregate, it slowed during the period 2010-2018. One of the causes is the shift of large and
medium-size industry (LMI) agglomeration from Kanti region to Kangga region. This study
aims to find out the location and the dynamics of the shift of LMI agglomeration using the
Hoover-Balassa index that is presented through thematic maps. In addition, the study also
analyses the effect of the shift of LMI agglomeration and other factors on economic growth in
Kanti region using the regression analysis of panel data. The individual units used are five
administrative cities in the Kanti region with annual units from 2003 to 2018. Fixed effect
model with seemingly unrelated regression (FEM-SUR) is used to estimate the parameters of
the economic growth model in Kanti region. The results showed that Kanti region was
agglomerated in North Jakarta and East Jakarta. Labor-intensive potential factor has a negative
and significant effect, while the labor productivity of LMI and domestic investment has a
positive and significant effect on economic growth in Kanti region. North Jakarta is an area
that despite the shift of LMI agglomeration but still able to increase its economic growth, while
East Jakarta has decreased. So, the Provincial Government of Jakarta need to adapt the
implementation of LMI agglomeration in North Jakarta to encourage economic growth in East
Jakarta and West Jakarta in accordance with regional spatial planning for industry.

1. Introduction
The direction of Indonesia’s development has undergone a transformation of the economic structure
that initially depended on the agricultural sector and then replaced by the manufacturing industry
sector. This is evidenced by the contribution of the manufacturing industry sector to Gross Domestic
Product (GDP) which has exceeded the contribution of the agricultural sector. Based on the current
years, detailed portraits from 2010 to 2018 of the five sectors with the highest GDP value by business
field (sectoral) are presented in Figure 1 (Statistics Indonesia, 2020).
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Figure 1. The Real GDP 2010 by Sectoral, 2010-2018.
Based on Figure 1, it can be seen that during the period 2010-2018 the manufacturing industry
sector contributed the most to GDP. While the agriculture sector is below it and became the third
highest sector in its contribution to GDP. Arsyad in [1] explained that the manufacturing industry
sector has a very important role in an economy and is believed to be able to be a leader for other
sectors. This is seen in Figure 1, the development of the manufacturing industry sector can lift the
development of other sectors such as the trade sector (code G), agriculture sector (code A) and
construction sector (code F). As an implication, these three sectors have a tendency to use more output
of the manufacturing industry sector as a supply of raw materials in their production activities.
The problem of industrialization process raises spatial concentration in certain areas only,
especially in economic activities and labor absorption. Sulastri in [2] found that the level of industrial
concentration in the Western Region of Indonesia (Kawasan Barat Indonesia – KBI) is higher than in
the Eastern Region of Indonesia (Kawasan Timur Indonesia – KTI). This research also led to the focus
of industrial activities in Indonesia concentrated in Java Island. Then based on Kuncoro in [3], the
concentration of industry in Java Island is divided into two, namely the west pole; which is located in
Capital Region of Jakarta, West Java, and Banten which is focused on Jakarta, Bogor, Tangerang,
Bekasi (Jabotabek) and Bandung, and the east pole; which is located in East Java which is focused on
Surabaya.
This research focuses on the concentration of Java Island industry in the west pole which includes
Jakarta, West Java, and Banten. These were chosen based on the concentration of industries that are
close to each other when compared to East Java. Kuncoro in [4] explained that the nation’s capital has
a dominant role in the establishment of industrial concentrations in developing countries. The
beginning of industrial companies will stand and conduct economic activities within the scope of the
capital so as to achieve agglomeration. Nevertheless, it is not possible that the surrounding area as a
buffer of the capital will also form industrial concentrations due to the effects of spill over.
Researchers then designated the economic area in Jakarta except Kepulauan Seribu as the Core Region
(Kawasan Inti – Kanti) and the economic area in West Java and Banten as a Buffer Region (Kawasan
Penyangga – Kangga).
The process of industrialization in Kanti and Kangga regions has undergone a shift in industrial
agglomeration. Based on Figure 2, the percentage of large and medium-sized industrial (LMI)
companies in the Kanti region tends to decrease which is also followed by a decrease in labor
absorption and value added as showed by Table 1. On the contrary, the percentage of LMI companies
in the Kangga region tends to increase which is also followed by increased in labor absorption and
value added (Statistics Indonesia, 2020). Whereas the industrial activity shown by the number of
companies, the number of workers, and the value added of LMI should be more concentrated in the
core region than in the buffer area.
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Table 1. The Labor market and value added of LMI in Kanti and Kangga Regions in
2003-2018, (%)
Region

Workers

Value added

2003

2010

2018

2003

2010

2018

20.52

15.18

10.69

30.50

27.38

14.20

17.16

23.17

18.28

21.81

20.05

21.72

62.32

61.64

71.02

47.69

52.57

64.08

Kangga (2-3)

79.47

84.82

89.31

69.50

72.62

85.80

Total

100.00

100.00

100.00

100.00

100.00

100.00

1. Jakarta (Kanti)
2. Banten
3. West Java

According to Statistics Indonesia (Badan Pusat Statistik – BPS), the population in Kanti region
continues to increase from 7.46 million people in 2003 to 10.48 million in 2018. This was also
accompanied by an increase in the number of workers. BPS noted that there were 3.97 million workers
in the Kanti region in February 2003 and an increase of 5.04 million in February 2018. Even the head
of BPS of Jakarta in the period 2012-2015, Nyoto Widodo, also said that Jakarta (Kanti) has been
getting demography bonus since 2010 and is expected to peak in 2025 [5].
The potential of Kanti region is also found in the field of investment. The Indonesia Investment
Coordinating Board (Badan Koordinasi Penanaman Modal – BKPM) noted that total investment in
the Kanti region tends to increase by 40.24 trillion rupiah in 2003 to 119.36 trillion rupiah in 2018.
The increase in the value of investment should be used as a driver to increase the production of goods
and services, so as to encourage economic growth to continue to increase. This is in accordance with
Sodik (2005), Sitompul (2007), Rustiono (2008), and Luntungan (2008) in [6] that investment had a
positive effect on regional economic growth.
Unfortunately, these potentials are not commensurate with the acquisition of the economic growth
rate of Jakarta (Kanti) which decreased during 2010-2018 (BPS, 2020). As a domestic market force,
the increase in the population should be accompanied by an increase in the number of workers
(including the phenomenon of demography bonus) and the growing value of investment can be a
momentum to drive economic growth in the Kanti region significantly.
In terms of its larger size, LMI is considered more productive in absorbing labor and creating
greater value added. Therefore, the change or even decrease in LMI’s contribution is a major
indication as an obstacle to economic growth in the Kanti region. Thus, researchers want to know the
location and dynamics of the shift of LMI agglomeration that occur between Kanti and Kangga
regions. In addition, researchers also want to know the effect of the shift of LMI agglomeration and
other factors on economic growth in the Kanti region.
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2. Methodology
2.1. Research Scope
This paper studies about LMI that located in Kanti and Kangga regions. Districts/cities covered by
these two areas were used as individual units that observed during the period 2003-2018. The focus of
this study is to find the location and observe the shifting dynamics of LMI agglomeration in both
regions. The shift in LMI agglomeration has an indication of the negative impact on economic growth
in the Kanti region. So, this study will also identify factors that affect economic growth in the Kanti
region in 2003-2018. The selection of the research period is considered on the scope of the observation
unit in the panel data structure and the problems that occur in the Kanti region. Jakarta became the
worst province due to the monetary crisis in 1998 [7]. Therefore, the initial year of research in 2003
reflects the economic revival of Jakarta after the 1998 economic crisis and the final year of 2018
research seeks to include the most up-to-date information.
The variables that used in this study are taken from the economic and population dimensions. In the
economic dimension includes economic growth, LMI agglomeration rate, labor productivity in LMI,
value investment in LMI, while in the social dimension of population only covers population density.
Economic growth with the proxy value of real GDRP 2010 is defined as a dependent variable.
Meanwhile, other variables (LMI agglomeration rate which is calculated based on number of workers
in LMI (labor intensive), labor productivity in LMI, value investment in LMI with the proxy foreign
and domestic investment, and population density) are defined as independent variable.
2.2. Method of Collecting Data
The data that used in this study are secondary data mostly obtained from the BPS and equipped from
BKPM. The variables used in this study are as follows:
1. The real GDRP 2010 (PDRB) is the amount of value added that generated by all business
units in a particular region calculated based on the price in 2010 as the base year in billion
rupiah.
2. LMI agglomeration rate (TA) is a measure of LMI concentration in a region that calculated
using the Location Quotient (LQ) labor approach, Hoover-Balassa coefficient, in units with
the following formula:
∑

3.
4.
5.
6.

∑

(1)

where
shows the number of sector i workers in the j area, shows the total workforce in
the j area, ∑
shows the number of sector i workers in the j aggregate area, and ∑
shows
the total labor in the j aggregate area. A region is said to experience agglomeration if the
resulting LQ value is greater than 1, otherwise if the resulting LQ value is less than 1.
Population density (PDT) is the number of inhabitants occupying an area per square kilometer
unit (person/km2).
Labor Productivity in LMI (PTK) is the ability of workers in the LMI sector to produce goods
and services and calculated by the output value divided by the number of workers (million
rupiah/worker).
Foreign Investment (PMA) is the realization value of capital accumulation or flow of funds
derived from foreign investors in the form of individuals, business entities incorporated or not,
and the government in thousand U.S. dollar.
Domestic Investment (PMDN) is the realization value of capital accumulation or flow of
funds derived from domestic investors in the form of individuals and business entities
incorporated or not in million rupiah.

2.3. Analysis Method
There are two kinds of statistical methods used in data analysis, namely descriptive statistics and
inferential statistics [8]. Descriptive analysis is conducted through the presentation of thematic maps in
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the Exploratory Spatial Data Analysis (ESDA) and Geographic Information Systems (GIS) analysis
tools to identify the new locations and illustrate the dynamics of LMI agglomeration in Kanti and
Kangga regions. Meanwhile, inferential analysis that used is the regression of panel data with
individual units of five administrative cities in Kanti region, namely South Jakarta, East Jakarta,
Central Jakarta, West Jakarta, and North Jakarta and annual units during the period 2003-2018. The
significance level (α) used is 5%.
Researchers perform the formation of factors (new variables) from variables that may be strongly
linearly correlated between TA and PDT (see Appendix A). Thus formed a new variable that is a
Labor-Intensive Potential Factor (PPK) which is a linear combination of TA and PDT (see Appendix
B). Basically, the meaning of PPK is about the ability to achieve agglomeration through the potential
of a dense population.
The model was developed from the Cobb-Douglas production function that used in the SolowSwan economic growth theory, where output is influenced by inputs in the form of capital production
factors, labor, and other factors that may affect the production process [9]. Furthermore, the stage
regression analysis of panel data is presented in Figure 3. Taking into account the common effect
model (CEM) that does not support in modeling economic growth in the Kanti region and the panel
data structure that meet the
conditions, the initial model proposed by the researchers is a fixed
effect model (FEM) that can be written as follows (Judge et al. in [10]):
(

)

(

)

(

)

(

)

(2)
(3)

where:

To confirm the initial model proposed by researchers, Hausman Test is conducted to select the best
model between FEM or random effect model (REM) [11]. In contrast to FEM which accommodates
changes in the characteristics of each individual in the intercept, in REM the difference in individual
characteristics is accommodated in the error model as showed by the equation (4) and (5).
(
where:

)

(

)

(

)

(

)

(4)
(5)
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Figure 3. Panel Data Regression Analysis Stage Diagram.
3. Results and Discussion
3.1. Identification Location and Dynamics of LMI Agglomeration in Kanti dan Kangga Regions
The number of labor and value added in LMI are indicators that can be used to see the concentration
of industry [12]. Based on the current year, the histogram shown in Figure 4 shows that in 2018 both
indicators have a positive skewness. This indicates that the distribution of LMI activity in the Kanti
and Kangga regions is uneven. LMI’s companies that have a high number of labor and value added are
located in only a few districts/cities. On the other hand, companies with low number of labor and
value added are more widespread in most districts/cities in Kanti and Kangga regions.

Number of workers

Value added (billion rupiah)

Figure 4. Labor and value-added distribution in Kanti and Kangga Regions.
Furthermore, the identification of agglomeration and non-agglomeration areas is carried out using
ESDA and GIS analysis tools. The presentation of LQ scores through thematic maps in Appendix D is
done to focus on geographical analysis of reality. A region is said to agglomerate when the resulting
LQ score is greater than 1, whereas a region is said not to agglomerate when the LQ score is less than
1. In Kanti region, LMI agglomeration is located in two cities, North Jakarta and East Jakarta
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(Appendix D). North Jakarta has a tendency to develop into a very high agglomeration area. This is
supported by the fact that there are two big industrial areas located in North Jakarta, namely Cakung
Remaja Development and Berikat Nusantara Zone (Persero). Meanwhile, East Jakarta is also an
agglomeration area but tends to remain in the moderate category. This is also in accordance with the
existing reality that there is only one main industrial area namely Jakarta Industrial Estate Pulogadung
(JIEP).
While in the Kangga region, it is seen in Appendix D that LMI is agglomerated in Bandung,
Bekasi, Bogor, Karawang, Purwakarta, Serang, Sukabumi, Tangerang, Cilegon City, Tangerang City,
Bandung City, and Cimahi City. This is supported by [13], that the development of LMI
agglomeration area in Kangga region during the period 2010-2014 tends to occupy these
districts/cities. This discovery is also supported by the fact that there are indeed several industrial
estates in their respective regions presented in Appendix E.
From Appendix D, an interesting finding obtained is that there is a shift in agglomeration from
North Jakarta to Bekasi. This is indicated by the level of LMI agglomeration in the area of origin
(North Jakarta) which has decreased and the level of LMI agglomeration in the destination area
(Bekasi) which has increased. The shift occurred from 2006 to 2009. North Jakarta had again
agglomerated very high in 2013 to 2015, but the following year again shifted to Bekasi. Meanwhile,
the shift of LMI agglomeration from East Jakarta to Bekasi is not seen on the thematic map when
using the LQ categorization based on the same interval length. It can only be seen through the level of
LMI agglomeration in East Jakarta which tends to decrease from 2008 to 2018 as following Figure 5.

East Jakarta

North Jakarta

Figure 5. The Level of LQ score of
Agglomeration Areas in Kanti Region,
2003-2018.

In addition, the supporting factors for the shift of LMI agglomeration are the distance between
North Jakarta and East Jakarta with Bekasi which is close or even tangent so that it is reasonable for
economic actors in the LMI sector to move to more profitable areas. In the end, Bekasi consistently
held on to the highest LMI agglomeration rate until 2018. This discovery also continues the research
of [12] that until 2018 also formed a regional network that connects LMI agglomeration in Jakarta,
West Java, and Banten so as to form an increasingly large unity. Then more details of this study found
that there is only greater Bekasi that lasts until 2018. This discovery was also confirmed by [14] that
the LMI sector has a big role in supporting economy of Bekasi.
The thing to note is that in practice the development of industrialization in the LMI sector does not
occur naturally, but is carried out in the corridor of industrial estate development strategy that is
closely related to the spatial policy of the region run by each provincial government and regional
government. This industrial area is then managed by the management of developer companies that
have business licenses to provide various facilities and infrastructures that support the industrial
activities of the companies in it. This discovery is a supporting fact for the implementation of
industrial estate development strategy in West Java contained in Local Government Regulation
Number 22 of 2010 about Concerning Spatial Plan of West Java in 2009-2029 Article 54 letter (f) in
[15] that optimization of industrial estates in West Java is indeed focused on the dominant industrial
area located in Bekasi.
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3.2. Factors Affecting on Economic Growth in Kanti Region
To determine the magnitude of the influence of significant independent variables on economic growth
in the Kanti region, it is carried out a parameter estimate and test by removing PMA variable from the
model. This is because the model to be obtained is for estimation purposes so the variables that are not
significant to economic growth (see Appendix F) must be eliminated for re-estimation model. It can be
seen through the t-statistical value of each independent variable compared to
value to test these
hypothesis statistics below:
model)

for

(The i-th independent variable does not affect the economic growth in the
(The i-th independent variable affects the economic growth in the model)

The decision to reject H0 is obtained when the t-statistical of each independent variable value is
greater than
value, and vice versa. By referring to the stages presented in Figure 3 and
consideration of the test results in Appendix G and H, the most appropriate estimation method was
Fixed Effect Model with Cross Section Seemingly Unrelated Regression (FEM-SUR). The results of
the parameter estimation and tests of the economic growth model in the Kanti region in 2003-2018 are
presented in Table 2.
Table 2. The Results of Parameter Estimation and Tests without
PMA Variable
Variable
Coefficient
C
10.9295
PPK
-0.3032
Ln(PTK)
0.1924
Ln(PMDN)
0.0282
Dependent Variable: Ln(PDRB)
1.6663
(
)
R-squared
0.8732
F-statistic
70.8198
Prob(F-statistic)
0.0000
Individual Effect
South Jakarta
0.0991
East Jakarta
- 0.1396
Central Jakarta
- 0.1210
West Jakarta
- 0.2274
North Jakarta
0.3890

Std. Error
0.1132
0.0516
0.0199
0.0078

t-Statistic
96.206
-5.8698
9.6642
3.5940

Decision
Reject H0
Reject H0
Reject H0
Reject H0

Based on Table 2, at the test level 5% obtained equations to predict economic growth of the five
cities in the Kanti region based on labor-intensive potential factors, labor productivity, and PMDN
with the ability to predict by 86.08% which can be written as follows:
(̂ )

(

)

(

)

(

)

(6)

This means that these independent variables are able to explain the variation in economic growth in
the Kanti region by 86.08%, while the rest is explained by other variables.
The shift in LMI agglomeration in the Kanti region has an indirect effect on its economic growth.
However, the individual effects of each city in the Kanti region can be a clue to indicate the effect of
LMI agglomeration shifts on their respective economic growth. North Jakarta is an LMI
agglomeration area that is able to maintain its economic growth to continue to rise by 0.3890% despite
the extreme shift in LMI agglomeration. This is supported by the existence of high export and import
activities in the Tanjung Priok Port so as to support the economy of North Jakarta. Meanwhile, in East
Jakarta, the effect of shifting of LMI agglomeration caused its economic growth to fall by 0.1396%. In
addition, there is also one non-agglomeration area of LMI that is able to maintain its economic growth
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to remain stable, namely South Jakarta. Meanwhile, other non-agglomeration areas of LMI, namely
West Jakarta and Central Jakarta, experienced a drastic decline in its economy due to the shifting
effects of LMI agglomeration.
The labor-intensive potential factor (PPK) has a negative and significant effect on economic
growth in the Kanti region. The coefficient of regression is -0.3032, meaning that each increase in the
intensive potential score of one unit will decrease economic growth in the Kanti region by 0.3032%
assuming ceteris paribus. The negative influence of labor-intensive potential on economic growth in
the Kanti region comes from the density of the population which is the original variable. A lower
increase in LMI agglomeration than an increase in population density causes the trend of laborintensive potential to decline as economic growth increases. This is because the growing population is
not optimally absorbed in the industrial sector due to LMI agglomeration that shifted out of Kanti
region.
The labor productivity in LMI (PTK) has a positive and significant effect on economic growth in
the Kanti region. The regression coefficient is 0.1924, meaning that any increase in labor productivity
rate by 1% will increase economic growth in the Kanti region by 0.1924% assuming ceteris paribus.
This is in keeping with Solow-Swan’s theory that increased labor productivity can boost economic
growth through increased output per created workforce. The results of this study also support the
findings of [16] that the productivity of the manufacturing industry sector has positively and
significantly affected economic growth. Labor with higher productivity will be able to produce goods
and services more efficiently. In other words, the increasing productivity of LMI's labor makes it
possible to increase the production of goods and services at a fixed number of workers. Thus,
economic growth will increase through the level of output per labor which is also increasing in the
LMI sector.
Domestic investment (PMDN) has a positive and significant effect on economic growth in the
Kanti region. The coefficient of regression is 0.0282, meaning that any increase in the value of
domestic investment realization by 1% will increase economic growth in the Kanti region by 0.0282%
assuming ceteris paribus. This is in keeping with Solow-Swan's theory that increased capital
accumulation can boost economic growth. The result of this study also supports the findings of [17],
[18], [19], and [20] that domestic investment has positively and significantly affected economic
growth. The flow of funds through domestic investment can increase the economic growth of the
region through increasing public income. In terms of production, domestic capital can increase capital
stock so that production capacity will also increase, ultimately the increase in output will encourage
the economy to grow (Irawan & Suparmoko in [20]).
4. Conclusions and Suggestion
4.1. Conclusions
Based on the analysis and the results of the discussion that has been conducted, the researchers draw
the following conclusions:
1. LMI agglomeration in Kanti and Kangga regions during the period 2003-2018 tends to remain
in certain districts/cities only. In Kanti region, LMI agglomeration is located in North Jakarta
and East Jakarta. While in Kangga region, LMI agglomeration is located in Bandung, Bekasi,
Bogor, Karawang, Purwakarta, Serang, Sukabumi, Tangerang, Bandung City, Cilegon City,
Cimahi City and Tangerang City.
2. During the period 2003-2018, a relatively stable shift in LMI agglomeration occurred from
East Jakarta to Bekasi. Meanwhile, LMI agglomeration shift that occurred from North Jakarta
to Bekasi tends to fluctuate more. This is shown through the backflow of LMI agglomeration
to North Jakarta before finally shifting back to Bekasi.
3. Labor-intensive potential factor has a significant negative effect, while labor productivity and
domestic investment variables have a significant positive effect on economic growth in the
Kanti region. The shifting effect of LMI agglomeration in East Jakarta caused economic
growth to decline. Meanwhile, North Jakarta was able to maintain its economic growth to
continue to rise despite the extreme shift in LMI agglomeration.
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4.2. Suggestion
Based on the results of the discussion and conclusions obtained, researchers provide the following
suggestions:
1. Considering that LMI agglomeration can have a positive influence on regional economic
growth, the Provincial Government of Jakarta is expected to adapt the implementation of LMI
agglomeration in North Jakarta to encourage economic growth in East Jakarta and West
Jakarta in accordance with regional spatial planning for industry.
2. The Provincial Government of Jakarta needs to review specific policies to maintain LMI
agglomeration in North Jakarta and increase LMI agglomeration in East Jakarta for regional
economic growth.
3. The Provincial Government of Jakarta needs to optimize the absorption of labor in LMI sector
to increase and spur economic growth, especially for East Jakarta.
4. The suggestion to further research is that identification of LMI agglomeration areas also needs
to be considered through value added of LMI and in the analysis it is necessary to include
investment of LMI variable so that it can more focus on economic growth issues through the
LMI point of view.
Appendices
Appendix A. Correlation Matrix
TA
PTK
PMA
PMDN
PDT

TA
1
0.2610
-0.4121
-0.2255
-0.7027

PTK
0.2611
1
-0.1530
0.2599
0.0459

PMA
-0.4121
-0.1530
1
0.1831
0.1566

PMDN
-0.2255
0.2599
0.1831
1
0.2680

PDT
-0.7027
0.0459
0.1566
0.2680
1

Appendix B. The Results of Factor Analysis Method for Labor-Intensive Factor
Table B.1. Total Variance Explained Table
Initial Eigenvalues
Component

Total

% of Variance

Extraction Sums of Squared Loadings

Cumulative %

1

1.703

85.134

85.134

2

.297

14.866

100.000

Total
1.703

% of Variance Cumulative %
85.134

85.134

Extraction Method: Principal Component Analysis.

Table B.2. Component Matrix Table
Component 1
Zscore(TA)
Zscore(PDT)

.923
-.923

Extraction Method: Principal Component Analysis.
a. 1 components extracted.
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Appendix C. Kanti Region Map

Appendix D. The Locations of LMI Agglomeration in Kanti and Kangga Regions, 2003-2018
Year 2003

Year 2004

Year 2005

Year 2006

Year 2007

Year 2008

Year 2009

Year 2010

Year 2012

Year 2013

Year 2014

Year 2015

Year 2017

Year 2018
Legend:
LQ Classification
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Appendix E. The List of Industrial Manufacture Area by Districts/Cities in Kangga Region
Province

District/City
Serang

Banten

Tangerang
Kota
Cilegon
Bekasi
Bogor

West Java

Cimahi
Karawang
Purwakarta
Sukabumi

Name

Kawasan Industri Nikomas Gemilang, Modern Cikande Indutrial Estate,
Kawasan Industri Terpadu MGM Cikande, Kawasan Industri SBS,
Kawasan Industri Terpadu Wilmar
Millenium Industrial Estate, Kawasan Industri Pasar Kemis, Kawasan
Industri dan Pergudangan Cikupas, Kawasan Industri Purati Kencana
Alam, Kriya Idola Industrial Park, Kawasan Industri Sumber Rezeki
Krakatau Industrial Estate Cilegon (KIEC), Kawasan Industri Panca Puri,
Kawasan Industri dan Pergudangan Taman Tekno BSD
Kawasan Industri Terpadu Indonesia China, Bekasi International
Industrial Estate, MM2100 Industrial Town BFIE, MM2100 Industrial
Town MMID, Kawasan Industri Jababeka, East Jakarta Industrial Park,
Kawasan Industri Gobel, Kawasan Industri Marunda Center, Greenland
International Industrial Center (GIIC), Kawasan Industri Lippo Cikarang
Cibinong Center Industrial Estate dan Kawasan Industri Sentul
Kawasan Industri Cimahi Caringin (KICC) dan Kawasan Industri
Leuwigajah
Kawasan Industri Indotaisei, Kawasan Industri Kujang Cikampek,
Kawasan Industri Mitrakarawang, Karawang International Industrial City,
Suryacipta City of Industry, Mandalapratama Permai Industrial Estate,
Podomoro Industrial Park, Kawasan Industri Artha Industrial Hill,
Kawasan Industri GT Tech Park, Karawang New Industry City, Kawasan
Industri Pertiwi Lestari, Karawang Jabar Industrial Estate
Kota Bukit Indah Industrial City, Kawasan Industri Lion, Kawasan
Industri SKI, Kawasan Industri MOS
Kawasan Industri Sukabumi

Appendix F. The Results of Parameter Estimation and Tests Using FEM-SUR
Variable
Coefficient
C
10.9045
PPK
-0.2995
Ln(PTK)
0.1914
Ln(PMA)
0.0055
Ln(PMDN)
0.0278
Dependent Variable: Ln(PDRB)
1.6666
(
)
R-squared
0.8760
F-statistic
62.6802
Prob(F-statistic)
0.0000

Std. Error
0.1236
0.0534
0.0198
0.0093
0.0080

t-Statistic
88.2493
-5.6098
9.6864
0.5933
3.4858

Decision
Reject H0
Reject H0
Reject H0
Fail to Reject H0
Reject H0

Appendix G. The Result of Hausman Test
Correlated Random Effects - Hausman Test
Equation: REM
Test cross-section random effects

Test Summary
Cross-section random

Chi-Sq.
Statistic

Chi-Sq. d.f.

Prob.

37.081309

3

0.0000
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Appendix H. The Results of Variance-Covariance Residual Structure Check
H.1. LM Test
Hypothesis statistics:
for
at least one
heteroscedastic)

(the variance-covariance residual structure is homoscedastic)
for
(the variance-covariance residual structure is

Test statistics:
(

)

( )

Decision: reject H0 because

( )

Conclusion: the variance-covariance residual structure is heteroscedastic
H.2. Lambda LM Test
Hypothesis statistics:
(
)
for
(
)
for

(there is no correlation between individuals)
(there is a correlation between individuals)

Test statistics:
(

(

)

)

(

)=

Decision: reject H0 because

(

)

Conclusion: there is a correlation between individuals
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Abstract. Vaccination program is an important strategy in eradicating Covid-19 pandemic.
Vaccination can intervene to accelerate the formation of herd immunity. When herd immunity
is formed later, it is believed that the Covid-19 virus will gradually eradicated. Furthermore,
economic activity will return to normal. Then, has the vaccination program run by the
Indonesian government had an impact on health and economic recovery? Some claim that this
vaccination program has had a positive impact. However, in-depth research is felt to be done to
really look at this impact. As a first step, it is necessary to look at the relationship between
vaccination, health and economic development. This relationship will be an early indication of
whether the vaccination program is successful or not. In fact, vaccination was strongly
correlated with a decrease in the transmission of new cases and moderately correlated with the
recovery rate. Overall, vaccination is strongly correlated with health based on the canonical
correlation. Meanwhile, for the economy, vaccination has a weak correlation with the poverty
rate and Gini ratio. However, overall based on the canonical correlation, vaccination is strongly
correlated with the economy. Furthermore, the development of tourism shows an indication of
a correlation with vaccination.

1. Introduction
Vaccination is a breath of fresh air in the effort to eradicate the Covid-19 outbreak in Indonesia. It is
one of the keys to achieve herd community. Herd immunity itself is a key concept for epidemic
control. It states that only a proportion of a population needs to be immune (through overcoming
natural infection or through vaccination) to an infectious agent for it to stop generating large outbreaks
[1]. Herd immunity that will be formed open the gate for the community to be able to carry out normal
activities as usual. Physical and social restriction policies will be stopped. This means that economic
activities can return back to normal.
In theory, mass vaccination is necessary to eradicate an infection of virus by vaccinating a
proportion of each cohort of the population, including children. It is because vaccination during the
period of maternally derived protection usually fails to protect the child adequately from subsequent
infection. Such as to eliminate measles and pertussis, it is estimated that 92-96 percent of children
must be vaccinated, 84-88 percent to eliminate rubella and 99-92 percent to eliminate mumps in
Western Europe and the United States [2-5].
Besides of that, The Royal Society stated when a sufficiently large fraction of people are immune
to an infectious disease, the entire population can be protected by “herd immunity”. But herd
immunity acquired by natural infection has several disadvantages as a means of COVID-19 control:
(1) the build-up of herd immunity would be associated with a high burden of illness and death; (2)
while infection is spreading through a population, it is not yet clear that the most vulnerable can be
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protected from severe and fatal COVID-19; and (3) it may not be possible to achieve herd immunity
by natural infection if protection against reinfection is partial and transient. The preferred route to herd
immunity is not through natural infection but by vaccination. While awaiting population-wide
coverage of COVID-19 vaccines, the principal method of control is to prevent transmission between
infectious and uninfected people using non-pharmaceutical interventions, i.e. antiviral hygiene,
physical barriers and personal distancing [6].
In line with what was stated above, The Minister of Communication and Information, Johnny Plate,
stated that orderly health protocols and vaccinations are the main keys to handling Covid-19 [7].
Related to economic improvement, economists have predicted since the beginning that the discovery
of vaccine will be the key to improve global economy [8]. The Director of the Macroeconomic Policy
Department of Bank Indonesia then emphasized the same thing, vaccination acceleration is the key to
improve global economy [9]. In line with all of this, the Minister of Health stated that health recovery
is the key to improving Indonesia's economy [10].
Statements related to economy above are in line with Dabla-Norris et al’s statement at IMF
Working paper. It was stated that quick vaccine rollouts are crucial for a strong economic recovery,
and vaccine hesitancy could prolong the pandemic and the need for social distancing and lockdowns
[11]. This is a bad news for economy. Because of that, timely and universal access to COVID-19
vaccines will remain critical for ensuring broad-based and inclusive recovery of the world economy.
Widespread vaccinations will help to create herd immunity and allow reopening and resumption of
economic activities [12].
The first wave of vaccination programs in Indonesia began during the first four months of 2021.
The first wave was aimed to health workers and public service workers, with the consideration of
interacting directly with Covid-19 patients. Unfortunately, the implementation of the first batch of
vaccinations had been delayed compared to the target for completion in April 2021. However, a
number of parties claim that the vaccination program has succeeded in suppressing the Covid-19
outbreak, besides the implementation of Community Activity Restrictions/Pemberlakuan Pembatasan
Kegiatan Masyarakat (PPKM).
Siti Nadia Tarmizi, the Director of Prevention of Infectious Disease Control of the Ministry of
Health, claimed the decline in daily cases of Covid-19 in mid-August 2021 as the result of PPKM and
vaccinations [13]. Not only nationally, the Governor of West Java, Ridwan Kamil, also claimed to find
a correlation between the Covid-19 vaccination vacancies and death cases. The higher the vaccination
coverage, the lower the death rate caused by Covid-19 [14]. On the other hand, Griffith University
epidemiologist Dicky Budiman doubted vaccination reduce Covid-19 patients. With vaccination
coverage of only 1-2 percent of the entire population at that time, he felt that it has not had a
significant impact on the decline in positive cases. The tracking and testing process that had not been
good is one of the factors in the decline in Covid-19 cases [15].
A quantitative approach can be used to take a deeper look at the impact of vaccination in Indonesia.
Not only from health perspective, but also from economic perspective. Correlation analysis will be
used to look at the relationship between vaccination coverage and the development of Covid-19 cases,
as well as a number of economic indicators, both macro and micro. The scope of the research is 34
provinces in Indonesia. With the new vaccination program starting in January 2021, the data processed
is data for first semester of 2021. The availability of tracing data, the total number of people examined
for Covid-19, per province that was not found is one of the limitations of this study. Furthermore, data
regarding the orderly implementation of health protocols is also limited. The available data only cover
a small part of the observations, so it is feared that it will be biased.
For a more specific point of view, the development of tourism sector will also be shown to
strengthen observations about correlation between vaccination and economy. Tourism is one of the
sectors most affected by Covid-19 pandemic. Moreover, this sector doesn’t only stand alone, but is
closely related to transportation, accommodation, also food and beverage sectors. Given the large
relations between these sectors, there is no specific sector or subsector of tourism in GDP. Therefore,
to look at economic correlation trough tourism sector, it can be done with approaches trough other
sectors as previously mentioned. This approaches will strengthen the correlation between vaccination
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and economic recovery. Later, the results of this study can be used as an evaluation material for the
government to take the next vaccination policy.
2. Literature review
Individually, Covid-19 vaccination had proven to be effective in reducing the infection rate in Italy.
The infection rate of Bari Policlinico University Hospital health care workers who had been
vaccinated is lower than those who had not. The difference in infection rates was significant. Although
vaccination did not really prevent the transmission of Covid-19, the infection rate tended not to
increase significantly [16].
Two-dose vaccination in the UK with BNT162b2 or ChAdOx1 nCoV-19 vaccine was effective up
to 93.7 percent for the alpha variant and 88.0 percent for the delta variant. While the single dose
vaccination recorded an effectiveness of 48.7 percent for the alpha variant and 30.7 percent for the
delta variant [17].
While relating to general health recovery, Haas et al [18] presented the good news that vaccination
had a significant impact on reducing Covid-19 cases in Israel. The number of Covid-19 cases had
decreased drastically from 109,876 cases to only 6,266 after 2 vaccines were administered, or in
proportion per 100,000 people, decreased from 91.5 to only 3.1 cases. Not only for daily cases,
vaccination is also effective in reducing the number of people with Covid-19 symptoms and hospital
occupancy.
Alagoz [19] in his research stateed that controlling the Covid-19 pandemic is closely related to
vaccination coverage, effectiveness, and adherence to non-pharmaceutical interventions. In Dane
County and Milwaukee, if 50 percent of the population is vaccinated with a daily vaccination capacity
of 0.25 percent of the population, vaccine effectiveness reaches 90 percent, and adherence to nonpharmaceutical interventions reaches 60 percent, then the spread of Covid-19 can be controlled by
June. 2021. Non-pharmaceutical intervention itself is an action other than vaccination and
consumption of drugs that can be carried out by the community to help slow the spread of a disease, in
this case Covid-19.
On the other hand, World Bank [20] predicted that the global economy will increase by 4 percent in
2021, after contracting up to 4.3 percent in 2020 due to Covid-19. This prediction assumes the
availability of the Covid-19 vaccine is increasing and can be given to many countries.
In the United States, the pace of economic recovery in 2021 was claimed to depend on the rate of
Covid-19 vaccinations, according to a summary of the Penn Wharton Budget Model. It was projected
that increasing the number of doses of vaccine administered daily to 3 million will create more than 2
million jobs and increase real GDP by about 1 percent over the summer of 2021 [21].
From the general health and economy relationship point of view, The World Bank stated that
healthcare is not an expenditure, but an investment. They stated that 100 million people improverished
by medical expenses each year, 24 percent of full income growth in developing countries from health
improvements, and 10 percent increase in life expectancy associated with 0.4 percent increase in
annual economic growth. Besides of that, they conclude that investments in immunization are a critical
component of Universal Health Coverage and a strong force for poverty reduction [22]. It means that
worse healthcare is closely related to higher poverty. In line with that, Tur-Sinai et al stated that
negative correlation was found between vaccination uptake and income inequality index in the
municipality, meaning that the greater the income inequality in the municipality where the motherand-child clinic is situated, the lower the vaccination uptake is. In other words, insofar as the motherand-child clinic is situated in a municipality typified by greater income inequality, vaccination uptake
in that municipality is lower [23].
In a more specific point of view, tourism is one of the sectors most affected by the Covid-19
pandemic. Indeed, the number of international tourist arrivals declined by 84 percent between March
and December 2020 compared with the previous year, according to data observed by UNWTO. A drop
in tourist sales leaded to a 2.5-fold loss in real GDP, on average, in the absence of any stimulus
measures. The economic losses could range between $1.7 trillion and $2.4 trillion in 2021. The results
highlight the importance of the vaccine rollout in getting global tourism restarted and other mitigating
measures [24].
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3. Data and methods
The availability of insufficient data on the distribution of Covid-19 is one of the obstacles in this
study. The data dissemination is not same across provinces. Many provinces do not provide complete
daily data that is easy to be downloaded. But luckily, KawalCOVID19 provides a complete daily data
timeline for each province. All data related to the spread of Covid-19 was obtained from
KawalCOVID19. The variable data are as follows.
1. Number of people who had been injected with 1 dose of vaccine until July 31 2021
2. Number of people who had been injected with 2 doses of vaccine until July 31 2021
3. Total daily cases during first semester of 2021, January 1 to July 31 2021
4. Total patients recovered during first semester of 2021, January 1 to July 31 2021
5. Total patients died during first semester of 2021, January 1 to July 31 2021
The vaccination program in Indonesia only started in early 2021. So, the impact will begin to be
felt during 2021. The limitation of data coverage is only until July 2021 regarding economic variables
that describe conditions until the second quarter of 2021 or first semester of 2021.
In addition, so that the processed data is representative and can be compared between provinces, 3
variables are proportioned to the total population and 2 variables are proportioned to the total daily
cases during first semester of 2021. The population of each province itself is taken from the results of
the 2020 Population Census/Sensus Penduduk 2020 which had been released by Statistics
Indonesia/Badan Pusat Statistik. The 3 variables proportioned to population are the number of people
who had been injected with 1 dose of vaccine, the number of people who had been injected with 2
doses of the vaccine, and the total daily cases during the first semester of 2021. Then the 2 variables
that are proportioned to the daily total cases are the total recovered patients and the total patients died,
all of these during the first semester of 2021. These two variables are to show the level of vulnerability
to Covid-19 in each province.
The economic variables used in this study are variables that indicate the macro economy, welfare,
and employment. The variables are as follows.
1. Economic growth in the second quarter of 2021 (year-on-year)
2. Poverty rate (percentage)
3. Gini ratio
4. Labor force participation rate (LFPR)
5. Unemployment rate
Economic growth is one of the strategic indicators of development. This indicator is one of the
benchmarks for the development success. Although the scope is very broad, because it is a macro
economy, this indicator is often the main concern of evaluation. Along with economic growth, poverty
rate is also often a major concern related to development. In semester 2 of 2021, Indonesia's poverty
nationally has been hit hard by the pandemic. So it will be good news if poverty is closely related to
vaccination. The Gini ratio was chosen because it describes the welfare of the community. In semester
2 of 2020, Indonesia's Gini ratio nationally increased by 0.003 points compared to semester 1 of 2020.
This indicates an increasing welfare gap due to the pandemic.
Meanwhile, the LFPR and unemployment rate indicators show people's economy in terms of
employment. Massive layoffs occurred because companies experienced a decline in profits. Even
many companies went out of business because of pandemic. So, the vaccination program should be a
bright spot to return back to normal employment
The economic growth used is in the second quarter of 2021 on a year-on-year basis because it
shows the macroeconomic development of a region that is more real because it is not related to
seasonality which in the province occurs between quarters. The variable poverty rate and Gini ratio
used is the change from September 2020 to March 2021. The value of this change shows the
development of the impact of Covid-19 as well as the policies implemented, one of which is the
vaccination program. Similar to the LFPR and unemployment rate, the value used is the change from
August 2020 to February 2021.
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The number of people who had been injected with 1 dose and 2 doses of the vaccine became the
independent variable in this study. Meanwhile, the variables related to Covid-19 and the economy are
all dependent variables, either partially or collectively. The analytical method used is correlation
analysis (Pearson) and canonical correlation. Correlation analysis is used to see the level of
relationship between each dependent variable and each independent variable. The results of this
analysis will show whether the development of vaccination rates, 1 dose and 2 doses, will change the
development of each dependent variable, either increasing or decreasing. While the canonical
correlation will show a collective correlation between all dependent variables and all independent
variables, which are grouped into the dependent variable of health (related to Covid-19 cases) and the
economy. The results of the canonical analysis will show in general whether the development of
vaccination rates has a correlation to the development of Covid-19 and the economy.
Based on the paper of Schober et al, the correlation coefficient is divided into 5 classification
classes [25]. This classification is a conventional method that has been commonly used as a basis for
interpreting correlation coefficients. The classification is as follows.
Table 1. Classification of correlation coefficient
Size of Correlation

Interpretation

0.90 to 1.00 (-0.90 to -1.00)
0.70 to 0.89 (-0.70 to -0.89)

Very strong correlation
Strong correlation

0.40 to 0.69 (-0.40 to -0.69)

Moderate correlation

0.10 to 0.39 (-0.10 to -0.39)

Weak correlation

0.00 to 0.09 (0.0 to -0.09)

Negligible correlation

Meanwhile, approaches were taken to see correlations between vaccination and tourism as one of
the sectors most affected by the Covid-19 pandemic. With limited indicators that are directly related to
tourism, approaches are carried out through indicators in the supporting sectors. The variables are as
follows.
1. Google’s Community Mobility Reports (CMR) to look at community mobility.
2. The growth of the Rail and Air Transportation subsectors year-on-year in the first and second
quarters of 2021. These two sub-sectors are taken because people that take a holiday generally use
train or plane to travel, especially inter-city and provincial holiday. Meanwhile, other modes of
transportation are also encouraged by other activities that are not related to tourism.
3. The growth of the Accommodation and Food Beverage Provision subsectors in the first and second
quarters of 2021. Although not really supported by the tourism industry, these two subsectors are
an important part of the tourism industry. Thus, it can be used as an indication of improvement in
the tourism sector.
4. The visit of domestic tourists is considered more appropriate, but the latest data is not yet available
so it is not possible to use it. However, foreign tourist visits will show tourism policies that go hand
in hand with the development of Covid-19.
4. Results and discussions
4.1. Covid-19 and health
DKI Jakarta was the province with the highest 1 dose vaccination achievement in Indonesia. As of
July 31 2021, DKI Jakarta has provided 7.8 million of 1 dose of vaccine. This achievement was
followed by East Java and West Java, with 7.7 and 6.2 million doses, respectively. Meanwhile, for the
2 dose vaccination, East Java was the top province with 3.2 million doses. Higher than West Java and
DKI Jakarta, where respectively the provinces were 2.9 and 2.8 doses.
Provinces in Java-Bali dominated the highest vaccination rates, both 1 dose and 2 doses. It was
recorded that 7 out of 10 provinces with the highest dose vaccination achievement came from JavaBali. Consideration of Java-Bali being the economic center in Indonesia underlay this. Because the
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vaccination program is not only a health policy, but also an economic policy. With the return of the
normal wheels of the economy in Java-Bali, it was hoped that it will boost the national economy again
In proportion to the total population as shown in Table 2, DKI Jakarta again became the province
with the highest vaccination achievement, both 1 dose and 2 doses. This achievement was in line with
the recovery rate of Covid-19 patients which reached 0.982. This indicates that for every 100 positive
Covid-19 patients in Jakarta, 98 of them had recovered. In terms of mortality rate, DKI Jakarta became
the third best province, amounting to 0.014. This figure indicates that for every 1,000 positive Covid19 patients in Jakarta, only 14 patients die.
The development of vaccination and the severity of Covid-19 in East Java was astonishing. On the
one hand, the vaccination achievement rate in East Java was very good, reached 0.189 inhabitants.
This achievement is the 6th highest in Indonesia. With a population of 41.66 million people, the
second largest after West Java, vaccination in East Java could be said to be very good. But ironically,
the mortality death rate in East Java was the highest in Indonesia, reached 0.065. So, many things must
be considered again in handling Covid-19 in East Java. Health policies must be re-evaluated, the
implementation of health protocols must be tightened, restriction on residents' activities must be paid
more attention to, and so on.
Table 2. Covid-19 and vaccination development in Indonesia
No

Provinsi

1 Dose Vaccine
Proportion

2 Doses Vaccine
Proportion

Case
Proportion

Recovery
Rate

Mortality
Rate

1

Aceh

0.129

0.052

0.003

0.682

0.044

2

North Sumatra

0.126

0.069

0.003

0.592

0.019

3

West Sumatra

0.113

0.042

0.009

0.775

0.021

4

Riau

0.140

0.089

0.011

0.803

0.028

5

Jambi

0.183

0.073

0.005

0.721

0.022

6

South Sumatra

0.115

0.062

0.004

0.709

0.041

7

Bengkulu

0.124

0.057

0.007

0.715

0.012

8

Lampung

0.069

0.043

0.003

0.724

0.061

9

Bangka Belitung
Islands

0.147

0.087

0.021

0.814

0.020

10

Riau Islands

0.503

0.117

0.018

0.789

0.026

11

DKI Jakarta

0.738

0.269

0.060

0.982

0.014

12

West Java

0.128

0.060

0.011

0.771

0.016

13

Central Java

0.142

0.078

0.008

0.836

0.053

14

DI Yogyakarta

0.321

0.120

0.029

0.659

0.030

15

East Java

0.189

0.078

0.006

0.712

0.065

16

Banten

0.151

0.069

0.008

0.656

0.016

17

Bali

0.711

0.202

0.014

0.779

0.028

18

West Nusa Tenggara

0.111

0.041

0.003

0.888

0.021

19

East Nusa Tenggara

0.112

0.056

0.007

0.687

0.018

20

West Kalimantan

0.102

0.049

0.004

0.773

0.027

21

Central Kalimantan

0.166

0.090

0.009

0.852

0.024

22

South Kalimantan

0.114

0.063

0.008

0.751

0.023

23

East Kalimantan

0.147

0.085

0.024

0.754

0.029

24

North Kalimantan

0.140

0.063

0.025

0.754

0.017
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1 Dose Vaccine
Proportion

2 Doses Vaccine
Proportion

Case
Proportion

Recovery
Rate

Mortality
Rate

North Sulawesi

0.289

0.076

0.006

0.758

0.026

26

Central Sulawesi

0.108

0.052

0.006

0.739

0.028

27

South Sulawesi

0.160

0.072

0.006

0.843

0.014

28

Southeast Sulawesi

0.143

0.059

0.003

0.693

0.024

29

Gorontalo

0.177

0.084

0.003

0.800

0.030

30

West Sulawesi

0.131

0.056

0.005

0.795

0.021

31

Maluku

0.118

0.047

0.004

0.673

0.019

32

North Maluku

0.095

0.038

0.006

0.682

0.021

33

West Papua

0.145

0.062

0.011

0.795

0.015

34

Papua

0.086

0.041

0.003

0.404

0.008

No

Provinsi

25

Using correlation analysis, it is found that 2 doses vaccination in Indonesia has moderate
correlation to the patient's recovery rate, reaches 0.452. While 1 dose vaccination has a weak
correlation coefficient. This shows two things at once, vaccination has a relationship with the recovery
rate but it needs 2 doses of vaccine to achieve this correlation. This indicates the urgency of the second
injection of vaccines to achieve herd immunity. Unfortunately, vaccination rate is not closely related
to mortality rates. Either the 1 dose or 2 doses vaccination has a negligible correlation to mortality
rate. According to the Deputy Minister of Health, Dante Saksono, 90-94 percent of the death cases of
positive Covid-19 patients in Indonesia are contributed by those who had not been vaccinated against
the corona virus [26]. However, the correlation results indicate a favorable direction.
Table 3. Correlation of vaccination and health
Case
Proportion

Recovery
Rate

Mortality
Rate

Vaccination 1
Proportion

0.669

0.377

-0.065

Vaccination 2
Proportion

0.790

0.452

-0.054

The correlation between vaccination rates, especially 2 doses, and the recovery rate is moderate, as
shown in Table 3, indicates that an increase in the number of people being vaccinated in a region will
go hand in hand with an increase in the recovery rate. This result is good news, because it shows the
Covid-19 vaccine is potentially able to increase the immunity of the Indonesian people. In the end,
vaccination will encourage the creation of herd immunity and finally Indonesia can live side by side
with Covid-19.
Although the correlation coefficient is negligible, the direction of the correlation between
vaccination and mortality rate is also good news. At the same time, it shows the same thing with an
increase in the recovery rate. The small correlation value is allegedly due to the small number of
vaccinations. However, a negative correlation indicates an indication of a decrease in the mortality rate
along with an increase in vaccination rates. The government needs to continue to encourage increased
vaccination rates so that the mortality rate can be lowered optimally.
The thing to watch out for is that the vaccination program runs in line with the proportion of
additional positive cases of Covid-19. President Director of RSPI Sulianti Saraso Jakarta, dr. M.
Syahril Mansyur, said the factors for the spike in Covid-19 during 2021 in Indonesia were due to
public discipline in complying with health protocols, mass gatherings that caused crowds, the entry of
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more infectious variants, and the lack of vaccine coverage [27]. Further in-depth research is needed to
really see the development of Covid-19 cases in Indonesia.
Table 4. Canonical correlation of vaccination and health
Vaccination
Proportion

Health
Variable

Canonical
Correlation
0.834

The strong canonical correlation value, reachs 0.834, shows a close relationship between
vaccination rates and health variables, namely the development of Covid-19, in Indonesia as shown in
Table 4. Boosting the vaccination program promises to improve the health of the Indonesian people in
general, in terms of daily case development, recovery rate, and mortality rate. On the one hand, the
government must work harder to increase the availability of vaccines. Because until mid-2021, many
people who actually want to take vaccinations but don't get them due to limited availability. On the
other hand, there are still many people who are reluctant to participate in the vaccination program. To
overcome this, joint work is needed to provide better education on the benefits of the Covid-19
vaccine.
4.2. Covid-19 and economy
As shown in Table 5, North Maluku became the province with the highest economic growth in the
second quarter of 2021 (year-on-year), reachs 16.89 percent. In contrast to West Papua in the last
position which is still experienced a contraction of 2.39 percent. West Papua was the only province
that experienced contraction this quarter. Meanwhile, the low base effect caused the Indonesian
economy to experience high growth. The economic growth of Central Sulawesi, Papua, DI
Yogyakarta, DKI Jakarta, and West Kalimantan reached 2 digits (above 10 percent).
In the poverty rate indicator, as many as 22 provinces were able to reduce their poverty level. East
Nusa Tenggara is the province with the highest poverty reduction, reached 0.22 percent. Meanwhile,
in terms of inequality, South Kalimantan is at the top. South Kalimantan was able to reduce its Gini
ratio by 0.021 percent.
Besides being able to reduce inequality, South Kalimantan is also able to increase community
participation in economic activities. South Kalimantan's LFPR recorded an increase of up to 3.16
percent in February 2021 compared to August 2020. Then, DKI Jakarta became the top province in
reducing the unemployment rate. During the period August 2020 to February 2021, DKI Jakarta was
able to reduce its unemployment rate to 2.44 percent.
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Table 5. Covid-19 and economy development in Indonesia
No

Provinsi

Economic
Growth

Poverty Rate
Growth

Gini Ratio
Growth

LFPR
Growth

Unemployment
Rate Growth

1

Aceh

2,56

-0,10

0,005

0,04

-0,29

2

North Sumatra

4,95

-0,13

0,000

0,72

-0,90

3

West Sumatra

5,76

0,07

0,005

-0,60

-0,21

4

Riau

5,13

0,08

0,005

0,57

-1,36

5

Jambi

5,39

0,12

0,005

-0,49

-0,37

6

South Sumatra

5,71

-0,14

0,003

1,30

-0,34

7

Bengkulu

6,29

-0,08

0,003

0,01

-0,35

8

Lampung

5,03

-0,14

0,003

1,57

-0,13

9

Bangka Belitung
Islands

6,85

0,01

-0,001

1,10

-0,21

10

Riau Islands

6,90

-0,01

0,009

0,11

-0,22

11

DKI Jakarta

10,91

0,03

0,009

1,31

-2,44

12

West Java

6,13

-0,03

0,014

0,30

-1,54

13

Central Java

5,66

-0,05

0,013

-0,05

-0,52

14

DI Yogyakarta

11,81

0,00

0,004

1,69

-0,29

15

East Java

7,05

-0,06

0,010

-0,58

-0,67

16

Banten

8,95

0,03

0,000

-0,20

-1,63

17

Bali

2,83

0,08

0,009

-0,61

-0,21

18

West Nusa Tenggara

4,68

-0,09

-0,005

0,87

-0,25

19

East Nusa Tenggara

4,22

-0,22

-0,010

0,18

-0,90

20

West Kalimantan

10,81

-0,09

-0,012

1,55

-0,08

21

Central Kalimantan

5,56

-0,10

0,003

1,04

-0,33

22

South Kalimantan

4,40

0,00

-0,021

3,16

-0,41

23

East Kalimantan

5,76

-0,10

-0,001

1,96

-0,06

24

North Kalimantan

5,81

-0,05

-0,008

-0,34

-0,30

25

North Sulawesi

8,49

-0,01

-0,003

-0,14

-0,09

26

Central Sulawesi

15,39

-0,06

-0,005

-0,51

-0,04

27

South Sulawesi

7,66

-0,21

0,000

1,96

-0,52

28

Southeast Sulawesi

4,21

-0,03

0,002

0,93

-0,36

29

Gorontalo

3,43

0,02

0,002

0,91

-0,87

30

West Sulawesi

5,44

-0,21

0,000

1,52

-0,04

31

Maluku

4,53

-0,12

-0,012

-0,67

-0,84

32

North Maluku

16,89

-0,08

0,010

0,03

-0,09

33

West Papua

-2,39

0,14

0,004

-1,44

-0,62

34

Papua

13,14

0,06

0,002

1,31

-0,51

Based on correlation analysis as shown in Table 6, vaccination had different correlations on
economic indicators in Indonesia. Positive results were obtained on the correlation between
vaccination and economic growth, LFPR (2 dose vaccination), and unemployment rate. Negative
results were obtained on the correlation between vaccination with poverty rate and Gini ratio.
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Table 6. Correlation of vaccination and economy
Economic
Poverty
Gini
LFPR
Growth
Rate
Ratio

Unemployment
Rate

Vaccination 1
Proportion

0.037

0.337

0.345

-0.081

-0.302

Vaccination 2
Proportion

0.034

0.319

0.336

0.056

-0.458

Although the values are very small, only 0.037 and 0.034 which is negligible, based on correlation
analysis, it is shown that vaccination is in line with economic growth. Means, increasing vaccination
achievement potentially will also grow in line with the economic growth of a region. This result is
quite interesting because low vaccination rate had had positive correlation with economic growth
which is a macro indicator. This should be a catalyst for the government to increase its vaccination
program so that the macro economy will grow.
The urgency of the 2 doses vaccination is indicated by the correlation between the vaccination rate
and LFPR. The correlation value of 0.056 on the relationship between the 2 doses vaccine and LFPR
shows that the improvement in employment in Indonesia is only felt after 2 doses of the vaccine were
given, not just 1 dose. Even the opposite results occurred in the 1 dose vaccine. Of course, there are
many factors that encourage this, but it is estimated that one of them is the government's strategy to
increase vaccination coverage. The requirement of some administrations is showing vaccination
certificate. Perhaps, some matters in employment also require showing a vaccination certificate.
Result above is in line with the negative correlation between vaccination and unemployment rate.
This means that the increase in vaccination rate will reduce the unemployment rate. In fact, the
correlation is moderate, reaches -0.458 for 2 doses vaccine. Herd immunity which is slowly starting to
form encourages people to be able to do more activities, including work activities. In addition, the
vaccination certificate guarantees a little more freedom of activity.
The opposite results occur in the poverty rate and Gini ratio. With results that are not much
different, both 1 dose and 2 doses vaccines, as well as poverty rate and Gini ratio, show that increasing
vaccination achievement actually grow in line with poverty rate and Gini ratio. These results indicate
that the vaccination program has not been able to stem the increase in poverty and inequality in
Indonesian society. Almost all economic sectors have been affected by the pandemic, some of which
have not been able to rise, especially the informal sector which is a pocket of poverty. Poverty rate
increasing will go hand in hand with inequality widening. Government assistance is allegedly not able
to restrain the community from experiencing poverty. Furthermore, perhaps the increase in economic
growth only occured in capital-intensive sectors so that it did not have much impact on society as
individuals
Table 7. Canonical correlation of vaccination and economy
Vaccination
Proportion

Economy
Variable

Canonical
Correlation
0.716

Same as before, with canonical correlation, the correlation value between vaccination and
economic variables reaches 0.716 as shown in Table 7. This value shows a strong relationship
between vaccination rate and economic variable in Indonesia as a whole. Encouraging vaccination
achievements promises to improve the general economic condition of the Indonesian people.
However, it should be a special note for the government, all sectors of the economy need to be
considered. Not only sectors that have a major contribution to the economy of a region. The informal
sector also needs to be considered more deeply. Like the entertainment and accomodation sector,
which is still struggling because it requires the physical presence of many people. The vaccination
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program promises many positive things. In time for herd immunity to be achieved, economic activity
must return to normal or even increase more rapidly.
4.3. Covid-19 and tourism
The first approach to look at the development of tourism is community mobility. Through CMR,
Google provides a very useful information to see people's mobility patterns. Related to tourism, three
patterns can be used in CMR, namely mobility at Retail & Recreation, Parks, and Transit Stations
locations. Retail & Recreation shows the pattern of community visits to recreational areas, which is
supported by movement in the Parks location. As a support, the pattern of community visits to Transit
Stations location can also be an indication, because tourism is closely related to public transportation
such as trains and planes.
40
30
20
10
0
-10
-20
-30
-40
-50
-60
Retail & Recreation

Parks

Transit Stations

Figure 1. Indonesia people’s mobility during first half year of 2021
Based on Figure 1, compared to baseline day, that is the median value from the 5‑ week period Jan
3 – Feb 6, 2020, community mobility in Retail & Recreation locations until May 2021 increased.
Although it was still lower compared to the baseline day, this negative value continued to increase.
Until the end of May to the end of June 2021 it reached a positive value. Coinciding with Eid al-Fitr
and the end of the school year holiday. Indicates that people chose to went on vacation in this holiday
period. Mobility at this location then decreased in line with the implementation of Emergency PPKM
(PPKM Darurat) since late June 2021. This pattern is supported by the community mobility pattern in
Parks location which had increased from February to April-June 2021, until finally it had a positive
value in the period June-July 2021 before Emergency PPKM enforcement.
Community mobility at the Transit Stations location also increased in the period of May and June
2021, coinciding with the Eid al-Fitr holiday period and the end of the school year holiday. Although
not entirely related to traveling, the increase in mobility at the Transit Stations also indicates an
increase in the movement of people to travel. This is because people who travel, especially between
cities and provinces, tend to use public transportation modes such as planes and trains.
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Table 8. Growth of the Rail and Air Transportation subsectors in quarter I and II-2021
Growth (Percent)
Subsector

Quarter I-2021
q-to-q

y-on-y

Quarter II-2021
c-to-c

q-to-q

y-on-y

c-to-c

Rail
Transportation

-13.39

-45.04

-45.04

24.39

67.19

-12.46

Air
Transportation

-20.75

-52.45

-52.45

13.58

137.74

-17.25

Based on Table 8, it can be seen that there is a significant growth in the Rail and Air
Transportation subsectors in the Second Quarter-2021 period. Moreover, the year-on-year growth of
the two subsectors reached more than 50 percent, even for Air Transportation reached more than 100
percent. This rapid increase in Quarter II-2021 again indicates the recovery of the tourism sector,
especially during the period mid-2021 before the implementation of Emergency PPKM in Indonesia.
By regulation, vaccination certificates, both 1 dose and 2 doses, are one of the administrative
requirements for long distance travel, either by train or plane. So, both in terms of regulation and
immunity, it is indicated that vaccination is closely related to the improvement of the tourism sector in
Indonesia.
Table 9. Growth in Accommodation and Food Beverage Provision subsectors in quarter I and II-2021
Growth (Percent)
Subsector

Quarter I-2021
q-to-q

y-on-y

Quarter II-2021
c-to-c

q-to-q

y-on-y

c-to-c

Accommodation
Provision

-3.20

-17.61

-17.61

1.87

45.07

5.36

Food Beverage
Provision

-1.52

-4.94

-4.94

1.91

17.88

5.35

Based on Table 9, the subsector of Accommodation and Food Beverage Provision grew in the
period of Quarter II-2021. Especially in the accommodation provision, which year-on-year grew by
45.07 percent in that period. This growth is a very good news considering that accommodation is one
of the worst hit industries during the Covid-19 pandemic. The vaccination program was indicated to
go hand in hand with the Accommodation and Food Beverage Provision subsectors, which are tourism
supporting subsectors.
Unfortunately, information of domestic tourists number is not yet available for the first semester of
2021. So that the tourism pattern of the Indonesian people cannot be observed. However, information
on foreign visits can be used as an early picture of the recovery of the tourism industry from a
regulatory perspective, where regulations go hand in hand with the development of the Covid-19
recovery in Indonesia.
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Figure 2. Number of foreign residents visiting through the air gate in 2021
Figure 2 shows an increasing in visits during 2021 until it reaches two peaks in April and June
2021. The selected visits are visits by air gates, because in general foreigners who want to travel will
use air transportation modes. This number of visits has the same pattern as the previous tourism
supporting indicators. Then it is go hand in hand with vaccinations which increased in mid-2021.
Before this number decreased in July 2021 due to the implementation of Emergency PPKM.
Indications of the entry of the Delta variant of the Covid-19 virus from foreign people became the
reference for government to close the door again.
5. Conclusion
Overall, based on the canonical correlation, it can be concluded that vaccination is closely related to
improving the health and economic conditions of the Indonesian people. Both generate canonical
correlations of up to 0.834 (vaccination-health) and 0.716 (vaccination-economy). Meanwhile, if
broken down by each variable, the increase in vaccination rate will encourage the development of
recovery rate, mortality rate, economic growth, LFPR, and unemployment rate in a better direction. In
a more specific point of view, there are indication that vaccination has a positive correlation to tourism
sector development. Meanwhile, further research involving other, more complete factors is needed to
see the impact of vaccination on positive cases, poverty rate, and Gini ratio. Bias must have occurred
in this research, because it is a social research which in fact many factors are involved. However, the
results of this study can provide an overview of how vaccination potentially has an impact on
improving Indonesia's health and economic conditions.
The results of this study are in line with the theory put forward by experts and the history of past
pandemic eradication, Covid-19 vaccination program in Indonesia indicates a positive relationship
with the acceleration towards herd immunity and economy recovery. Of course, there are many factors
that courage herd immunity, but the strong correlation coefficient shows that the government can
accelerate the process of eradicating the pandemic through the intervention of vaccination program.
Meanwhile, the government must have a special strategy related to employment because of the low
correlation between vaccination and LFPR. Either through expanding employment opportunities or
encouraging people to become entrepreneurs, the government must intervene immediately. In addition,
Emergency PPKM in fact had a really big impact on the economy. The tourism industry, which began
to improve towards the middle of 2021, then sluggish again along with the Emergency PPKM
implementation. Once again, the government has to rack their brains to formulate policies that have an
impact on both health and the economy.
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Abstract. The emergence of the digital economy is indicated to affect the employment sector.
The job opportunities created by the digital economy provide an opportunity for workers to
work in poor jobs, full of risks and indecent works. This study aims: first, to describe the
economic digital and indecent work conditions in Indonesia. Second, to investigate the direct
influence of infrastructure and digital media on the digital economy. Third, to examine the
direct impact of the digital economy on indecent work. The data used is secondary data with
observations from 34 provinces sourced from BPS and other ministries. Using the SEM-PLS
analysis method, the results show that infrastructure and digital media positively impact the
digital economy. Similarly, the digital economy, reflected by e-commerce sellers and buyers,
has a positive and significant relationship to indecent work as reflected by Employment
Excessive Working Time (EEWT), Precarious Employment Rate (PER), and non-union
workers. It can be said that the increase in the digital economy influences the conditions of
indecent work.

1. Introduction
Since its introduction in 1996 by Don Tapscott, the digital economy is now growing. Even the digital
economy is capable enough to contribute to increasing world income. This potential also occurs in
Indonesia. The value of e-commerce transactions in Indonesia is predicted to continue to grow every
year. It is even expected that in 2018 it can reach 144.1 trillion IDR and 237 trillion IDR in 2022 [1].
In addition, the supporting aspects of the digital economy in Indonesia also show a progressive
development. In 2018, 93.9 percent of all Indonesian Internet Service Providers Association (APJII)
survey respondents accessed the internet through their mobile phones [2]. Furthermore, in 2018 almost
40 percent of Indonesia's population had also used the internet [3]. This figure may continue rising
because the Indonesian government, through the National Medium-Term Government Plan (RPJMN)
for the 2020-2024 period, targets the digital economy's contribution to the GDP of 4.66 percent [4].
The digital economy has potential resources that may influence the employment sector. This
indication is even more remarkable considering that the ease of economic transactions through the
digital economy increases the demand for goods and services, affecting the use of labor following the
Cobb-Douglass law [5]. The influence of the digital economy on employment shows an adverse effect,
and some offer a positive impact. As many as 52.6 million conventional jobs are potentially replaced
by digital systems and cause an increase in the number of unemployed [6]. However, the economic
growth of e-sales and e-commerce in 10 countries on the European continent positively impacts the
development of labor demand, especially in technology and knowledge-based jobs [7]. On the other
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hand, regardless of the positive or negative influence of the digital economy on the employment
sector, it is indicated that the digital economy will continue to affect poor working conditions. As a
form of negation of decent work, improper work can be defined as a job that does not guarantee every
worker to work productively and human rights are not fulfilled [8].
Decent work is conceptualized by the International Labor Organization (ILO) into ten main
elements: employment opportunities, adequate income and productive work, decent working hours,
combining work, family, and personal life, work to be abolished, stability and job security, equal
opportunity and treatment in employment, safe working environment, social security, and social
dialogue as representatives of workers and employers. The indecent works use the negation of all
decent job elements. From Figure 1, several indicators measure the main aspects of decent work from
2016 to 2019 and show unfavorable conditions. Indicators of Precarious Employment Rate (PER),
Employment Population to Rate (EPR), and Low Pay Rate (LPR) during this period showed an
increase. The increase in EPR accompanied by the rise in PER and LPR indicates that the existing job
opportunities are not yet qualified to guarantee decent work. Moreover, when viewed from the
development of social security indicators, which declined in 2019, it increasingly indicated that the
availability of job opportunities had not been accompanied by the provision of social security for
workers. Furthermore, when compared with the development of the digital economy, which continues
to increase, this phenomenon supports that the digital economy is indicated to affect inadequate
working conditions.

Figure 1. The decent work indicator in Indonesia, 2016-2019
Source: BPS Statistics Indonesia
Although, it cannot be denied that the phenomena and data related to the digital economy and its
impacts have not been fully collected by the relevant institutions in Indonesia. However, by looking at
the potential effects, exploratory research in this field is needed. Moreover, the vital role of decent
work as SDGs pillars and poverty alleviation requires the government to form special regulations to
protect workers. The Minister of Manpower stated that adaptive labor regulations related to decent
work principles are needed to respond to changes in the digital economy era [9].
One of the studies that specifically discusses the relationship of e-commerce to decent work
conditions is the research of Gultom et al. [10]. This literature study mentioned some indications along
with the birth of the e-commerce platform: a reduction in the number of workers to be employed
because they are replaced by machines, an increase in the mental stress level of workers because
workers with low abilities are no longer needed, and the high inequality in the number of workers in
the informal sector. Therefore, digitalization poses a security risk for these informal workers who do
not have social security. Based on this research, the presence of e-commerce allows a reduction in the
number of workers (downsizing). The effect of downsizing on decent work conditions has been further
investigated by Osthus [11], and the results show that downsizing is closely related to job insecurity.
Nam [12] with 2001 US baseline survey data obtained that technology significantly affects job
insecurity and employee uncertainty and weakens the relationship between workers' psychological
contracts with workers.
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Based on the background we mentioned above, our research purposes are to describe the economic
digital and indecent work conditions in Indonesia. The second is to investigate the direct influence of
infrastructure and digital media on the digital economy. The third is to examine the digital economy’s
direct impact on indecent work. The paper’s structure starts with the introduction part that describes
the background and motives of the study. The hypothesis development is explained in the literature
review and hypothesis section. The data source and Structural Equation Modelling are presented in the
methodology section. The results section contains the study results and discussions. The last section is
the conclusion section that provides the conclusion, implications, and research limitations.
2. Literature Review and Hypothesis
The digital economy has not yet been precisely defined and agreed upon by experts. The Organization
for Economic Co-operation and Development (OECD), the Australian Department of Broadband,
Communications and the Digital Economy (DBCD) define the digital economy as a combination of
technology and the range of economic and social activities that people carry out through the internet
and related technologies [12]. A similar definition was also conveyed by the Bureau of Economic
Analysis (BEA) that the digital economy is a transaction that is closely related to the internet and
information, communication, and technology (ICT).
Other components support the process of digitizing the economy into a digital economy. Compared
to other major components, infrastructure and digital media, e-commerce tends to be an essential focus
for describing the digital economy. It is supported by Mesenbourg's research [14] which included an ecommerce component in the concept of a digital economy and other components, namely e-business
infrastructure. The development of e-commerce cannot be separated from other components such as
infrastructure and digital media. Stiawan's research [15] showed that the high number of computer
users indicates many people are interested in business transactions from home. In line with this,
Palinggi & C Limbongan [16], in their research, also found that micro-entrepreneurs use easier
internet access to increase their income by buying/selling online. Meanwhile, digital media is also
indicated to have a relationship with the development of e-commerce. Research conducted by Kaplan
and Haenlein [17] concluded that social media (a form of free digital media) connecting many people
easily becomes potentially attracts e-commerce entrepreneurs to promote goods to be sold and
increase sales.
The influence of the digital economy on the employment sector comes in the form of potential and
negative impacts. Gultom et al. [10] stated that one of the potentials of the digital economy is its
ability to provide many risky job opportunities. Izdihar [18] found that along with the development of
the digital economy, the demand for conventional labor in Indonesia is decreasing. Regardless of the
potential and negative impacts, the digital economy is indicated to affect poor working conditions. The
disappearance of some jobs will encourage workers to work in perfunctory employment. In contrast,
creating skilled jobs does not guarantee that all workers will work productively and fulfill their rights.
This statement is supported by BPS [19] that job loss is an incentive for the workforce to work
perfunctorily by working in other forms of inappropriate work. Referring to the definition of decent
work by the ILO, improper work is defined as work that does not guarantee the equality, freedom,
security, and dignity of its workers as human beings.
Based on the explanation above, we propose several hypotheses as follows:
H1: Infrastructure has a positive influence on e-commerce
H2: Digital media has a positive impact on e-commerce
H3: E-commerce positively affect the indecent work
3. Methodology
3.1. Scope of the research
This research focuses on forming a structural equation model of the relationship between the digital
economy and indecent work. The unit of analysis is the 34 provinces in Indonesia, and 2019 is the year
of observation. The variables in this study are latent, so the dependent variable is referred to as the
endogenous construct. The independent variable is further referred to as the exogenous construct. A
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latent variable or construct is an abstract concept that cannot be measured directly. It can only be
observed indirectly through its effect on indicators [20].
Exogenous constructs in this study include infrastructure constructs and digital media constructs.
At the same time, the endogenous construct consists of the construct of e-commerce and the construct
of indecent work. Apart from being an endogenous construct, the e-commerce construct can also be
used as an intervention construct. However, the limitation of the unit of observation becomes a
limitation for building a too complex model. According to the rule of thumb, the number of samples
for the SEM-PLS method is ten times the largest number of structural model paths directed at certain
constructs in the structural model [20]. In measuring each construct, manifest variables (indicators) are
used to reflect the condition of the construct. Overall, there are 16 indicators used with the following
details: five reflect infrastructure constructs, two reflect digital media constructs, three reflect ecommerce, and six reflect indecent work (Appendix 1).
The scope of the analysis of indecent work in this study focuses on five elements, namely working
hours, job stability and security, safe work environment, social security, and social dialogue. These
five main elements are chosen by considering the influence of the digital economy on the emergence
of non-standard and risky forms of work [10]. Meanwhile, the analysis on e-commerce will focus on
e-commerce, including e-commerce sellers and buyers. It is considered sufficient because several
previous studies use similar indicators [29].
3.2. Analysis Method
This study uses two analytical methods, namely descriptive analysis and inferential analysis. The
descriptive analysis uses tables and graphs to describe the condition of each construct which is
reflected by the indicators. The inferential analysis uses the SEM-PLS method with the path diagram
construction, as shown in Figure 2.

Figure 2. Path Diagram of Conceptual Framework
Structural Equation
Before the analysis, we estimate the unpublished indicators from microdata. Those are PTL2, PTL3,
PTL4, PTL5, and PTL6 (Appendix 1). All are calculated using a formula from BPS Statistics
Indonesia and using weights. Next, the inferential analysis section will be explained as follows:
1. Conceptualization of the model by designing the relationship between indicators and
constructs (measurement model) and the relationship between constructs (structural model)
based on theoretical studies and literature review. The relationship between infrastructure and
e-commerce based on Stiawan [15] dan Palinggi & C Limbongan [16]; social media relations
and e-commerce based on the research of Kaplan and Haenlein [17] and BEA [13]; the
relationship between e-commerce and indecent work is based on Gultom et al. [10], Nam [12],
and Osthus [11]. Then the relationship is constructed in a path diagram (Figure 2) with the
following equation:
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Exogenous latent variables with reflective indicators:
(1)
Endogenous latent variables with reflective indicators:
(2)
The general form between endogenous latent variables:
(3)
The relationship between infrastructure and digital media with e-commerce:
(4)
The relationship of e-commerce with indecent work
(1)
The

and

are path coefficient;

,

, and

are the residuals from each equation.

2. Estimating the parameters of the SEM-PLS model, namely weight estimate, path estimate, as
well as an average estimate (means estimate) and parameter location (parameter location)
3. Hypothesis testing by resampling bootstrap standard error, evaluating the results of resampling
bootstrap on the measurement model and structural model by comparing the T-statistics value
with the T-table value. If the indicators and constructs are valid and reliable, it is continued with
the evaluation of the structural model. The criteria for all assessments are in Table 1 and Table
2. If they do not meet the requirements, re-construct the path diagram.
4. Obtaining the value of the factor score (path coefficient) of the significant model.
Table 1. Criteria, Measures, and Conditions for Evaluation of Reflective Measurement Models
Criteria
Internal Consistency
Reliability
Convergent Validity

Discriminant
Validity

Measures
Cronbach's Alpha
Composite Reliability
Outer Loading (Indicator
Reliability)
Extracted Average Variance
(AVE)
Cross-Loading
Fornell-Larcker

Conditions
Alpha ≥ 0.6
Composite reliability coefficient
> 0.7
Standard Outer loading t ≥ 0.5
AVE > 0.5
The
Outer Loading indicator > Cross
Loading
Square root AVE > Correlation
between latent constructs
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Table 2. Criteria, Measures, and Conditions for Evaluation of Structural Models
Criteria
Measures
Conditions
Non-Colinearity
VIF
VIF < 5, tolerance = 0.2
Structural Model
Hypothesized positive relationships (one-tail)
t-value
Significance
p-value
P-value < 0.05
Predictive Accuracy
≥ 0.75 (substantial); 0.5 ≤
< 0.75 (moderate); 0.25 ≤
R2
< 0.5 (weak)
Effect Size
≥ 0.35 (large effects); 0.15 ≤
< 0.35 (medium
effects); 0.02 ≤
< 0,15 (small effects);
< 0.02 (there
is no effect)
Predictive
> 0, the path model’s predictive relevance for a
Relevance
particular dependent construct;
≤ 0, the path model’s
lacks predictive relevance for a particular dependent
construct; with omission distance (D) = 7
≥ 0.35 (large effects); 0.15 ≤
< 0.35 (medium
Effect Size
effects); 0.02 ≤
< 0.15 (small effects)
More concisely, Figure 3 is a flow diagram of the data analysis process carried out.

Figure 3. Flowchart of the Formation of
Structural Equation Model the Effect of the
Digital Economy on Indecent Work
4. Results
4.1. Overview of the Digital Economy and Indecent Work
The emergence of the digital economy in Indonesia is indicated to bring changes to the community's
economic activities. The process of adapting technology in the implementation of the digital economy,
especially in e-commerce companies, poses a dilemma about the effects that exist. Technology that
continues to develop and the inability of workers to adapt makes workers vulnerable to being left out.
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In addition, this can also lead to a new pattern of work relations and the absence of a work contract
that can cause workers to become economically vulnerable or known as a form of unskilled work. The
following will describe the condition of several indicators that represent the condition of the digital
economy and inadequate employment.
4.1.1. Infrastructure. Digital economy infrastructure is supporting infrastructure for the sustainability
of digital economic activities. The digital economy infrastructure includes technology and digitization
in the form of wireless communication tools/mobile phones (HP), computers, and the interconnected
network (internet). In addition, infrastructure can also be in the form of investment in the ICT sector
through capital expenditures for the ICT sector and internet access service points. The development of
infrastructure in each province in Indonesia shows different conditions and even tends to be unequal.
Except for the internet access service point, eastern Indonesia offers lower scores than the national
average for these indicators. A large number of internet access service points in the east region comes
from the massive provision of internet access in public places (schools, health centers, and village
halls) in border areas and frontier areas, following the procurement principle of the Ministry of
Communication and Information, outermost, and lagging (3T) [21]. Meanwhile, the condition of good
infrastructure is indicated by the indicators that are still dominant in the islands of Java and Sumatra,
particularly the DKI Jakarta Province and the Riau Archipelago Province. An illustration of one of the
indicators that build the infrastructure construct, namely the internet user indicator, is presented in
Figure 4.

Figure 4. Percentage of Internet Users in Indonesia 2019
4.1.2. Digital Media. The development of technology and information provides changes in the form of
information distribution. Information that is previously obtained through print media, such as
newspapers, or sound, such as radio, is now digitized in a container called digital media. The condition
of digital media development in all provinces shows fairly evenly distributed results on information
media indicators. Still, it offers an unequal value for the eastern region on social media indicators. The
disparity in this indicator is exacerbated by establishing several policies related to the use of social
media in the Java Island region, especially the D.I Province. Yogyakarta. The implementation of the
Jogja Smart Province concept as a grand design by Governor D.I. Yogyakarta aims to stimulate
innovation on all fronts by utilizing digital technology for all aspects of service [22]. This concept
requires the people of Yogyakarta D.I Province to adapt more quickly and make digital technology a
necessity, including social media. The picture of the inequality in the percentage of social media users
is depicted in Figure 5.
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Figure 5. Percentage of Internet Users Using the Internet for
Social Media in Indonesia 2019
4.1.3. E-Commerce. The condition of e-commerce as a proxy for the digital economy shows a
reasonably good shape in several provinces. All indicators used to reflect e-commerce have a national
average of 12.46 percent for the user indicator, 11.84 percent for buyers, and 4.21 percent for ecommerce sellers. This condition is much lower than the predicted transaction value and total ecommerce retail sales released by e-marketers and Statista. However, this vast difference does not
necessarily make one of the data wrong or inaccurate considering the methods used by the two are also
different. Of the 34 provinces, the Province of D.I Yogyakarta owns the highest score for all indicators
with a percentage value of 25.42 percent for users, 20.37 percent for buyers, and 10.62 for sellers.
These high values are supported by the fact that in terms of infrastructure and digital media, D.I.
Yogyakarta also shows excellent potential. Based on the publication of Thematic Gender Statistics:
Profile of the Indonesian Millennial Generation [23] D.I. Yogyakarta also managed to have the highest
percentage value of millennial entrepreneurs who use internet media to sell goods and services with a
percentage of 15.01 percent. The description of e-commerce sellers and buyers in Indonesia is
depicted in Figure 6.

Figure 6. Percentage of Indonesian E-commerce Buyers and Sellers
2019
4.1.4. Indecent Work. The absence of decent work measurement toppled with the complexity of the
goals of the decent job makes the measure of decent work only refer to indicators released by the ILO
and BPS Statistics Indonesia. Noted that the decent work objectives are reflected in the four pillars of
rights at work, full and productive work, social protection, and social dialogue) Of the nine elements
presented by BPS Statistics Indonesia, this study uses five elements with six leading indicators. These
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six indicators are the Underemployment Rate (TSP) and EEWT to represent the element of decent
working hours, PER to represent the element of stability and job security, Workers without Social
Security to represent the element of social security, Percentage of Workers with Health Complaints to
represent elements of a safe work environment. And Workers Not Members of Trade Unions to
represent elements of social dialogue as representatives of workers and employers.
The condition of each indicator is quite diverse in each region. As an illustration in Figure 7 is
described the PER indicator. Although the indicator values are pretty various, a conclusion can be
drawn that 4 out of 6 PTL indicators in the eastern region tend to have reasonably low values
compared to others. This condition can be interpreted that in the five elements of PTL, the working
conditions in the eastern region are more feasible than the others. Two indicators that place the east
region with a score that tends to be higher are the indicator for workers without social security and the
CSR indicator. Meanwhile, from the high indicator values in the western region, the Riau Islands
Province, DKI Jakarta Province, and West Java Province rank relatively stable on several indicators.
When compared with the conditions of e-commerce in Figure 6, the three provinces also occupy a
relatively high position. The existence of e-commerce in an area also increases the conditions of
indecent work in that area.

Figure 7. The Precarious Employment Rate in Indonesia 2019
4.2. Structural Equation Modeling: The Effect of the Digital Economy on Decent Work
The structural model of the influence of the digital economy on decent work is composed of two
exogenous latent variables: infrastructure ( ), digital media ( ) and two latent endogenous variables:
e-commerce ( ), indecent work ( ). The construction of the path diagram is following Figure 2.
After constructing the relationship in the analysis using SEM-PLS, the next step is to estimate the
measurement model. The estimation results obtained are depicted in Figure 8.
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Figure 8. Measurement and Structural Model Path Diagram
Each construct is described using reflective indicators so that in interpreting Figure 6 in an
equation, one of them can be written as follows:
Infrastructure construct with HP user reflective indicators
(6)
Furthermore, the constructs and their associated indicators are written in the same way. Before
estimating the structural model (inner model I), the measurement model is first evaluated to ensure
that the indicators used to reflect the latent variables are reliable and valid. The evaluation criteria that
will be carried out include internal consistency (reliability), convergent validity, and discriminant
validity. In evaluating internal consistency, Cronbach's Alpha criteria and composite reliability are
used. Based on Table 1, conclusions are obtained from the measurement of these criteria in Table 3.
Table 3. Internal consistency reliability criteria
Notes

Composite
Reliability

Cronbach's Alpha

Infrastructure

0.768

Digital media
E-Commerce
Indecent work

Latent Variables

Composite
Reliability

Cronbach's Alpha

0.481

Fulfilled

Not fulfilled

0.795
0.894

0.495
0.937

Fulfilled
Fulfilled

Not fulfilled
Fulfilled

0.363

0.510

Fulfilled

Not fulfilled

From this measurement, the path model that has been constructed does not meet the reliable
criteria. It means that each indicator still needs to be re-evaluated to conclude which indicator is better
eliminated. The following evaluation is the criteria for convergent validity. Convergent validity is
calculated using two measures, namely outer loading and AVE. Using the rules in Table 1, from all the
outer loading values , the path diagram coefficients in Figure 8, several indicators do not meet the
criteria. Maintaining indicators that do not meet the requirements can affect the content validity of the
constructed constructs. Therefore, these indicators are eliminated. The eliminated indicators are I4,
PTL1, PTL4, and PTL5. After being eliminated, the model evaluation is carried out again until the size
is obtained in Table 4. The elimination of indicators increases the measurement value and makes the
evaluation of the re-specification results meet the criteria, except for Cronbach's Alpha criteria for
digital media constructs. However, constructs with Cronbach's Alpha value of less than 0.6 can still be
used considering the composite reliability value that has been met Hair et al. [20]. Meanwhile, in the
e-commerce construct, Cronbach's Alpha criteria show a substantial value. Hair et al. [20] stated that
Cronbach's Alpha with more than 0.9 indicates that the measure used is derived from the exact
measurement and allows measurement bias to arise. The e-commerce User indicator (E3) is eliminated
to reduce the bias. This indicator is chosen with the consideration that some e-commerce users may
also be e-commerce buyers. The results of the second re-specification evaluation are written in Table
5, and it can be seen that the criteria have been met.
Table 4. Comparison of AVE and Initial Model Composite Reliability and First Specification

Infrastructure
Digital media

AVE

AVE
Respesification

Composite
Reliability

0.605
0.660

0.668
0.660

0.768
0.795

Respesification
Composite
Reliability
0.885
0.794

Cronbach’s Respesification
Alpha
Cronbach’s Alpha
0.481
0.495

0.823
0.495
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E-Commerce
Indecent work

0.889
0.453

0.889
0.739

0.894
0.363

0.960
0.895

0.937
0.510

0.937
0.823

Table 5. The AVE, Composite Reliability, dan
Cronbach's Alpha Second Re-specification
AVE
Infrastructure
Digital media
E-Commerce

0.668
0.660
0.866

Composite
Reliability
0.886
0.795
0.928

Cronbach’s Alpha
0.823
0.495
0.846

The respecified model is evaluated using cross-loadings and Fornell-larcker criteria to assess its
discriminant validity. Discriminant validity is carried out to determine how far the difference between
one construct and another construct is. The cross-loading criteria are met if the outer loading value is
greater than the cross-loading value. In Appendix 2, the entire value of the outer loading of each
indicator on the latent variable is greater than the value of the cross-loading. Furthermore, the FornellLacker criterion works by comparing the square root of the extracted mean value of variance (AVE)
with the correlation of the latent variables. Based on Table 6, the square root value of AVE is on the
diagonal of the table and shows a greater value than the correlation of latent variables with other
constructs. So, it can be concluded that the constructs share more variance with related indicators than
with other constructs, and the reflective constructs already meet discriminant validity.
Table 6. Fornell-Lacker (Square Root of Extracted Average Variance)
E-Commerce Infrastructure
Infrastructure
Digital media
E-Commerce
Indecent work

0.931
0.807
0.717
0.701

0.817
0.627
0.758

Digital media

0.831
0.583

Indecent
work

0.860

After all indicators and constructs have been valid and reliable, we get the structural model estimation.
The structural model is evaluated to see the predictive ability or the suitability of the model that has
been built. Estimates were made using the bootstrapping method with 5,000 replications and a
significance level of 5 percent. The null hypothesis being tested is that there is no effect between
latent variables. Suppose the p-value is less than the significance level. In that case, it can be
concluded that there is sufficient evidence stating the relationship between latent variables at a
significance level of 5 percent. Based on Table 7, it can be seen that all paths of the structural model
are significant with a p-value of less than alpha, which means that there is a relationship between
latent variables.
Table 7. Structural Model Path Coefficient

Infrastructure → E-Commerce
Digital media → E-Commerce
E-Commerce → Indecent work

Original
Sample (O)
0.589
0.349
0.701

T-Statistics

P-Value

5.877
2.490
8.689

0.000
0.006
0.000

If the model is written in the form of a linear equation, the structural equation will be obtained as
follows:
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*

Significant at α = 0.05

The model that has been built is then evaluated using the criteria of non-multicollinearity,
predictive accuracy, and predictive relevance. A good model is a model that does not have collinearity
between constructs, so the bias caused by this collinearity does not interfere with the modeling. Based
on Table 8, it can be concluded that all constructs have met these criteria. Furthermore, predictive
accuracy and predictive relevance can be seen in Table 9. It is supposed that the structural model built
has predictive accuracy and predictive relevance, which is quite good and fulfilled so that the
structural model building can be studied further to get more information related to the relationship
between constructs.
Table 8. Structural model VIF construct
E-Commerce

Indecent work

1.647
1.647

1.000

Infrastructure
Digital media
E-Commerce
Table 9. Values
Latent Variables
Infrastruktur
Media Digital
E-commerce
Indecent work

R2
0.73
0.50

Criteria
R2
Moderate
Moderate

,

,

and

of Structural Model

Criteria
0.75
0.25
-

Large
Medium

0.599
0.332

Criteria
Q2
Fulfilled
Fulfilled

0.404
0.120
-

Criteria
q2
Large
Medium

4.3. Relationship of Infrastructure and Digital Media to E-commerce and E-commerce to Decent
Work
The estimation results of the structural model show that the infrastructure constructs and digital media
both have a significant influence on e-commerce. In the infrastructure construct, the path coefficient is
0.589, while in the digital media construct, the path coefficient is 0.349. This positive path coefficient
value means that the constructs of e-commerce and digital media positively influence the e-commerce.
This finding follows the findings of Gumah and Jamaluddin [24] that the increase in internet users, as
a form of infrastructure, indicates the development of public access to support the development of
digital economic activities. Meanwhile, the findings related to digital media follow the results of
Sharma and Aggarwal [25] which, show that buyers whose cognitive satisfaction is met with
information on goods/services will repeat purchases at the same e-commerce or called repurchase.
The structural model of the relationship between e-commerce and unskilled work shows a path
coefficient of 0.701. The positive path coefficient in this model can be interpreted that the increase in
e-commerce as reflected by e-commerce buyers and sellers will have a positive effect on inadequate
working conditions as reflected in the Employment Excessive Working Time (EEWT), Precarious
Employment Rate (PER), and Workers Not Members of Trade Unions. This positive effect is in line
with the findings of Gultom [10] that the presence of e-commerce poses a significant risk of changing
job opportunities due to e-commerce. It is because extensive job opportunities will reduce the quality
of human labor, especially for low-demand workers. This influence can be indicated as a chain effect
of the demand and supply in the labor market due to an increase in the demand for goods or services.
Employers respond to the rise in demand due to technology by adding labor. Still, the marginal
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product of labor (VMPE) is greater than the wage to be paid (W) in the addition of labor, requiring
employers to seek profits by hiring workers without contracts (gig workers) and increase working
hours. Gig worker is a term for a short contract, freelance, outsourcing, and "on-demand work"
systems. As a non-standard form of work, gig workers have vulnerabilities and non-fulfillment of
decent work standards such as sufficient and predictable income [26]. Based on the report on the
results of the 2018 e-commerce insights & salary survey conducted by the Cranberry Panda institution
in 2018 [27], on average, 53 percent of e-commerce workers experienced more than 2 hours of
working hours per week. This continuous increase in working hours will reduce worker productivity
and interfere with personal life and relationships with family [28]. Therefore, it is included as one of
the indications of an increase in indecent working conditions.
5. Conclusions
The e-commerce and its components in 34 provinces of Indonesia show good scores. Meanwhile, the
conditions of work that are not feasible offer a high enough value, meaning that the work requirements
in Indonesia can be said to need to be reviewed for feasibility. In the description of the two variables,
it can be seen that the value of infrastructure and digital media indicators in several provinces is in line
with the value of each e-commerce indicator in that province. In addition, several e-commerce
indicators in several provinces also show values that are in line with the values of several indicators of
decent work in those provinces. Furthermore, valid and reliable indicators are obtained to reflect each
variable. The percentage of HP/Wireless users, the rate of computer users, the percentage of internet
users, and capital expenditures in the ICT sector reflect the condition of infrastructure. Information
media and social media reflect the condition of digital media. Meanwhile, the percentage of ecommerce buyers and sellers reflects e-commerce. In the case of non-decent work, there are EEWT,
PER, and Workers Not Members of Trade Unions as indicators that reflect the indecent work.
Through the structural equation with a significance of five percent, there is a positive and
significant relationship between the infrastructure and digital media constructs on the e-commerce
construct. The government should provide and build infrastructure and provide easy internet access for
every Indonesian community. The result shows positive and significant relationship between the ecommerce construct and the improper work construct. So, it can be said that the existence of the
digital economy in Indonesia has not provided an optimal influence on decent work conditions in
Indonesia. We recommend the government to consider the following policies: hourly wage policy to
ensure workers with more controlled working hours have their welfare under control, policies to
monitor companies conducting electronic trading activities so as not to exploit gig workers, promote
trade union promotions to make workers aware on the importance of trade unions, and promote
training for workers to improve workers’ abilities so they are not easily left out by technology.
Further research may add indicators of the value of e-commerce transactions and other forms of
digital media and complement the elements of inappropriate work studied by covering all aspects to
see the digital economy's influence on indecent work from a broader perspective.
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Appendix
Appendix 1. Details of Latent Variables and Research Indicators
Latent Variables
Manifest Variables (Indicators)
Code
Percentage of Mobile Phones
I1
(HP) or Wireless
Communication Users
Infrastructure
( )

Digital Media
( )

E-commerce
( )

Percentage of Computer Users

I2

Percentage of Internet Users

I3

Number of Internet Access
Location
Number of Capital Spending
Realization for ICT
Percentage of Internet Users
Using the Internet for
Information Media
Percentage of Internet Users
Using the Internet for Social
Media

Publication of People’s Welfare
Statistics
Publication of People’s Welfare
Statistics
BAKTI Ministry of
Communication and Informatics
DJPK Ministry of Finance

M1

Publication of People’s Welfare
Statistics

M2

Publication of People’s Welfare
Statistics

E1

E-commerce Sellers

E2

E-commerce Users

E3

Employment Excessive Working
Time (EEWT)
Precarious Employment Rate
(PER)
Percentage of Workers Without
Social Security
Percentage of Workers with
Health Complaints
Percentage of Workers Without
Workers’ Association

Publication of People’s Welfare
Statistics

I5

E-commerce Buyers

Underemployment Rate

Indecent Work
( )

I4

Source

PTL1
PTL2
PTL3
PTL4
PTL5
PTL6

Publication of People’s Welfare
Statistics
Publication of People’s Welfare
Statistics
Publication of People’s Welfare
Statistics
Publication of Labor Market
Indicator
National Labor Force Survey
August 2019
National Labor Force Survey
August 2019
National Labor Force Survey
August 2019
National Social and Economic
Survey March 2019
National Labor Force Survey
August 2019
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Appendix 2. Cross-Loading and Outer Loading Values of Reflective Indicators
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Abstract. This study examines the impact of existence of the Indonesian Palapa Ring Project
(PRP) infrastructure on connectivity and economic activities in 46 districts in the West,
Central, and East package of PRP in 2015-2020. Connectivity is an internet activity that
measured by using percentage of internet use and economic activity is measured by using
Gross Regional Domestic Product (GRDP). The fixed effect staggered difference-in-difference
is utilized to analyze the panel data obtained from Badan Pusat Statistik (BPS)-Statistics
Indonesia. An examination of parallel trend assumptions, robustness check, and heterogeneity
analysis are also presented. The results show that PRP infrastructure has a positive and
significant impact on connectivity; yet has no significant effect on economic activity. In
response to the findings, the policy should be designed by intensifying coverage and quality of
the internet; proliferating Information Communication Technology (ICT) facilities in rural
areas; and expanding education and digital literacy programs.

1. Introduction
Since digital technology has thrived in the last decade, there are just a few Indonesians that are
connected to the internet [1]. In the same period, the number of internet users in neighboring countries,
i.e., Thailand, Philippines, and Vietnam increased twice or more than twice of Indonesian internet
users percentage.
Nowadays, the internet has grown rapidly and created new opportunities [2]. It plays a prominent
role in the Covid-19 pandemic era where people were forced to be more engaged digitally either in
advanced or less developed regions. [3] declared that Indonesia’s digital economy increased as the
second fastest-growing among Southeast Asian countries. Furthermore, the digital economy in 2025 is
predicted to bring nearly more than four times the value-added [4]. However, the digital benefit on
economic growth will occur for those who can overcome the unbalance of internet users because of
geographic characteristics [5]. To meet the challenges, providing better internet access through Palapa
Ring Project (PRP) infrastructure is one of Indonesia’s strategic plans to narrow the gaps of
geographic digital.
The PRP infrastructure constructs submarine and inland optical fiber internet cables in the
underdeveloped region or District/Municipality to link the archipelagos to digital connectivity using
technological complexity [6]. Famous with the name of "Sky Highway", PRP was categorized into
three packages, i.e, West, Central, and East that include 57 non-commercial districts.

418

R Eschachasthi et al

On the impact of various Information Communication Technology (ICT) infrastructures, a large
body of literature appears various results. [7] showed that broadband infrastructure establishment and
penetration tend to increase economic growth in OECD countries. Even though broadband expansion
throughout remote regions in the United States (US) caused increasing in local employment rate and
average salary, these impacts do not represent that infrastructure expansion improves economic
activities [8]. [9] found that economic growth will accelerate the number of social products, which will
lead to an increase in living standards and the wellbeing of the population. Meanwhile, by using fuzzy
regression discontinuity analysis [10] found no evidence of increasing the United Kingdom (UK)
business performance that resulted from the existence of high-speed transfer broadband. Even so, this
study showed that improving internet adoption depend on better access to infrastructure.
Various studies have also been conducted to observe the relationship between submarine internet
cable on employment and economic growth, [11]–[13]. Meanwhile, studies related to the effect of
PRP on human development through a qualitative approach was conducted by [14], while the impact
of PRP on the social and economic competitiveness index was done by [15].
Considering the PRP infrastructure developed by using high investment with laying fiber-optic
network in the non-commercial region, there is limited policy evaluation about PRP could deliver
desirable impact. Unfortunately, there were a few quantitative studies that represent to evaluate the
existence of optical fiber networks in Indonesia.
Hence, this study aims to investigate whether the deployment of fiber optic cable of PRP can
effectively narrow the connectivity gaps by region and improve economic activities. Connectivity is an
internet activity that measured by using percentage of internet use and economic activity is measured
by using Gross Regional Domestic Product (GRDP). Using a matching fixed effects (FE) staggered
difference-in-difference (diff-in-diff) model on the panel data, we can explore the apparent causal
effect of the non-random assigned policy in the case of PRP. This framework also allows us to explore
the possible changes in internet use and economic activity when fiber optic cable of PRP arrives at
various times.
This study appears that the existence of PRP infrastructure has a positive impact on the increasing
percentage of individuals using the internet, but has no impact on GRDP. Note that the endogeneity
bias may persist on the result as this study cannot fulfill the specific diff-in-diff assumptions.
However, the result is robust after including several different sets of covariates to the specification.
Finally, the findings and policy recommendations from this study are expected to contribute to the
impact evaluation concerning the relationship among infrastructure development, internet disparities,
and economic growth in order to improve the living standards and welfare.
2. Methodology
2.1. Data and variables
This study evaluates the impact of fiber optic internet backbones under PRP that gradually arrived
during 2015-2020 in 46 districts in West, Central, and East Packages on the internet and economic
activities. Note that the 46 districts represent the location of the PRP’s landing points as presented on
the submarine cable map website (https://www.submarinecablemap.com/). As the primary data
source, this study utilizes the National Socio-Economic Survey (Susenas) March 2015-2020 of 46
districts conducted by Badan Pusat Statistik (BPS)-Statistics Indonesia (Table 1). This survey covered
about 300,000 households in all the districts in Indonesia hence represented the data or information for
each districts. In addition, this study also utilizes other source data from BPS-Statistics Indonesia, e.g.
GRDP and number of population. The variables used in the model estimation, including dependent
variables and explanatory variables that consist of PRP treatment and control variables, are presented
in Table 2.
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Table 1. List of Research Objects.
No
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46

Area ID
1408
1410
1473
1507
2101
2103
2104
2105
2171
6172
7103
7104
7108
7171
7201
7202
7208
7211
7402
7412
7414
7471
7472
8203
8205
8207
8208
8271
8272
5302
5307
5314
5320
5371
8101
8105
8108
8172
9104
9105
9404
9408
9412
9414
9415
9427

Province
Riau
Jambi
Kepulauan Riau
Kalimantan Barat
Sulawesi Utara

Sulawesi Tengah

Sulawesi Tenggara

Maluku Utara

Nusa Tenggara Timur

Maluku
Papua Barat

Papua

District
Bengkalis
Kepulauan Meranti
Dumai*
Tanjung Jabung Barat
Karimun
Natuna
Lingga
Kepulauan Anambas
Batam*
Singkawang*
Kepulauan Sangihe
Kepulauan Talaud
Kep. Siau Tagulandang Biaro
Manado*
Banggai Kepulauan
Banggai
Parigi Moutong
Banggai Laut
Muna
Konawe Kepulauan
Buton Tengah
Kendari*
Bau-bau*
Kepulauan Sula
Halmahera Utara
Pulau Morotai
Pulau Taliabu
Ternate*
Tidore Kepulauan*
Sumba Timur
Alor
Rote Ndao
Sabu Raijua
Kupang*
Maluku Tenggara Barat
Kepulauan Aru
Maluku Barat Daya
Tual*
Teluk Bintuni
Manokwari
Nabire
Kepulauan Yapen
Mimika
Mappi
Asmat
Supiori

Note: *) municipality
Source: https://www.submarinecablemap.com/

Landing Points
Bengkalis
Tebingtinggi Island
Dumai
Kuala Tungkal
Karimun
Natuna, Ranai
Lingga
Terempa
Batam
Singkawang
Tahuna
Melonguane
Ondong Siau
Manado
Salakan
Luwuk
Buranga
Banggai
Raha
Wawonii
Lakudo
Kendari
Baubau
Sanana
Tobelo
Morotai
Taliabu
Ternate
Sofifi, Tidore
Waingapu
Kokar
Baa
Seba
Kupang
Suemlaki
Kep. Aru
Serwaru, Tiakur
Tual
Teluk
Manokwari
Nabire
Yapen
Timika
Kota Mappi
Agats
Supiori

Packages

West

Central

East

The first variable of interest inetuse represents the percentage of individuals aged five and above
who accessed the internet in the last three months. While the second variable of interest lgrdp
represents the size of the economy for each district in natural logarithm form. The histograms in
Figure A1 (see appendix) visually indicates that these two dependent variables are normally
distributed.
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Table 2. List of variables used in the model estimation.
Variable
Dependent:
inetuse

percentage of internet users

Susenas, BPS-Statistics Indonesia

lgrdp

GRDP (ln)

publication and website of BPSStatistics Indonesia

Explanatory:

Description

Source

pov

PRP time-dummy variable:
1 – when PRP was ready for
service in March of year t
0 – else
percentage of poor population

lpop

number of population (ln)

website of BPS-Statistics Indonesia

urban
mys

percentage urban population
mean years of schooling
percentage individual own
cellular phone
expected years of schooling

Susenas, BPS-Statistics Indonesia
Susenas, BPS-Statistics Indonesia

PRP
(treatment)

phown
eys

submarine cable map website
Susenas, BPS-Statistics Indonesia

Susenas, BPS
Susenas, BPS

The dummy variable of PRP indicates treatment effect caused by the fiber optic internet backbones
under PRP. It takes value one since March in the closest year where PRP was completed or ready for
service and all periods afterward; else zero. We use this strategy since our main source data was
March Susenas, as such we consider the condition before and after the PRP was based on March.
Assumption holds that the society could access the internet as soon as the PRP was finished. For
example, PRP West package has been ready for service since February 2018, thus the dummy takes
value one for 10 districts covered in 2018-2020; else zero. The 22 districts in the Central package
value one for 2019-2020; else zero since the package has been completed since December 2018.
Meanwhile, 17 districts in the East package value one for 2020 and zero for 2015-2019 as the package
has been finished since October 2019. Unfortunately, due to the limitation on data availability, the data
before treatment are greater—about 3 to 4 years— than the data after the project—about 1 to 3 years.
2.2. Estimation procedure
The several models would be employed to check the robustness of the regression coefficient estimates,
especially for the dummy variable of PRP, that indicates the impact of PRP on the internet penetration
(inetuse) as people are expected to have a higher digital engagement and on district’s GDRP (lgrdp) as
internet adoption could boost economic productivity. First, this study employs the naïve model as
follows:
(1)
with i and t are subscripts for district and year, respectively and
is error term. This model provides
preliminary impact of PRP on both dependent variables through coefficient estimate , without
considering impact from other auxiliary variables. Unfortunately, the estimates produced by this
model are potentially biased due to heterogeneity in the panel data. In addition, the endogeneity issue
also arise since the PRP appears to be partially non-exogenously designed as each package has
different time, in terms of the project being completed and ready to use. This is a common condition as
an infrastructure project, especially for national scale, first started from specific region [16]. As
described in the previous sub-section that the first ready to service package is West package followed
by the Central and East packages. By considering this condition, i.e. the PRP is staggered, to minimize
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the bias in baseline data this study only employs the districts that have PRP landing points in 2020,
echoing the previous study [17]. Another strategy to reduce the policy endogeneity in panel studies
was by employing region-fixed effects; however, this procedure somewhat will not remove the
possibility of endogeneity issue from time-variant region characteristics [18].
Second, the full specification model used in this study is fixed effect (FE) staggered different-indifferent (diff-in-diff) as follows:
(2)
with X is a set of exogenous or explanatory variables with the impacts indicated by coefficient
estimates . Two fixed effects are incorporated in this model, i.e. district effect that controls any
time-invariant effects across districts and time effect that controls any period shock. To produce
unbiased estimated effect, FE staggered diff-in-diff model relies on parallel trend assumption that
implies the parallel condition is appears for the time path of outcome variables in the absence of the
project between treated and control group. The are several methods to test the parallel trend
assumption, i.e. Granger-type causality tests, group-specific linear trends, and covariates balance test
[19].
Third, the propensity score matching (PSM) in diff-in-diff model is utilized in this study to
overcome parallel trend assumption by matching pre-treated outcomes of two groups before estimating
the diff-in-diff model. This method could be performed for the non-randomized treatment to mitigate
the time-constant unobserved variables in the two groups [20]. Finally, this study also performs
heterogeneity analysis to check whether the PRP impact variation across the three packages.
3. Results and Analysis
3.1. Descriptive analysis
As previously mentioned, the PRP consists of districts that are grouped into three packages, i.e.,
Western, Central, and Eastern. The average changes of internet users over 2015-2020 by district and
packages of PRP are presented in Figure 1. Generally, the districts covered in the PRP have
experienced a positive impact on the internet users. From the figure, Manokwari (Papua Barat) appears
to be the highest increase on the average change of percentage of internet users. Meanwhile, the lowest
change was experienced by the district of Asmat (Papua). Interestingly, these two districts are in the
same group, i.e., Eastern package. It indicates that over five years, the Eastern region has relatively
more heterogeneous average change of internet users compared to the other packages.
On the contrary, the Western package appears to have a more homogenous average change of
internet users compared to other packages. The districts in this region were more advanced in terms of
the percentage of internet users, as the PRP Western package was operated earlier than the others. The
figure shows that the district of Singkawang (Kalimantan Barat) has the highest average change in
internet users, contrarily the district of Lingga (Kepulauan Riau) has the opposite condition.
Meanwhile, in the Central package, the highest and lowest average changes in internet users are
experienced by Buton Tengah (Sulawesi Utara) and Kepulauan Sula (Maluku Utara), respectively.
Figure 2 shows the percentage of internet users in 2020 as the last time reference of this study when
all of the PRP packages were ready for operating. The districts of Batam (Kepulauan Riau), Kendari
(Sulawesi Tenggara), and Kupang (Nusa Tenggara Timur) have the highest percentage of internet
users in each package. Note that the two latter districts are the capital of the province. While the
former is one of the districts with the most strategic location for international trade, industrial centre,
and also tourism [21]. Moreover, in 2021, the Indonesian government has initiated the Special
Economic Zones (SEZ) of Batam Aero Technic and Nongsa in Batam with the main activities in
maintenance, repair, and overhaul (MRO) industry and also tourism and digital park to absorb the
labors, attract the investment, and hence increase economic performance [22]. Nevertheless, related to
the average change in figure 1, these three districts have a moderate average change in internet users
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over 2015-2020. Meanwhile, Lingga (Kepulauan Riau), Kepulauan Sula (Maluku Utara), and Asmat
(Papua) are the districts with the lowest percentage of internet users in each package.

Figure 1. Average change of internet users by PRP package and district, 2015-2020 (%).
Note: *) municipality.
Source: Authors’ calculation from Susenas March 2015-2020.

Figure 2. Internet users by PRP package and district, 2020 (%).
Note: *) municipality.
Source: Authors’ calculation from Susenas March 2020.
Figure 3 describes the average economic growth by PRP packages and district during 2015-2020.
While most of the districts in three packages have experienced a positive average economic growth,
two districts in the Western package which are Kepulauan Anambas (Kepulauan Riau) and Bengkalis
(Riau) likely to suffer from a negative average economic growth. Among the three packages, the
Central region seems to have a higher level of economic growth with Banggai (Central Sulawesi) has
the highest growth and Parigi Moutong (Central Sulawesi) has the lowest percentage. Meanwhile, the
Central package appears to have a relatively homogenous range, with Mimika (Papua) holds the
lowest average growth.
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Figure 3. Average economic growth by PRP package and district, 2015-2020 (%).
Note: *) municipality
Source: publication and website of BPS-Statistics Indonesia 2015-2020.
Figure 4 presents the GRDP of all districts based on the PRP package year 2020. The figure shows
that Batam (Kepulauan Riau), Manado (Sulawesi Utara), and Mimika (Papua) have the highest GRDP
in each package. Batam is one of the leading districts in international trade and industry as its strategic
location from Singapore and Malaysia. Manado is the second-largest economy in Sulawesi after
Makassar. Meanwhile, the most substantial share contributing to Mimika’s GRDP is the mining and
excavation sector as the PT. Freeport Indonesia– a leading mining company – operated in this district.
On the contrary, Lingga (Kepulauan Riau), Konawe Kepulauan (Sulawesi Tenggara), and Supiori
(Papua) have the lowest GRDP in each package.

Figure 4. GRDP by PRP package and district, 2020 (billion Rp).
Note: *) municipality
Source: publication and website of BPS-Statistics Indonesia 2020.
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3.2. FE staggered diff-in-diff model
The initial impact of PRP on the percentage of internet users and district’s GRDP through naïve model
is presented in Table 3. The result shows that the deployment of PRP has a positive significant impact
on both variables of interest. The fiber optic internet backbones under PRP could increase the share of
internet users up to 19,217% and boost the district’s GRDP up to 44,10%. Since this naïve model
produced a biased coefficient estimate, the impact of PRP need to be examined further using diff-indiff models.
Table 3. Estimation result of naïve model.
Variable
(1)
PRP (treatment)

inetuse
(2)
19.217***
(1.994)

lgrdp
(3)
0.441***
(0.169)

constant

21.188***
(1.057)
274

15.186***
(0.092)
276

Observations

R2
0.265
Notes: standard errors are in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.
Source: Authors’ calculation.

0.025

The multicollinearity check was performed before estimating diff-in-diff model. Table A2 (see
appendix) shows pairwise correlation and Variance Inflation Factor (VIF). The table gives a view that
all pairwise correlation coefficients between covariates are less than 0.8 and all the covariates have
VIF below 10 indicating that the variables are free from multicollinearity issues. Hence, all the
covariates are sufficient to be incorporated into the model.
Table 4 provides the estimation result of FE staggered diff-in-diff model both with and without
control variables. To overcome arbitrary serial correlation over the period within groups, the standard
errors are clustered at the district level [23]. By incorporating the control variables in the model, the
coefficient estimates are expected to be more precise or have smaller standard errors [24]. The result
shows that the existence of PRP significantly increases the percentage of internet users by 1.944%
when the control variables are not included and by 1.707% when the control variables are included in
the model indicates that the estimation of PRP impact is quite robust. On the contrary, the deployment
of PRP has no significant impact on district’s GRDP both when the control variables are included or
not.
From six control variables, only the percentage of urban population that statistically significantly
affects the percentage of internet users; 1 percent increase of urban population leads to the higher
percentage of internet users by 0.42 percentage point. Meanwhile, there is no evidence to say that the
PRP establishment significantly affected GRDP. This model also shows that all covariates are not
statistically significant, except the percent of individuals who own cellular phones. A rise of 1 percent
of individuals who own cellular phones would increase the GRDP by 0.40 percentage point.
Next, the parallel trend assumption checking is performed for both FE staggered diff-in-diff model
with and without control variables using the Granger causality test and group-specific linear trend
(Table A3 and A4 in appendix). The Granger causality performed by including the first lag of dummy
variable PRP in the model. The results in Table A3 and A4 column (3) for model without control
variables and column (6) for model with control variables show that all the coefficient estimates for
the first lag of PRP are statistically insignificant indicate the anticipatory effect did not exist before
PRP or parallel assumption holds. Otherwise, from the group-specific linear trend as provided in Table
A3 and A4 column (4) for model without control variables and column (7) for model with control
variables, the parallel trend assumption is not satisfied since the results are jointly significant,
indicated by P-value of joint test less than 1%.
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Table 4. Estimation result of FE staggered diff-in-diff model.
Variable
(1)
PRP (treatment)

FE staggered diff-in-diff
without control variables
inetuse
lgrdp
(2)
(3)
1.944**
0.000
(0.942)
(0.016)

FE staggered diff-in-diff
with control variables
inetuse
lgrdp
(4)
(5)
1.707*
0.001
(0.891)
(0.014)

pov

-0.489
(0.510)

0.003
(0.005)

lpop

4.713
(7.260)

-0.178
(0.120)

urban

0.420**
(0.158)

-0.002
(0.004)

mys

0.298
(2.148)

-0.005
(0.045)

phown

0.028
(0.069)

0.004*
(0.002)

eys

-0.589
(2.401)

-0.016
(0.046)

District Fixed
Effect
Time Fixed Effect
Observations
R2

Yes

Yes

Yes

Yes

Yes
274
0.893

Yes
276
0.703

Yes
280
0.792

Yes
238
0.256

Notes: clustered standard errors are in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.
Source: Authors’ calculation.

According to this mix results, the coefficient estimate of PRP impact may suffer from endogeneity
bias, however, we are keen to provide the tools for robustness check. Thus, this study employs
staggered diff-in-diff panel estimation by including one-by-one covariates to examine if the estimated
treatment effects to outcome variables are relatively unchanged. Table A6 and A7 (see appendix)
show the result of the PRP effect on percentage of internet users and GRDP. Both tables show that the
estimated coefficients of inetuse, lgrdp, and all covariates are relatively unchanged in terms of
number, direction, and significance as indication of robustness. Hence from the estimation results; the
existence of PRP could provide a positive impact on internet penetration and brings no impact on
GRDP.
3.3. Matching staggered diff-in-diff model
As the parallel trend assumption is violated, the combine method of matching using PSM and diff-indiff model would be utilized as an alternative model. The inspection of balanced comparison between
before and after matching is performed using the graph of standardized percentage bias of control
variables (Figure A2 and A3 in appendix). The scattered and far from zero standardized percentage
bias of these variables are depicted before and even after matching for the two outcomes, i.e.
percentage of internet users (Figure A2) and GRDP (Figure A3), indicates that before and after
matching are less balance as we have relatively small number of observations.
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Table 5. Estimation result of matching diff-in-diff model.
Variable
(1)
PRP (treatment)

1.870***
(0.000)
Yes
32.066***
(0.000)
8
1.000

Control variables
constant
Observations
R2

inetuse
(2)

0.053***
(0.000)
Yes
15.390***
(0.000)
8
1.000

lgrdp
(3)

Notes: both models also include control variables, district and time fixed effect. clustered
standard errors are in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.
Source: Authors’ calculation.

Table 5 provides estimation of PRP impact on the percentage of internet users and GRDP from the
matching diff-in-diff model. Both estimated impacts appear to be statistically significant at 1 percent
significance level. However, these results may suffer from endogeneity biased since the graphs on
standardized percentage bias did not provide substantially balanced comparison. Moreover, this
specification only able to match eight observations, indicating that the matching diff-in-diff is not a
reliable alternative. Since the matching diff-in-diff failed to meet its requirement, hence, the final
model used in the analysis comes from FE staggered diff-in-diff model (Table 4).
3.4. Heterogeneity analysis
The impact of the existence of PRP infrastructure may vary across sections, therefore this study
attempts to explore whether heterogeneity impacts the packages. Unfortunately, the small size of
district observation causes matching staggered diff-in-diff for heterogeneity checking cannot be
performed in this dataset. Furthermore, staggered diff-in-diff regressions are conducted to investigate
heterogeneous impact across the packages. It is important to note that staggered diff-in-diff
estimations possibility suffers from endogeneity bias. However, an initial view of the heterogeneity
impact of PRP showed on the results.
Table 6. Heterogeneity effect of PRP using the staggered diff-in-diff model
Variable
(1)
PRP (treatment)
Control variables
Constant
District Fixed Effect
Time Fixed effect

West
(2)
31.775***
(2.394)

Inetuse
Central
(3)
21.022***
(3.326)

East
(4)
15.374**
(6.630)

Yes
Yes
Yes
Yes
60
0.977

Yes
Yes
Yes
Yes
112
0.939

Yes
Yes
Yes
Yes
102
0.846

West
(5)
0.192*
(0.089)

lgrdp
Central
(6)
0.156***
(0.035)

East
(7)
0.261***
(0.037)

Yes
Yes
Yes
Yes
60
0.556

Yes
Yes
Yes
Yes
112
0.910

Yes
Yes
Yes
Yes
102
0.758

Observations
R-squared
Notes: both models also include control variables, district and time fixed effect. clustered standard errors
are in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.
Source: Authors’ calculation.

The findings suggest that there were significant positive estimated impacts on internet use and
GRDP in the packages. It indicates that there is a heterogeneity impact of PRP across regions. In
particular, the largest effect of PRP infrastructure on internet penetration is on the West package is the
largest then followed by Central and East. These findings confirm that the earlier the project is
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finished, the higher utilization of the network. In consequence, people in the West area are better at
enjoying digital connectivity. Even so, it is important to highlight that these results do not hold
exogeneity conditions. Moreover, the appearance of heterogeneity impact could be due to different
baseline conditions. Aside from the well-existing infrastructure in West districts, one may notice that
people living in western Indonesia are likely to have a better quality of life such as better digital skills,
better education, better education, and readiness to use the new ICT compared to others. Even though
the PRP infrastructure in the East package has been finished last year, the estimated effect on GRDP
appears to be the highest. A plausible explanation is that less developed districts tend to experience
economic growth leapfrog compared to more developed regions under the same category of
infrastructure development [25].
Conclusion
The connectivity gap is a condition where internet access and infrastructure are unevenly distributed
across regions. It is a common phenomenon in developing countries, including Indonesia. The
telecommunication services providers believed that more finance need to build the infrastructure in the
non-commercial and low profitable value of regions. In response, the government deploys PRP
infrastructure or fiber optic internet backbones to provide infrastructure in order to make internet
connection easier and faster thus narrow the digital gaps. Unfortunately, till PRP infrastructure was
officially launched in the last year, there is a limited evaluation of the impact of PRP infrastructure on
internet users and economic activities.
This study attempts to investigate the impact of the existence of PRP infrastructure on connectivity
and economic activity by using FE staggered diff-in-diff model. Generally, from the descriptive
analysis the districts covered in the PRP have experienced a positive impact on the connectivity and
economic activity. This phenomenon supports the evidence from inferential analysis that the existence
of PRP infrastructure has a positive and significant impact on increasing internet participation. In other
hand, this phenomenon doesn’t support for GRDP since the existence of PRP has no significant effect
on enhancing GRDP. Though that estimation result is relatively robust, it is important to state that the
results from the specification may suffer from endogeneity bias as this study fails to provide evidence
to satisfy parallel trend assumptions. Hence, a PSM or matching FE staggered diff-in-diff was
performed to mitigate the problem; unfortunately, the limited number of observations prevented us
from having zero biases as there were only eight matching observations. Then, the estimation results
from FE staggered diff-in-diff model are used as final estimation.
From the heterogeneity analysis, there is a heterogeneity impact of PRP on connectivity and
economic activity depicted across packages. It also supported by the variation of percentage of internet
users ad GRDP that visually appear across packages on descriptive analysis. These circumstances,
perhaps, can be used as the preliminary information for the government to determine the priority areas
for internet infrastructure development.
Referring to the result of the FE staggered diff-in-diff model, the establishment of PRP
infrastructure has escalated the number of people using the internet; however, the effect is not yet able
to enhance economic activities. Given that the project has just been launched, thus the second finding
may be somewhat premature. The possible explanation why the mega-project fails to deliver an
increasing on GDP is that people have limited knowledge and ICT skills, which restricts them to get
the huge benefit of the internet. Consequently, they may prefer using the internet for entertainment
purposes instead of seeking a job or earning a living.
In response to these findings, this study proposes several long-term policy recommendations. First,
the policy should be designed with better collaboration and coordination between the policymaker and
private sectors. Instead of being disincentives, the existence PRP infrastructure expected encourage
commercial providers in exploiting the newly established infrastructure. While the center of attention
tends to develop infrastructure policy, improvement quality such as coverage expansion and signal
amplification should be taken to narrow the digital gaps. Second, while the urban population also
plays a role in increasing internet users, the policy should focus on proliferating ICT facilities in rural
areas. Third, since the percentage of phone use effect on GRDP, thus maintaining stability price of
cellular phone, expanding education and digital literacy programs are also essential to improve
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economic activity as indicated by GRDP. Therefore, further studies can be carried out by exploring
which specific GRDP sector experienced a higher growth.
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Appendix A

Source: Authors’ calculation.
Figure A1. Histogram of percentage of individual using the internet, and GRDP (ln).
Table A1. Summary statistics variables.
Variable
(1)
Outcomes
% internet users (inetuse)
Ln GRDP (lgrdp)
Control Variables
% poor population (pov)
Ln number of populations (lpop)
% urban population (urban)
Mean years of schooling (mys)
% individual own cellular phone
(phown)
Expected years of schooling (eys)

Source: Authors’ calculation.

Obs.
(2)

Before PRP (PRP=0)
Mean
Std. dev.
(3)
(4)

Obs.
(5)

After PRP (PRP=1)
Mean
Std. dev.
(6)
(7)

189
191

21.188
15.186

14.518
1.277

85
85

40.405
15.627

15.624
1.310

190
191
189
191
189

17.417
11.799
36.457
8.274
50.476

10.230
0.774
27.859
1.550
16.946

85
85
85
85
85

12.412
11.988
45.085
8.682
60.315

8.461
0.833
28.283
1.483
12.751

191

12.532

1.423

85

13.023

1.139
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Table A2. Pairwise correlation coefficients between the covariates and VIF.
Covariates
(1)
Pairwise correlation
pov
lpop
urban
mys
phown
eys
VIF

pov
(2)
1.0000
-0.3869
-0.4953
-0.4069
-0.5547
-0.4116
1.5040

Source: Authors’ calculation.

lpop
(3)
1.0000
0.5604
0.3894
0.5116
0.3530
1.5260

Outcome variable
urban
mys
(4)
(5)

1.0000
0.6934
0.7486
0.5292
3.0230

1.0000
0.6676
0.6659
2.6015

phown
(6)

1.0000
0.6252
3.0423

eys
(7)

1.0000
2.0375

Table A3. Estimation result of FE staggered diff-in-diff and PSM staggered diff-in-diff model for
percentage of internet users (inetuse).

Variable

PRP
Lag PRP

(1)

FE staggered DID
without covariates
Granger
Naïve
Group
causality
model
linear trend
test
(2)
(3)
(4)
1.944**
2.584**
0.778
(0.942)
(1.238)
(0.759)
0.710
(0.904)

Naïve
model
(5)
1.707*
(0.891)

FE staggered DID
with covariates
Granger
Group
causality
linear trend
test
(6)
(7)
3.172**
0.132
(1.188)
(0.695)
1.070
(0.897)
-0.554
-0.728
(0.488)
(0.474)
**
56.575
5.104

Matching
FE
staggered
DID
(8)
1.870***
(0.000)

lpop

-0.489
(0.510)
4.713

urban

(7.260)
0.420**

(23.719)
0.403**

(6.366)
0.133

(.)
0.000

mys

(0.158)
0.298

(0.170)
-0.762

(0.134)
5.201**

(.)
0.000

phown

(2.148)
0.028

(2.545)
0.107

(1.992)
0.379***

(.)
0.000

eys

(0.069)
-0.589

(0.091)
-0.402

(0.073)
-3.863**

(.)
0.000

(2.026)
652.912**
(278.747)
Yes
Yes

(1.911)
3499.435***
(711.664)
Yes
Yes
0.000
274
0.970

(.)
32.066***

pov

(2.401)
-44.488
1912.205***
(0.577)
(0.502)
(94.550)
(78.981)
District fixed effects
Yes
Yes
Yes
Yes
Time fixed effects
Yes
Yes
Yes
Yes
P-value joint test
0.000
No. of observations
274
228
274
274
R2
0.893
0.860
0.959
0.900
***
**
*
Notes: Standard errors in parentheses. p < 0.01, p < 0.05, p < 0.10.
constant

14.787***

14.783***

228
0.874

0.000
(.)
0.000

(0.000)
Yes
Yes
8
1.000

Source: Authors’ calculation.
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Table A4. Estimation result of FE staggered diff-in-diff and PSM staggered diff-in-diff model for
GRDP (lgrdp).

mys

FE staggered DID
with covariates
Granger
Group
Initial
causality
linear
model
test
trend
(5)
(6)
(7)
0.001
-0.004
0.000
(0.014)
(0.019)
(0.007)
-0.008
(0.007)
0.003
0.005
0.004
(0.005)
(0.004)
(0.004)
-0.178
0.211
0.090**
(0.120)
(0.208)
(0.042)
-0.002
0.000
0.003
(0.004)
(0.004)
(0.003)
-0.005
-0.001
-0.031

phown

(0.045)
0.004*

(0.047)
0.004

(0.033)
0.003

(.)
0.000

eys

(0.002)
-0.016

(0.003)
-0.029

(0.002)
-0.004

(.)
0.000

Variable

PRP

(1)

F.prp
pov

FE staggered DID
without covariates
Granger
Group
Initial
causality
linear
model
test
trend
(2)
(3)
(4)
0.000
-0.006
0.003
(0.016)
(0.022)
(0.009)
-0.011
(0.009)

lpop
urban

constant
District Fixed
Effects
Time Fixed
Effects
P-value joint test
No. of
observations
R2

Matching
FE
staggered
DID
(8)
0.053***
(0.000)
0.000
(.)
0.000
(.)
0.000
(.)
0.000

15.198***

15.198***

6.175***

(0.046)
17.364***

(0.053)
12.787***

(0.033)
0.820

(.)
15.390***

(0.009)

(0.008)

(1.048)

(1.836)

(2.366)

(8.122)

(0.000)

Yes

Yes

Yes

Yes

Yes

Yes

Yes

Yes

Yes

Yes

Yes

Yes

Yes

Yes

276

230

0.000
276

274

228

0.000
274

8

0.703

0.729

0.914

0.724

0.740

0.919

1.000

Notes: Standard errors in parentheses.
Source: Authors’ calculation.

***

p < 0.01,

**

*

p < 0.05, p < 0.10.
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Table A5. Estimation result of FE staggered diff-in-diff for covariate balance.
Variable
(1)
PRP

constant

pov

lpop

urban

mys

(2)
0.185

(3)
-0.002

(4)
0.732

(5)
-0.007

(6)
-0.315

(7)
-0.063

(0.203)

(0.009)

(0.516)

(0.027)

(0.789)

(0.045)

16.789***

11.809***

36.426***

8.111***

48.248***

12.273***

(0.155)

(0.003)

(0.277)

(0.021)

(0.478)

(0.033)

Yes

Yes

Yes

Yes

274
0.603

276
0.697

District Fixed
Yes
Yes
Yes
Yes
Effects
Time Fixed
Yes
Yes
Yes
Yes
Effects
275
276
274
276
Observations
2
0.403
0.508
0.545
0.809
R
Notes: Standard errors in parentheses. *** p < 0.01, ** p < 0.05, * p < 0.10.
Source: Authors’ calculation.

phown

eys

Table A6. Staggered diff-in-diff estimates of determinants of percentage of internet users (inetuse)
Variable
PRP

(1)

inetuse
(2)
1.944**
(0.942)

pov

inetuse

inetuse

inetuse

inetuse

inetuse

(3)
2.028**
(0.921)

(4)
2.031**
(0.918)

(5)
1.740*
(0.867)

(6)
1.745*
(0.872)

(7)
1.707*
(0.891)

-0.471
(0.534)

-0.447
(0.505)

-0.528
(0.504)

-0.523
(0.509)

-0.489
(0.510)

3.762
(7.747)

4.167
(7.079)

4.145
(7.125)

4.713
(7.260)

0.417**
(0.159)

0.414**
(0.158)

0.420**
(0.158)

0.381
(2.154)

0.298
(2.148)

lpop
urban
mys
phown

0.028
(0.069)

eys

-0.589
(2.401)

constant
Time fixed effects
Observations
R2

14.787***
(0.577)
Yes
274
0.893

22.700**
(8.940)
Yes
274
0.894

-22.132
(88.981)
Yes
274
0.894

-40.774
(80.187)
Yes
274
0.900

-43.545
(78.116)
Yes
274
0.900

-44.488
(78.981)
Yes
274
0.900

Notes: Standard errors in parentheses. *** p < 0.01, ** p < 0.05, * p < 0.10.
Source: Authors’ calculation.
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Table A7. Staggered diff-in-diff estimates of determinants of GRDP (lgrdp)
Variable
PRP
pov

(1)

lgrdp
(2)
0.000
(0.016)

lgrdp

lgrdp

lgrdp

lgrdp

lgrdp

(3)
0.000
(0.016)

(4)
-0.000
(0.017)

(5)
0.002
(0.016)

(6)
0.002
(0.016)

(7)
0.001
(0.014)

0.001
(0.005)

-0.000
(0.006)

-0.000
(0.006)

-0.000
(0.006)

0.003
(0.005)

-0.197
(0.176)

-0.199
(0.175)

-0.200
(0.176)

-0.178
(0.120)

-0.002
(0.004)

-0.002
(0.004)

-0.002
(0.004)

0.013
(0.043)

-0.005
(0.045)

lpop
urban
mys
phown

0.004*
(0.002)

eys

-0.016
(0.046)

15.198***
15.183***
17.528***
17.644***
(0.009)
(0.095)
(2.144)
(2.119)
Time fixed effects
Yes
Yes
Yes
Yes
276
275
275
274
Observations
2
0.703
0.699
0.706
0.706
R
***
**
*
Notes: Standard errors in parentheses.
p < 0.01, p < 0.05, p < 0.10.
Source: Authors’ calculation.
constant

Source: Authors’ calculation.
Figure A2. Standardized percentage bias of
covariate for percentage internet users.

17.549***
(2.207)
Yes
274
0.707

17.364***
(1.836)
Yes
274
0.724

Source: Authors’ calculation.
Figure A3. Standardized percentage bias of
covariate for GRDP (ln).

433

R Eschachasthi et al

References
[1]
[2]
[3]
[4]

[5]

[6]

[7]
[8]
[9]
[10]
[11]
[12]
[13]
[14]
[15]
[16]

[17]
[18]
[19]
[20]

W. Bank, ―I
ndividuals using the internet (% of population)-Indonesia,‖ 2020. [Online].
Available: https://data.worldbank.org/indicator/IT.NET.USER.ZS?locations=ID%3E 11
October 2020.
A. Barua, A. B. Whinston, and F. Yin, ―
Value and productivity in the Internet economy,‖
Computer (Long. Beach. Calif)., vol. 33, no. 5, pp. 102–105, 2000.
Google; and Temasek/Bain, ―e
-Conomy SEA 2019,‖ Google & Temasek/Bain, 2016. [Online].
Available:
https://www.blog.google/documents/47/SEA_Internet_Economy_Report_2019.pdf.
McKinsey, ―Unlo
cking Indonesia’s digital opportunity,‖ McKinsey & Company, 2016. [Online].
Available: https://www.mckinsey.com/~/media/McKinsey/Locations/Asia/Indonesia/Our
Insights/Unlocking Indonesias digital
opportunity/Unlocking_Indonesias_digital_opportunity.ashx. [Accessed: 13-Oct-2020].
World Bank, ―
The digital economy in Southeast Asia: strengthening the foundations for future
growth,‖ World Bank, 2019. [Online]. Available:
http://documents1.worldbank.org/curated/en/328941558708267736/pdf/The-DigitalEconomy-in-Southeast-Asia-Strengthening-the-Foundations-for-Future-Growth.pdf.
[Accessed: 13-Oct-2020].
MCIT, ―I
ni skema kerja sama pemerintah badan usaha di palapa ring (The cooperation scheme
between government and business entities in palapa ring),‖ MCIT, 2016. [Online]. Available:
https://kominfo.go.id/content/detail/6997/ini-skema-kerja-sama-pemerintah-badan-usaha-dipalapa-ring/0/sorotan_media. [Accessed: 17-Oct-2020].
N. Czernich, O. Falck, T. Kretschmer, and L. Woesmann, ―
Broadband infrastructure and
economic growth,‖ Econ. J., vol. 121, no. 552, pp. 505–532, 2011.
J. Kolko, ―Bro
adband and local growth,‖ J. Urban Econ., vol. 71, pp. 100–113, 2012.
M. B. Bulturbayevich and M. B. Jurayevich, ―
The impact of the digital economy on economic
growth,‖ Int. J. Business, Law, Educ., vol. 1, no. 1, pp. 4–7, 2020.
T. De Stefano, R. Kneller, and J. Timmis, ―
The (fuzzy) digital divide: the effect of broadband
internet use on UK firm performance,‖ 2014.
J. Cariolle, ―
Telecommunication submarine-cable deployment and the digital divide in SubSaharan Africa,‖ France, 2018.
J. Hjort and J. Poulsen, ―
The arrival of fast internet and employment in Africa,‖ Am. Econ. Rev.,
vol. 109, no. 3, pp. 1032–1079, 2019.
A. O’Connor, B. Anderson, A. Brower, and S. Lawrence, ―Ec
onomic impacts of submarine
fiber optic cables and broadband connectivity in Malaysia,‖ NC, 2020.
R. Adisti, ―Hum
an development impact of the implementation of broadband: a case study of the
Indonesian palapa ring project,‖ Delft University of Technology, Den Haag, 2017.
C. Handoko and X. Zhang, ―CaseStudy on The Palapa Ring Project: Prospects for Sub-National
Competitiveness,‖ 2021.
D. McKenzie, ―St
rategies for evaluating the impact of big infrastructure projects: how can we
tell if one big thing works?,‖ World Bank Blogs, 2011. [Online]. Available:
https://blogs.worldbank.org/impactevaluations/strategies-for-evaluating-the-impact-of-biginfrastructure-projects-how-can-we-tell-if-one-big-thing. [Accessed: 07-Nov-2020].
J. Stevenson and J. Wolfers, ―Bar
gaining in the shadow of the law: divorce laws and family
distress,‖ Q. J. Econ., vol. 121, no. 1, pp. 267–288, 2006.
T. Besley and A. Case, ―Un
natural Experiments? Estimating the Incidence of Endogenous
Policies,‖ Econ. J., vol. 110, no. 467, pp. 672–694, 2000.
C. Wing, K. Simon, and R. A. Bello-Gomez, ―Desi
gning difference in difference studies: best
practices for public health policy research,‖ Annu. Rev. Public Health, vol. 39, pp. 453–469,
2018.
P. Gertler, S. Martinez, P. Premand, L. B. Rawlings, and C. M. Vermeersch, Impact evaluation
in practice. Washington DC: The World Bank, 2011.

434

R Eschachasthi et al

[21] Zanuardi and Kudariyanto, ―Per
sepsi Masyarakat dalam Ketersediaan Penyediaan Infrastruktur
terhadap Tingginya Laju Pertumbuhan Penduduk Kota Batam [Community Perceptions in
the Availability of Infrastructure Provision on the High Population Growth Rate of Batam
City],‖ J. Sosek Pekerj. Umum, vol. 2, no. 3, pp. 151–157, 2010.
[22] Indonesia National Council of SEZ, ―Pem
erintah Tetapkan dua KEK Baru di Batam [Indonesian
Government Initiates Two New SEZs in Batam],‖ 2021. [Online]. Available:
https://kek.go.id/berita/2021/06/Pemerintah-Tetapkan-Dua-KEK-Baru-di-Batam-298.
[23] B. Lewis, ―
Does local government proliferation improve public service delivery? Evidence from
Indonesia,‖ J. Urban Public Aff., 2017.
[24] B. Lewis, ―
IDEC8026 Quantitative policy impact evaluation,‖ Lect. 31 August, slide 18,
Crawford Sch. Public Policy, Aust. Natl. Univ., 2020.
[25] J. Lin, Z. Yu, Y. Wei, and M. Wang, ―I
nternet access, spillover and regional development in
China,‖ Sustainability, vol. 9, no. 946, pp. 1–18, 2017.

435

A Nugroho and Nasrudin

Study of Exchange Rate Volatility and Its Effect on
Indonesian Economic Indicators With Potential Exchange
Rate Crisis
A Nugroho1,2*, Nasrudin1*
STIS Polytechnic of Statistics, Jakarta 13330, Indonesia
BPS Statistics of West Kutai Regency, West Kutai, East Kalimantan 75777,
Indonesia
1
2

*Corresponding author’s e-mail: *adin0nugroho01@gmail.com, nasrudin@bps.go.id
Abstract. Exchange rate volatility occurred when exchange rate movement was wildly
fluctuating which could depict uncertainty. Since Indonesia used an open economy, exchange
rate fluctuation became important to be maintained due to crisis potential. This research was
conducted to analyze the effect or impact of exchange rate volatility on the Indonesian
economy in general and few related case using time series analysis. ARIMA (Autoregressive
Integrated Moving Average) and EGARCH (Exponential Generalized Autoregressive
Conditional Heteroscedasticity) were used for measuring the volatility in the period between
1997-2021. Then, regressions were applied to analyze the impact of exchange rate volatility on
few macroeconomic indicators. The result shows that exchange rate volatility yielded a
significant negative effect on GDP Growth rate, export, and import. Logistic regression was
used to analyze the factors that were affecting the crisis potential. The result showed only a
negative GDP growth rate and high volatility that gave more risk which could lead to crisis.
Therefore, it is important to keep exchange rate volatility stable.

1. Introduction
The floating exchange rate system had been officially used as Indonesia’s current system since 1997 in
which the managed floating exchange rate system was used before. This system could drive the
exchange rate to be freely floating based on an international market mechanism. As a result, nowadays
Indonesia’s exchange rate was more dynamically changing compared to the time before 1997. Due to
that freely floating movements, any kind of disturbances including internal and external would affect
the flow which could be indicated as shocks. In fact, there were many shocks and high fluctuations
during the crisis period 1998 and 2008, 2018 and even the recent quarter of 2020 (Figure A1). This
phenomenon was commonly called as exchange rate volatility which could be defined as uncertainty
or flexibility that was caused by dynamic movements of exchange rate through time. In brief, higher
volatility could lead to higher uncertainty. Nevertheless, there was no consensus about the
measurement standard of volatility that could be used universally.
Volatility was one of the government’s main concerns to maintain the stability of economic
environment. In addition, the economy of Indonesia started to lead to openness towards the
international market. This could be seen from Indonesia’s trade flow which went faster, inflow
investments that grew up, and trade balance that fluctuated in a wide range.
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Figure 1. Net Export of Indonesia from 1997-2021 in Billion Rupiahs.
According to Figure 1 and Figure A1, it could be said that exchange rate volatility had a big role on
Indonesia economy through net export as the fact that Indonesia’s nominal exchange rate went
fluctuatively uptrend since early 2008. If it was assumed that there was no difference in the quality of
goods from each country, then the one that took place as a determinant of sales was the price. Simply
said, if the price was stable then producers would easily determine how many goods should be sold
exactly, thus they were able to gain maximum profit. Besides, consumers could also be able to
approximate how many goods should be bought to gain maximum advantage. A stable exchange rate
also affected investor’s decision to invest such as increasing investment risk perception. Then, if
investors found a high risk would happen, they would tend to do wait-and-see. This certainly disrupted
the flow of trade and investment. Another impact could be seen from labor absorption. When
uncertainty goes high, the price of import goods would be rising. Companies were likely to reduce
labor absorption to avoid bankruptcy. Then, if production factors were reducing their capacity, output
was going to be reduced as well. These would slow down economic growth.
The phenomenon of Indonesia’s exchange rate depreciation in the second quarter of 2020 that
reached the lowest point of above 15000 IDR per USD (Figure A1) might be related to the case of oil
and gas net export deficit that reached 1.6 billion USD. In addition, reflecting from the historical
exchange rate movements in 1998 and 2008 during the Asian and Global crises, high exchange rate
volatility also contributed to the crises potential. So the existence of an Early Warning System and
identification of any factors that influence the potential crisis is important to be analyzed further. Some
of the objectives of this study are: (i) Studying the effect of exchange rate volatility on the Indonesian
economy, (ii) identifying exchange rate pressures using the EMP (Exchange rate Market Pressure)
index and analyze for current 2021, (iii) analyzing factors that influence the potential for a crisis.
2. Methodology
2.1. Theoretical base
2.1.1. Exchange rate volatility impact on the economy. Fluctuating exchange rates will certainly have
the potential to be volatile if it is under pressure. High volatility represents a high exchange rate
uncertainty. The uncertainty will certainly disrupt all economic activities because generally economic
actors will tend to avoid high risks. Moreover, Indonesia is a country with an open economy, so
economic activities that directly interact with exchange rates are international trade and foreign
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investment. By definition, according to Munyama and Todani (2005) [12], it was explained that
volatility is the tendency of level changes in the exchange rate. Therefore according to Supaat, et.al
(2003) [13] that volatility has an important role in the flow of commercial trade. Barkoulas et.al (2002)
[3] stated that exchange rate volatility has an important relationship with trade flows. High exchange
rate volatility can cause a high-cost economy because economic actors will tend to reduce risk by
placing prices relatively higher. This makes the competitiveness of domestic products lower.
McKinnon and Ohno (1997)[10] stated that exchange rate volatility can depress trade flows, change
the direction of investment policies, and inaccurate selection of locations for multinationals. High
exchange rate volatility will tend to reduce the volume of international trade due to uncertainty and
profit risk and also inhibit the flow of international capital in the form of both direct and portfolio
investments.
The relative price theory illustrated that the depreciation of the domestic exchange rate could
increase excess demand for exported goods, thereby giving the cause of increasing exports and
reducing imports. Another impact that might occur was the exchange rate volatility would increase the
price of imported raw materials. This caused the price of the product to be more expensive so it would
not be competitive for export. In order not to lose, exporters would shift sales to domestic so that the
nominal exports would tend to fall.
While in terms of investment, the effect of volatility could occur either directly or indirectly. The
direct impact was the increase of investor risk perception of future investments as a a result of
exchange rate uncertaity. Therefore, investors would tend to hold their investment flow by doing a
wait-and-see until the situation was considered safe enough to continue investing. As a result, high
volatility of exchange rate could indicate that country’s economy was not in a healty condition so that
investors would see this as unprofitable place to invest. This could cause massive investment
withdrawals from a country which would certainly generate a serious impact. Besides, the indirect
effect occurred when the exchange rate volatilty caused uncertainty of production factor price. To
avoid losses, investors would tend to reduce their investment in less profitable production factors, then
shift it to other investment instruments that were more profitable to maximize marginal profitability.
Based on Solow’s growth theory, the variables that influence economic growth were Output,
Capital, and Labor and those were accompanied by technological developments. So based on previous
theories regarding factor prices, it was suspected that exchange rate volatility would affect a country’s
economic growth through increament and absorption of production factors so that it would affect
production in aggregate. If the Solow and Cobb Douglas growth theory suggested the effect of
exchange rate volatility on economic growth from the supply side, then the Mundell-Fleming model,
Mundel (1961) [11] could explain the effect of the exchange rate on GDP (Gross Domestic Product)
from the demand side also. According to the model, the components of GDP from the demand side
were consumption, investment, government spending, and export-import. Based on previous theories,
the changes and uncertainties in output prices would disrupt investment flows and hamper trade flows.
Based on previous research, Zainal (2004) [14] showed that there was a relationship between
Indonesia's export performance and exchange rate volatility. As well as Campa and Goldberg (1995)
[6] that examined the relationship between changes in exchange rates and investment. So based on the
theory above, it was suspected that there was an influence of exchange rate volatility on international
trade, investment, and economic growth.
2.1.2. Exchange Market Pressure. Countries that adopt a free-floating exchange rate system would be
vulnerable to shocks both from within and outside the country. The stable fluctuation of the exchange
rate after being hit by shock and pressure showed a strong economy of a country. These pressures
could be in the form of trade wars, crises, economic policies, inflations, and even the economic
conditions of other countries. To measure this pressure, an EMP (Exchange Rate Market Pressure)
indicator was used. A country with a fixed exchange rate system would reduce the pressure by using
foreign exchange reserves. Whereas, countries with a free-floating exchange rate system would reduce
the pressure by using exchange rate changes itself. This EMP was used as an Early Warning System
by measuring how much pressure was happening. If the pressure exceeded a certain threshold or
boundary then a potential crisis could be indicated. There were no standards regarding the limits, but
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based on the world bank, model of 1.5 times standard deviations were used to identify potential crises
in a country, Imansyah (2009) [8]. The causes of financial and exchange rate crises according to Berg
and friends (1999) [4] were divided into two, namely the disruption of economic fundamentals
(inflation, economic growth, and balance of payment) and the existence of speculative attacks that
could accelerate the onset of the crisis (self-fulfilling crisis). In addition, the 1998 IMF study,
Kaminsky G (1997) [9] showed the components which could drive into the crisis were the current
account deficit, large external debt, the vulnerability of the financial sector, monetary policy that ran a
fixed exchange rate system, and interest rate that were in a high level.
2.2. Method of collecting the data
This research was conducted with a focus on Indonesia in the period of 1997 to 2018. The data used in
the analysis were secondary data with Bank Indonesia [2] and the Federal Reserve Economic Data
(FRED) [7] as the source. The GDP Growth Rate variable was the percentage change of Indonesia’s
GDP at the constant 2010 prices. Besides, the FDI variable was a Indonesia;s foreign direct investment
in million USD.Then, exports and imports were in billions rupiahs. Nominal exchange rate was in
rupiah per USD
2.3. Method of analysis
The analytical methods used in this research were descriptive and inference. Descriptive analysis was
used to give a clear picture of movements and characteristics of these variables visually by using
graphs during the study period. Whereas inference analysis was used to estimate and test hypotheses
using time series analysis. The time series methods that were used to analyze the effect of exchange
rate volatility on the economy were ARIMA (Autoregressive Integrated Moving Average) and
EGARCH (Exponential Generalized Autoregressive Conditional Heteroscedasticity), Baltagi (2010)
[1]. Meanwhile, the logistic time series regression method was used to analyze the factors that
influenced the potential for crisis.
2.3.1. Estimate exchange rate volatility. Volatility could be measured through several approaches by
utilizing data deviation. According to Bollerslev (1986) [5], the measurement of volatility can be done
using conditional variance from ARCH / GARCH. Firstly, the ARIMA method was used on the
nominal exchange rate variable to get a model. Then, a heteroscedasticity problem was found after
diagnostic testing on the error series. After that, the estimation was continued by forming a conditional
variance on the error. The best model was taken from several tentatives based on predetermined
criteria. The general model was as follows:
The mean model of the exchange rate was the ARIMA model (p, d, q)
∑

∑

(1)

While the conditional variance model formed as GARCH (p, q)
∑

∑

(2)

The series which was formed from the conditional variance model was then used as the exchange
rate volatility variable. Furthermore, an analysis was conducted to study the effect of exchange rate
volatility on several macroeconomic variables using time series regression which was involving lags
of the dependent variable and lags of the independent variable. The general model was as follows:
∑

∑

(3)
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∑

(4)

∑

∑

∑

(5)

∑

∑

(6)

Properties:
: Exchange Rate Volatility of Indonesia IDR/USD
: GDP Growth Rate of Indonesia
: First differentiation of Foreign Direct Investment of Indonesia
: First differentiation of Export of Indonesia
: First differentiation of Import of Indonesia
The best model was chosen based on the specified criteria. Then, it was tested until all the required
assumptions were met. The model interpretation was obtained based on estimation results after the
final model was formed.
2.3.2. Exchange rate Market Pressure. The development of the EMP formula provided several
modifications to the initial formula. In this study, the formula from Kaminsky, Lizondo, and Reinhart
(1999) [9] was used:
(

)

(7)

In which
(8)
(9)
Properties:
: Exchange Rate Market Pressure
: Changes in Nominal Exchange Rates
: Changes in Foreign Exchange Reserves
: Standard Deviation of Changes in Nominal Exchange Rates
: Standard Deviation of Changes in Foreign Exchange Reserves
The formula was used because researchers indicated that although Indonesia applied a free-floating
exchange rate system, government intervention was still existed to keep exchange rate fluctuations
from being too high. This could be seen from the pattern of the country's foreign exchange reserve
movement. The limit used as thresholds to identify potential crises were 1.5 standard deviations
following world bank standards and 1 standard deviation based on previous research, Imansyah (2009)
[8].
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2.3.3. Some Factors that affect Crisis Potential. The previous EMP series was taken, then recoded into
a binary-valued variable, therefore the value became 1 and 0. The recode was by classifying each of
the EMP series. The value that exceeded the 1.5 standard deviations threshold would be coded as 1
which means it was identified as a potential crisis period, while others were 0. Binary logistic
regression was used as the analysis tool to see the factors that influenced the potential for a crisis.
Furthermore, the model was tested for feasibility assumptions. After that, an interpretation of each
coefficient was taken from the final model. The general model was as follows:
(

)

(

)

(10)

3. Result
3.1. Macroeconomic variable characteristics
Based on the movement pattern of Indonesia's nominal exchange rate from 1997 to 2021, there was a
shift in 1998 compared to the time before 1998, especially when the system switched from a managedfloating to a free-floating. Moreover, Asian financial crisis in 1998 also contributed to the exchange
rate volatility, therefore it was considered as the highest volatility. Besides, high volatility also
occurred in 2008 during the global financial crisis and around 2021 during the pandemic. This
indicated that high exchange rate volatility would reflect current Indonesia’s economic state.
According to the research of Munyama and Todani (2005) [12] there was indicated that the
exchange rate and the trade balance had a relation. The net export variability seemed to be increasing
over time. Variability started to look even greater from the period 2007 to 2021. This indicated that the
flow of foreign trade was getting bigger or getting more open to the international market. However,
Indonesia's net export was seen unaffected by the crisis in 1998. It remained positive until before 2008
as the global crisis hit which then turned negative for the first time. During 2018 it seemed that
Indonesia's foreign trade was not in good condition because the deficit value throughout the year was
always relatively high. Several factors influenced were the depreciation of the exchange rate, the
impact of the US-China trade war threat, the impact of the Argentina and Turkey crisis, and the
infrastructure development program in Indonesia which needed capital goods from imports.
On the investment side, FDI (Foreign Direct Investment) variable, illustrated that in general, the
development in Indonesia improved from the period 2000 to 2021. The flow of FDI had seen more
volatile since 2009 after the global crisis. In addition, there was a very sharp decline from around
5,000 million USD to around -7000 million USD in 2016, which was approximately caused by
speculation and diversion of investment to the United States due to the discourse about an increment
of interest rates of the Central Bank of America, the Fed, and other external factors. The impact of the
crisis period did not seem to have an impact on FDI but there was still a visible pattern of decline
around the crisis period.
Meanwhile, GDP growth seemed to be more stable from around 2009 to 2019 even though the
crisis period directly impacted in 1998 that almost touching -8% per quarter. Nevertheless, it could be
said that Indonesia’s economic fundamental was getting stronger in which during the 2008 global
crisis, GDP growth per quarter was still positive instead of negative. In addition, Indonesia's GDP
growth remained stable at around 1.2% per quarter even though the exchange rate depreciation
reached 15,000 rupiahs per USD in 2020 and many other external-internal disturbances occurred. This
could picture the success of the government in maintaining and increasing Indonesia's economic
growth.
3.2. Effects of Exchange rate volatility on the Indonesian Economy
ARIMA model which was applied on the nominal exchange rate variable to obtain the exchange rate
volatility variable provided several alternative models.
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Table 1. Criteria comparison of several tentative models.
Model
ARIMA
(3,1,3)
ARIMA
(4,1,4)
ARIMA
(3,1,4)
ARIMA
(4,1,3)

R

F
significance

Criteria
Number of
t significant

0.191082

0.007051

0.271812

2

AIC

SIC

1/6

16.87771

17.09006

0.000738

3/8

16.85703

17.12247

0.195820

0.011063

0/7

16.89473

17.13362

0.209779

0.006146

3/7

16.85490

17.11380

Based on several criteria for selecting the best model included R-squared, independent variable test
both simultaneously and partial, AIC (Akaike Information Criterion), and SIC (Schwarz Information
Criterion), the researchers decided to use the ARIMA (4,1,3) model as the best model. Then,
assumption testing which included white noise test, autocorrelation test, and heteroscedastic test gave
a result that there were heteroscedastic problems. Therefore, it continued to the ARCH / GARCH
method to model the variance error. However, during error exploration, the researchers indicated an
asymmetrical pattern in the error fluctuations. Therefore, asymmetric testing was done by observing
the correlation between the squared of residuals and the lag standardized residuals (Table B1). The test
results showed that there was an asymmetrical effect on error fluctuations. Next, modeling continued
by the EGARCH method.
Table 2. Criteria comparison of several tentative models.
Model
EGARCH
(1,0)
EGARCH
(0,1)
EGARCH
(1,1)

R2

Log
likelihood

Criteria
Number of
t significant

0.385917

-736.3199

0.410956
0.332399

AIC

SIC

2/7

16.09290

16.41969

-724.4061

5/7

15.83669

16.16348

-718.8299

6/7

15.73828

16.09230

Based on the criteria above, the EGARCH model (1,1) was chosen as the best model. The
assumption test was conducted to test the feasibility of the model which the results were obtained that
the model was feasible to use. After that, the series from the conditional variance was used as an
exchange rate volatility variable which then was analyzed for its effect on several economic variables.
3.3. Effect of exchange rate volatility on GDP growth
The regression was involving GDP growth as the dependent variable, while the independent variables
were GDP growth lag, exchange rate volatility, and exchange rate volatility lag. As a result, the best
model was composed with 1 lag of GDP growth and 0 lags in exchange rate volatility. However, after
went through the assumption testing, it was found that there was still a heteroscedasticity problem.
Therefore, modeling continued with ARCH / GARCH to overcome the problem of heteroscedasticity.
So, the final model was as follows:
̂

(11)
(12)
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Based on the feasibility test of the model, it could be said that the model was already feasible to be
used because it had fulfilled all the required assumptions so that the estimator was also BLUE (Best
Linear Unbiased Estimator). Based on the estimation results, the movement of GDP growth would
remain relatively stable because current growth was in line with growth in the previous period.
Meanwhile, the exchange rate volatility variable at current time had a negative influence on GDP
growth. So, It was estimated that an increase of exchange rate volatility by 1000 rupiahs per USD
would hamper GDP growth by 0.3%. Based on the previous descriptive analysis, it was known that
GDP growth in each quarter in 2018 was stable at around 1.2% while there was also a spike in
exchange rate depreciation. This could mean that if exchange rate fluctuations were maintained in
normal condition, then it could be expected that the 2018 GDP Growth should be higher than what
was achieved.
3.4. Effect of exchange rate volatility on FDI
The regression was involving changes of FDI as the dependent variable, while independent variables
were exchange rate volatility and lag of FDI-change. The best model was composed of 3 lags of FDIchange. The final model was as follows:
(̂ )

(

)

(

)

(

)

(13)

Based on the feasibility test of the model, it could be said that the model was already feasible to be
used because it had fulfilled all the required assumptions so that the estimator was also BLUE. Based
on the estimation results, the FDI movement would fluctuate over time because the current FDIchange was not in line with FDI-change in the previous period. In addition, the exchange rate volatility
variable had a negative influence on FDI-change. Nevertheless, the effect was not significant based on
alpha 5%. It was estimated that an increase of exchange rate volatility by 1000 rupiahs per USD would
suppress FDI growth for about 472 million USD.
3.5. Effect of exchange rate volatility on export
The regression was involving changes of export as the dependent variable, while independent
variables were lag of export-change, exchange rate volatility, and lag of exchange rate volatility. The
best model was composed of 4 lag of export-change and 0 lag of exchange rate volatility. However,
after the assumption testing, it was found that there was still a heteroscedasticity problem. Therefore,
modeling continued with ARCH / GARCH to overcome the problem of heteroscedasticity. So, the
final model was as follows:
( ̂

)

(

)

(

)
(

)

(

)

(14)
(15)

Based on the feasibility test of the model, it could be said that the model was already feasible to be
used because it had fulfilled all the required assumptions so that the estimator was also BLUE. Based
on the estimation results, the export movement would fluctuate over time because the current exportchange was not in line with the export-change in the previous period. The exchange rate volatility
variable at lag 0 had a negativee influence on the export-change. The negative effect of exchange rate
volatility on exports was caused by the high prices on imported raw materials which made the price of
domestic goods relatively more expensive. Therefore, domestic goods would tend to lose
competitiveness in the international market. Furthermore, exporters would shift the sales to the
domestic market so that it would reduce the value of exports. It was estimated that an increase in
exchange rate volatility by 1000 rupiahs per USD would decrease export-change by 8.7 trillion
rupiahs.
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3.6. Effect of exchange rate volatility on import
The regression was involving changes of import as the dependent variable, while independent
variables were lag of import-change, exchange rate volatility, and lag of exchange rate volatility. The
best model consisted of 1 lag of import-change and 0 lag of exchange rate volatility. The final model
was as follows:
( ̂

)

(

(16)

)

Based on the feasibility test of the model, it could be said that the model was already feasible to be
used because it had fulfilled all the required assumptions so that the estimator was also BLUE. Based
on the estimation results, the movement of imports would be relatively stable over time because the
current import-change was in line with import-change in the previous period. The exchange rate
volatility variable at lag 0 had a negative effect on the import-change. It was estimated that an increase
of exchange rate volatility by 1000 rupiahs per USD would decrease import-change by 31 billion
rupiahs. The positive effect was caused by the exchange rate initial shock resulting in the price of
imported goods becoming more expensive than the previous. As a result, imports would increase due
to the fulfillment of a country’s needs. On the other hand, the negative effect was caused by an
adjustment due to higher prices.
3.7. Exchange rate market pressure
This measurement of exchange rate market pressure used the formula (7). Together with the
Thresholds, they produced a chart like the one below:
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Figure 2. Measurement of Indonesia’s EMP from 1997-2021
The graph above can provide a clear picture of the periods in which were indicated to have high
exchange rate market pressures that had the potential for crisis. The upper and lower limits were the
thresholds by world banks which were 1.5 and 1 standard deviation. The narrower thresholds were
more sensitive. The exchange rate depreciation in 2018 gave pressure on the exchange rate market but
it was still far from a potential crisis according to the 1.5 standard deviation threshold. However, the
government needed to be more cautious in maintaining exchange rate volatility because the pressure
that was generated in 2020 and 2021 had touched the 1.5 standard deviation threshold. It could be said
that in early Indonesia is in the middle of a crisis.
The EMP variable was recoded to a binary variable which value was 1 and 0. Then, it was
considered as a dependent variable in the binary logistic regression and used to analyze the factors that
influenced potential crises. In this new variable, a value of 1 was identified as a potential crises period.
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Besides, the independent variables were GDP growth, FDI-change, net exports, and exchange rate
volatility. The model was formed as follows:
(

)

(

)

(17)

The model was tested through feasibility tests such as autocorrelation, multicollinearity, and
goodness of fit test. The results showed that the model was feasible to use. Based on the partial
significance, it could be said that with a significance level of 5%, only the GDP growth and exchange
rate volatility variable had a significant effect on the potential crises at the 1.5 standard deviation
threshold. Meanwhile, FDI-change and net exports had an effect but were not significant. Based on
parameter estimation, a trend could be calculated using exponential rank coefficient calculation. As a
result, it was estimated that a 1% increase in GDP growth would encourage a tendency of 0.1883
towards potential crises. In other words, a 1% increase in GDP growth resulted in a tendency of 5.3 to
move away from potential crises. Besides, an 100 rupiahs increase in exchange rate volatility would
increase the tendency of 2.18 for a crisis.
4. Conclusion And Discussion
Based on the research, it is concluded as follows:
1. Exchange rate volatility has an important role in the economy because it significantly
influenced economic variables which were GDP growth and changes in exports and imports.
2. High exchange rate volatility will drag down economic growth, inhibit international trade
flow, and suppress direct investment.
3. Volatility and depreciation of exchange rate that occurred in 2021 can be used as a signal to be
more careful regarding the potential crises that went in line.
4. The factors that significantly influence the potential for crises at the 1.5 standard deviation
threshold are negative GDP growth and high exchange rate volatility.
Few recommendations proposed based on the conclusion above are:
1. The government should pay more attention to keeping the exchange rate stable. External
shocks cannot be avoided but their effects can be mitigated by maintaining macroeconomic
assumptions and strengthening the economic foundations from the inside.
2. To maintain exchange rate volatility, the government should also focus on increasing
Indonesia’s GDP growth by creating attractive investment climates. The increased
investment will trigger an increase in the production and output quality of domestic goods. It
can also play a role in overcoming deeper trade deficits. So it is expected that rapid
economic growth can avoid the risk of crises
3. Hopefully, further research will use more specific variables on commodities or other
variables that have not been used in this study.
4. It is recommended for the next researcher to use a time series method that can also identify
long-term relationship.
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Abstract. Air travelers have become one of the strategic indicators in the transportation sector.
The official data-released by Statistics Indonesia (BPS) for thirty days-lag, makes the condition
of this indicator can’t be known in real-time. By the utilization of web search data that has
been briskly evolving in recent years, this study aims to explore the possibility of using web
search data in performing short-term forecasting to know the general outlook of the indicator
earlier. Based on this study, web search data and official statistics figures show a strong
correlation and having similar movement patterns over time. The application of web search
data as a predictor in time series modeling, especially on time series regression and
autoregressive model (SARIMA and SARIMAX), turn out a predicted value that wellapproach the actual value of the response variable. In addition, it is proven that the use of web
search data can increase model accuracy. The analysis results using SARIMAX model shows
that the number of air traveller’s outflows from Bali in September and October 2021 will
generally be higher than the number in August 2021. The increasing number of air travelers is
thought due to a decrease in Covid-19 cases which has triggered the public's confidence in
travelling about to rise again.

1. Introduction
The use of the internet as support for human life is growing rapidly nowadays. The internet has
become a driving engine in the IoT (Internet of Things) and digitalization era that has disrupted almost
all sectors of life. With the number of active users around 4.65 billion people all over the world, it
brings a great implication for the use of search engines on the internet in supporting human daily
activities. In line with the rapid use of search engines, web search data on the internet also get
accelerated. One of the search engines that often be used is Google. Since Google has more than 90%
of the global market share, it has become the common way for users to explore and access
information. Google search performs a search for information according to the keywords entered by
the user. The intensity of the web search data with certain keywords produces a large volume of data
which is then stored in the Google database. Since 2004, Google has started to disseminate web-search
intensity based on keyword volume called Google Trends Index (GT Index). The GT index presents an
index that has been normalized in the range 1-100 and is available in various reporting periods ranging
from daily to annual indexes. Choi and Varian stated that information described by the GT index often
correlate with the phenomenon or trend of current activities which happens in the communities [1].
Many indicators are used to describe the state of the country's economy. In Indonesia, statistics on
these indicators are mostly released by the Statistics Indonesia (BPS) with various time-lag depend on
the business process of each survey. One of these strategic indicators that have a domino effect on the
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condition of other economic sectors is the number of air travelers. This indicator has an important
contribution especially to the transport sector in general. According to BPS data, in the second quarter
of 2021, air transport contributes a share of around 0.59% of Indonesia's GDP. In terms of its business
process, this indicator is produced by BPS with a lag of approximately 30 days. With the lag from data
collection up to the release, the condition of this sector in the current period can‟t be known.
By combining the two phenomena above, namely the problem of official statistics data that has a
time lag in the release process, and the shift in people's consumption patterns to digital consumption
preference in line with the rapid growth of internet usage - includes air travelers in managing their
trips, this study aims to examine the possibility of using web search data, especially Google Trends
Index (GT), in forecasting the movement of the official statistical data earlier. Furthermore, if there
were enough evidence in which web search data could approach the actual data well, the short-term
forecasting steps will be performed, which is estimating the number of air traveller‟s outflows from
Bali during September and October 2021.
There have been many studies that use web search data, especially GT in time series modeling. The
role of GT in predicting the number of travelers has been carried out by Choi and Varian. In his
research, it was found that GT data was able to capture the movement of traveller data to Hong Kong
as well as the data released by the National Statistics Officer [1]. Camacho stated that web search data
applied on time series regression is appropriate in modeling the number of travelers who visit Spain
[2]. In addition, Sangkon Park, Jungmin Lee, and Wonho Song also predict the number of touristinflows to South Korea using Google Trends Data. In his research, it was found that Googlecompounded models perform better than the common-normal time-series models in terms of shortterm forecasting accuracy [3].
The rest of this paper is arranged as follows: In Section 2, there is a comprehensive description of
the method used for analysis purposes in this paper. In Section 3, the result of the research where all
general descriptions and parameter results are presented. At the end, in Section 4, there are some
summary points of our study.
2. Method
2.1. Data source
There are two main data used in this study. Namely the official statistics on the number of air travelers
and web search data. This study examines monthly data from January 2011 until August 2021. This
period is chosen considering the adequacy of the research sample, the improvement of GT calculation
methodology by Google since January 2011, and the process of digitalization on the aviation industry
in Indonesia. In general, the details of data sources can be explained as follows
a.
As response variable (Yt) – Air travelers data is taken from monthly data on the number of
airplane passengers, both domestic and international departure, who depart from Ngurah Rai
International Airport collected by Statistics Indonesia.
b.
As predictor variable (Xt) – The web search data is taken from a google trends index which is
selected and processed with a certain queries‟ selection framework. The web search data in
September and October 2021 is used to nowcast the number of air travelers‟ outflows in those
periods.
In this paper, we look for queries related to travelers‟ data outflows by adopting and combining the
queries‟ selection framework proposed by Mitra, P., Anirban, S., and Sohini [4] and Feng, Y, Guowen
Li, Xiaolei Sun, Jianping Li [5]. Their construct includes the following steps:
Steps 1 : Define the seed queries. Following Choi and Varian, we start with the preliminary longlisted keyword deemed relevant for air travelers‟ information [1].
Steps 2 : Determine the related queries from seed queries using google correlate. Google correlate is
a tool that can be found on Google Trend which provides a suggestive list of keywords with
typically similar search patterns.
Steps 3 : Eliminating the duplicates queries and measure the correlation of all the clean-related
queries with the dependent variables.
Steps 4 : Choose a query with the highest correlation corresponds to the dependent variable.
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2.2. Analysis Method
The application of inference statistics was first done by using the time series regression model. This
model is chosen because it is considered well enough in capturing the dynamics of time series data
which is often influenced by lag at the previous time. Furthermore, as a benchmark for comparison of
models, autoregressive modeling is also carried out which accommodates the seasonal pattern in the
SARIMA model and its addition for exogenous variable on SARIMAX. These models will be
evaluated with certain indicators to obtain the best model before being used for the forecasting process
of air travelers‟ outflows in September and October 2021.
2.2.1. Pearson Coefficient Correlation. Pearson correlation analysis is used to determine the strength
of the relationship between two theoretically interrelated variables. Determination of the correlation’s
magnitude can be done by calculating as follows: [6]
∑
√

∑

∑
(∑

)

∑
∑

(1)
∑

Where,
= Pearson Coefficient Correlation
= Predictor variable
= Response variable
n
= Amount of sample
2.2.2. Time Series Regression. Regression analysis is a data analysis technique used to examine two or
more related variables. Time series regression consists of a dependent variable that is influenced by
theoretically-known independent variables [7].
(2)
Where,
= Response variable in t-period
= Predictor variable in t-period
= Regression coefficient from predictors-k
= error terms
2.2.3. SARIMA and SARIMAX model. The Autoregressive Integrated Moving Average (ARIMA)
model that accommodates a seasonal effect is known as Seasonal Autoregressive Integrated Moving
Average (SARIMA). Addition of variables run as predictors (exogenous variables) in the SARIMA
model is known as the SARIMAX model [8]. The general form of SARIMA [(p,d,q) (P,D,Q)]s with
modifications of adding exogenous variables can be written as follows [9]:
(3)
Where,

= AR non seasonal
= AR seasonal
= MA non-seasonal
= MA seasonal
= Differencing non seasonal
= Differencing seasonal
= Exogenous variable-k on period-t
= parameter of exogenous variable-k
= intercept
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2.2.4. Model Selection Indicators. The model selection is done by evaluating the model through two
accuracy measures, namely Root Mean Square Error (RMSE) and Mean Absolute Error (MAE).
Hyndman and Koehler state that RMSE is often used as a model evaluation method because it can
equalize the different scales of the data used. The RMSE formula can be written as follows [10]:
̂

∑

√

(4)

Mean Absolute Error (MAE) states the average absolute value of the deviation on the forecasting
results against the actual data value. MAE can be used to indicate how feasible a model is to use in
forecasting. The smaller the MAE of a model, the better the forecast value produced in approaching
the actual observed value.
̂
Where,
̂
n
3.

(5)

= Actual data
= Predicted Value
= Amount of sample

Results and Discussion

3.1. Seed Queries
Seed Queries means all the long-pre listed keywords deemed relevant to the dependent variable. As
indicated in the previous section, there were 10 different pre listed keywords were analysed in the
initial stage. Those keywords are considered as all first-thought and related aspects when travelers
experienced their travel from or into Bali, includes airport‟s name, tourism places, special cuisine, and
regency‟s name. The final set of initial keywords selected are: „bali‟, „denpasar‟, „seminyak‟, „ngurah
rai‟, „kuta‟, „ayam betutu, „nusa penida‟, „jimbaran‟, „uluwatu‟, and „sanur‟.
3.2. Related Queries
In this process, the seed queries‟ scope is extended by google correlate, which is defined as all
automatic-suggested queries by google that are mostly connected with the seed queries. There were
almost 76 unique queries produced by this step after filtering out the duplicates. In short, this process
completing the frame of all-listed queries related to travel in Bali.
3.3. Selection of Queries
After we get the frame by combining the seed and all related queries, then we calculate the correlation
of each query toward the official statistics number of air travelers‟ outflows from Bali. Here are five
queries with the highest correlation with the dependent variable:
Table 1. Five queries keyword with strongest correlation value toward dependent variable.
Queries Keyword
seminyak
sanur
bali
nusa dua
jimbaran

Correlation Coeff.
0,9353
0,9056
0,8974
0,8954
0,8697

Table 1 shows us the queries related to tourism places that playing significant roles and fulfilling
the top five keywords that mostly correlate with the outflows of people from Bali. By this finding, it
can be inferred that in general, people spent their time during at Bali is aimed at tourisms activity,
knowing that Bali famous for their tourism‟s attractiveness ad their special culture that can‟t be found
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in any other places. Web Search Queries with the keyword “Seminyak” has the strongest correlation
from the other alternatives. By this result, the set data of google trend index from this query is used as
a proxy of web search data that roles as independent variables in modeling process.
3.4. General Description of Data
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Figure 1. The pattern’s comparison of official statistics number and web search data.
From the plot in Figure 1, it can be shown that official statistics‟ number released by Statistics
Indonesia (BPS) and web search data produced with google trends have a similar pattern in general,
including their fluctuation and moving direction. Besides, the correlation coefficient which reaches
0,94 shows a strong correlation between those two variables quantitatively. These findings support the
idea that a web search data, which can be obtained relatively faster rather than the official statistics
figures, could be used as an appropriate proxy to know the condition of indicators earlier.
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Figure 2. Seasonal patterns of air traveler‟s outflows from Bali during 2011-2021 period.
From Figure 2 above, it can be seen that the trend of air travelers experiences a monthly-seasonal
pattern, where the highest peak in the number of passengers in each year usually occurs during the
mid-year holiday around August-September, and the lowest number happen often in January to March.
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This phenomenon indicates that the figures last year (t-12) is still an important point to note in
describing the fluctuation of variable value in the current period. Besides, the last two months figures
(t-1, t-2) also must be considered since a common truth of time series data that often affected by the
lag figures. Those are two concerns that the author considers when creating the statistical model,
whether using time series regression, SARIMA and SARIMAX.
3.5. Time series regression analysis
Time series regression is done by examining the two model-combination between dependent and
independent variables as follows:
Model 1:
This model is built with data of air travelers‟ outflows in last two months and seasonal effect (t-12) as
its independent variables.
(6)

Table 2. The first equation of air traveler’s outflows from Bali with time series regression
Variable
(Intercept)

Coeff.
0,571769
1,298886
-0,403383
0,060542

Std. Error
0,686875
0,087060
0,090627
0,046103

Sig.
: 1% (***) 5%(**) 10%(*)
R-squared
: 0,8743
Adjusted R2 model : 0,8710

t-Statistic
0,832421
14,91945
-4,451024
1,313170
Prob. (F-Statistic)
SIC
AIC

Prob.
0,4069
0,0000***
0,0000***
0,1918
: 0,0000
: 1,0534
: 0,9585

The results from Table 2 can be written in equation scheme as follows:
(7)
Model 2:
This model is built with data of air travelers in last two months, seasonal effect of dependent variables
(t-12), web search data in previous month (t-1), and web search data in the current period (t) as its
independent variable.
(8)

Table 3. Second equation of air traveler’s outflows from Bali with time series regression
Variable
(Intercept)

Sig

Coeff.
3,357107
0,822272
-0,328082
-0,006668
-0,426276
1,326606
: 1% (***) 5%(**) 10%(*)

Std. Error
0,607610
0,082552
0,058644
0,030142
0,159095
0,110068

t-Statistic
5,525103
9,960687
-5,594506
-0,221205
-2,679376
12,05265
Prob. (F-Statistic)

Prob.
0,0000***
0,0000***
0,0000***
0,8253
0,0085***
0,0000***
: 0,0000
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R-squared
: 0,9498
Adjusted R2 model : 0,9476

SIC
AIC

: 0,2167
: 0,0742

The results from Table 3 can be written in equation scheme as follows:
(9)

3.6. SARIMA and SARIMAX
SARIMA is an autoregressive model that accommodates seasonal effect in data. When SARIMA
model is combined with an exogenous variable as a predictor it will form SARIMAX. These two
models then compared to search the best-fitted model with the actual data. The analysis of SARIMA
model begins by observing the ACF and PACF plot of response variable in stationary phases.

Figure 3. ACF and PACF Plot from the number of air travelers‟ outflows in 1st diff.
From Figure 3 above, ACF and PACF play significant in the 1st and 2nd lag and they perform a cutoff in the next lag indicate the tentative model of AR (1) or AR (2) and MA (1) or MA(2). Besides,
there is a seasonal plot of lag multiple of 12 so then it forms a seasonal plot of SAR (12). By
considering the most minimum AIC Value, the tentative SARIMA model that has been chosen:
SARIMA (1,1,1) (1,1,0)12
Table 4. Equation of SARIMA models
Variable
(Intercept)

Coeff.
13.45056
0.843566
0.100856
0.617759

Sig.
: 1% (***) 5%(**) 10%(*)
R-squared
: 0,8814
Adjusted R2 model : 0,8775

Std. Error
0.776239
0.048758
0.145348
0.056327

t-statistic
17.32787
17.30111
0.693892
10.96738
Prob. (F-Statistic)
SIC
AIC

Prob.
0.0000***
0.0000***
0.4891
0.0000***
: 0,0000
: 0,9473
: 0,8359

Considering the SARIMA model in equation (3), the results from Table 4 can be written in equation
scheme as follows:
(10)
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Table 5. Equation of SARIMAX models
Variable
(Intercept)

Coeff.
6.924799
1.667697
0.524146
0.265193
0.077832

Std. Error
0.391691
0.107381
0.142036
0.102355
0.176049

Sig.
: 1% (***) 5%(**) 10%(*)
R-squared
: 0,9279
Adjusted R2 model : 0,9249

t-statistic
17.67925
15.53070
3.690236
2.590899
0.442104

Prob.
0.0000***
0.0000***
0.0003***
0.0107**
0.6592

Prob. (F-Statistic)
SIC
AIC

: 0,0000
: 0,4763
: 0,3426

Considering the modified SARIMAX model in equation (3), the results from Table 5 can be written in
equation scheme as follows:
(11)

3.7. Model Comparison
After dealing with model fitting, the next step is choosing the best-fitted model by comparing the
models quantitively with some accuracy indicators. Some indicators that are used can be listed as
follows: Adjusted R-squared, F-Statistics, AIC, SIC. Besides, in order to know the suitability of
models for forecasting purposes, the RMSE, MAPE, and White Noise Assumption test also be
conducted.
Table 6. Comparison of the model accuracy
Model
Regression (1st Model)
Regression (2nd Model)
SARIMA (1,1,1)(1,1,0)12
SARIMAX (1,1,1)(1,1,0)12

Adj. Rsquared
0,8710
0,9475
0,8775
0,9249

AIC

0,9584
0,0742
0,8359
0,3426

SIC

1,0534
0,2167
0,9473
0,4763

RMSE
1,1386
0,3282
1,0738
0,3396

MAE

0,9714
0,2487
0,7717
0,2347

White Noise
No
No
No
Yes

Table 6 shows us about the comparison between all analysis method that is used in this research.
As shown above, the model which includes web search data as a predictor mostly has better accuracy
in terms of Lower Mean Square Error compared to other models which exclude it. This finding is in
line with the research conclusion done by Collison and D’Amuri, in which models that accommodate
web search data produce much better accuracy than the standard time-series models that don’t
accommodate it [11,12].
By observing the results above, it can be concluded that the SARIMAX model shows the best
accuracy compared to the other models. This model also has fulfilled the white noise assumption, so
then it convinces us that the predicted value from the models can approach the actual data remarkably
good. Therefore, this model is appropriate to be used in conducting short-term forecasting on air
traveler’s outflows from Bali during September and October 2021.
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3.8. Short-term forecasting of the number air travelers’ outflows from Bali
Before performing the short-term forecasting into the dependent variable, we must evaluate whether
the predicted value has a similar pattern and fluctuation compared to the actual data.
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Figure 4. Comparison between the actual data and predicted value.
In general, the plot of predicted value has a similar pattern toward the actual value of the data,
includes the moving direction and fluctuation within the years. By these results the model is said to be
powerful in performing prediction toward the number of air travelers’ outflows from Bali.
Table 7. Short-term forecasting of number air traveler’s outflows from Bali in Sept and Oct 2021
Period
September
October

Predicted Value
114,662

% y-o-y
28,73%

% m-t-m
139,73%

263,527

164,43%

129,83%

The result of short-term forecasting is shown in Table 7. From the table above, it can be inferred
that in September and October 2021 there will be an increase in the number of air travelers from Bali.
This phenomenon could be understood because in July and August there was a tight policy from the
central government about the implementation of Emergency PPKM to reduce the increasing spread of
Covid-19 cases. While the case number of Covid-19 has been fallen and the number of new cases
could be controlled well, it triggers people to travel more, therefore encourages both m-t-m and
y-o-y’s percentage to get a positive value.
4. Conclusion
In this study, it is shown that the use of web search data, especially with the google trends index, is
appropriate to use in forming a model on the number of air traveller‟s outflows from Bali. It can be
concluded based on the movement of those two variables which have similar patterns and fluctuation
over time. By the availability of web search data which tends to be faster than official statistics figures
released by Statistics Indonesia (BPS), it can be used as an alternative data source to give a general
outlook on the number of air travelers outflows from Bali in the current period. Based on the results of
the study, tourism-related queries still dominating queries that play significantly with people activity
in Bali. In the analysis method, it can also be proven that the use of the web search data in the time
series model can increase the model‟s accuracy. By using the SARIMAX model that has been formed,
it is predicted that the number of air travelers outflows from Bali rise around 114,662 people in
September and 263,527 people in October 2021. The increase both in m-t-m and y-o-y’s trend
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compared to the previous month is expected to be the impact of de-restriction of PPKM due to the
decrease of the new and active cases of Covid-19. Therefore, it is thought that the confidence and trust
of public in traveling start to rise again.
References
[1] Choi, H., and Varian, H. 2012 Predicting the present with Google Trends Economic Record,
88(1), Issue s1, pages 2-9.
[2] Camacho, Maximo. & Pacce, Jose Matias 2017 Forecasting Travelers In Spains With Google’s
Search Volume Indices SAGE Journals
[3] Sangkon Park, Jungmin Lee & Wonho Song 2017 Short-term forecasting of Japanese tourist
inflow to South Korea using Google trends data, Journal of Travel & Tourism Marketing,
34:3, 357-368.
[4] Mitra, P., Anirban, S., and Sohini, C 2017 Nowcasting Real Estate Activity In India Using
Google Trend Data. Reserve Bank of India Occasional Papers, 38 No. 1&2, 2017.
[5] Feng, Y, Guowen Li, Xiaolei Sun, Jianping Li 2019 Forecasting the Number of Inbound Tourist
with Google Trends. 7th Int. Conf. on Information Technology and Quantitative Management
(ITQM). China.
[6] Makridakis, S., S. Wheelwright, R. Hyndman, and Y. Chang 1998 Forecasting Methods and
Applications 3rd ed. New York: John Wiley & Sons.
[7] Draper, N. R., & Smith, H. 1998 Applied Regression Analysis (3rd ed.) Canada: John Willey &
Sons, Inc
[8] Arunraj, N., Ahrens, D., and Fernandes, M 2016 Application of SARIMAX Model to forecast
Daily Sales in Food Retail Industry International Journal of Operation Research and
Information Systems.7(1), 1-21.
[9] Montgomerry, et al 2008 Introduction to Time Series Analysis and Forecasting. Amerika: John
Wiley & Sons Inc.
[10] Hyndman, R.J., & Koehler, A.B. 2006 Another Look at Measures of Forecast Accuracy.
International Journal of Forecasting, 679-688.
[11] Collison, J.A. 2019 Performance Assesment of Google Index in Forecasting Car Sales in
Argentina (Argetina: Universidad de Buenos Aires)
[12] D’Amuri, Francesco and Marcucci, Juri 2012 The predictive power of Google searches in
forecasting unemployment No 891 Temi di discussione (Economic working papers) Bank of
Italy, Economic Research and International Relations Area.

457

P P Situmorang and N Agustina

Determinants of Service Export in ASEAN Member Countries
P P Situmorang1, N Agustina2
1
2

Polytechnic of Statistics STIS, Jakarta 13330, Indonesia
Polytechnic of Statistics STIS, Jakarta 13330, Indonesia

*Corresponding author’s e-mail: 211709937@stis.ac.id, neli@stis.ac.id
Abstract. ASEAN economy has undergone a shift, as has the structure of the global economy.
The shift in the economy that occurred was from the main share of the agricultural sector to the
industrial sector and the service sector. From year to year, the ASEAN service sector continues
to experience positive growth with an increasing contribution beyond that of other sectors.
ASEAN's service exports grew higher than ASEAN's goods exports. There are still several
ASEAN member countries that experience a trade deficit in services, which is interesting to
investigate further. This study aims to analyze the performance of service exports in 10
ASEAN member countries from 2010 to 2019. The results of panel data regression using the
WLS fixed effect model show that foreign direct investment, nominal exchange rate, gross
domestic product, services value added, gross domestic product, labor force, human capital and
communication facilities have a significant effect on ASEAN's service export. The
development of communication technology, development of human resources and updating of
important policies are considered by the government to improve the performance of service
exports of ASEAN member countries.

1. Introduction
The global economy has now undergone a change in terms of the dominating sector triggered by
progress in various fields. The Association of Southeast Asia Nations (ASEAN) has an economic
growth that is always positive with an average of 5.16 percent from 2000 to 2019. As the structure of
the global economy has changed, the ASEAN economy has also experienced a shift. There has been a
shift from the main share of the agricultural sector to the industrial sector and the service sector. Based
on data from the ASEAN Secretariat, the service sector has the largest contribution to the economy in
nine out of ten ASEAN member countries in 2019. The service sector contributes more than 60
percent to the three ASEAN member countries, namely Thailand, Singapore and the Philippines. The
industrial sector occupies the second position in the economy of the majority of ASEAN member
countries besides Brunei Darussalam. The agricultural sector has the smallest role among the three
economic sectors in ASEAN and in particular does not contribute at all in Singapore. It can be said
that there is a transformation from the dominance of the agricultural sector to the service sector.
International trade can be used as a driving force for a country's economy, where international trade
is divided into two categories, namely international trade in goods and international trade in services.
ASEAN international trade in services has more potential to accelerate ASEAN economic growth,
considering that the service industry is also the fastest growing sector in ASEAN, so that it can
become the foundation of the ASEAN economy. However, since 2017 there has been a downward
trend in total economic growth, so a study related to trade in services in ASEAN is needed.
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Service exports have increased rapidly compared to other sector exports in developed and
developing countries [2]. Service export growth in developing countries has increased in general since
2011 in most service sectors. It is known that developing countries are subject to a deficit in the
services account while experiencing a surplus in the goods account. As is known, the majority of
ASEAN member countries are developing countries that have not taken a large part in supplying
services in the international service market. This prompted this research to be carried out. There are
still several ASEAN member countries that experience a trade deficit in services, which is interesting
to investigate further.
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Source : ASEAN Secretariat, processed by author
The potential possessed by international trade in ASEAN services, especially service exports, is
quite convincing. However, there is the problem of the international trade in services deficit that has
occurred for years up to 2015. Trade balance deficit occurred due to the limited ability of most
developing countries to supply service needs in the global market [2]. The high import of services has
caused ASEAN, which is dominated by developing countries, to become an association of service
importers. This condition is in line with what was disclosed by research [3], that exporters tend to be
based in large economies and high-income countries. Based on Figure 1, the ASEAN services trade
balance experienced a deficit in the services trade balance in 2010 to 2015. In the following year, 2016
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was continued until 2019, the ASEAN services trade balance had a surplus. In other words, there is a
better condition in the ASEAN services trade balance.
However, if we look more closely at the conditions of trade in services according to ASEAN
member countries, we find interesting things to investigate further. The problem found is the uneven
condition of the service trade balance according to ASEAN member countries as can be seen in Figure
2. There are 4 countries that have not experienced surplus of intertional trade in services in 2015-2019.
Therefore, researchers are interested in conducting research related to the determinants of ASEAN
services exports in 2010-2019 with panel data regression analysis method. The 2010-2019 period
already includes a deficit in ASEAN services trade in 2010-2015 and then becomes a total ASEAN
services trade surplus in 2016-2019. The results of the study are expected to have important
implications for policies related to service exports for ASEAN member countries, especially member
countries categorized as developing countries to not only become consumers of services from other
countries but also become service producers for other countries.
2. Literature Review
In general, a country conducts trade with the aim of seeking profit from the trade carried out. Each
country has different advantages in producing goods and services. Therefore, it will be more profitable
if each country specializes in its advantages. Services are one of the outputs that can be interpreted as
intangible products and tend to be traded as intermediate products rather than final demand. According
to the [4], the term service includes a variety of intangible and heterogeneous products and activities
that are difficult to pack in a simple definition.
Services sector is classified into 12 components in the Extended Balance of Payment (EBOPS),
namely manufacturing services for physical inputs owned by other parties; Maintenance and repair
services; Transportation services; Travel services; Construction services; Insurance and pension
services; Financial services; Costs for the use of intellectual property; Telecommunications, computer
and information services; Other business services; Personal, cultural and recreational services;
Government services [4]. Trade in services differs from trade in goods in two ways. First, trade in
services involves the movement of goods from one country to another, but in trade in services, crossborder trade is not the most important in conducting international transactions. Second, services tend
to be strictly regulated and many types of services are provided or produced by regulated monopolies.
Barriers to trade in services increase from domestic regulations that often provide two purposes in
responding to market failures and protecting local suppliers from foreign competition [5].
The General Agreement on Trade in Services (GATS) governs the terms of trade in services in the
world. There are four methods established in the GATS to analyze trade in services, namely cross
border supply, overseas consumption, commercial presence and supplier migration [3].
1. Mode I is cross-border supply which is the closest analogy to trade in goods, where service
providers living in one country provide services in another country without anyone physically
moving between countries.
2. Mode II is consumption abroad, ie when consumers in a country have to move to a service
provider country.
3. Mode III is a commercial presence, i.e. when a company relocates to a consumer country to
sell services locally through the establishment of foreign affiliates or branches.
4. Mode IV is provider switching, which is when a service provider temporarily moves to a
consumer country to provide services.
Service exports are services provided by residents in a country to companies, households or
companies from other countries [1]. Strengthening the competitiveness of the service sector and
strengthening the relationship between the state and the global economy is very important for
economic development. Exports result in higher production efficiency and increased availability of
foreign capital and technology [6], and these benefits can spread throughout the economy as services
are important inputs for production in other sectors [23]. As a result, the new conventional wisdom
recognizes that services can be the main driver of future economic growth [7].
In research [8], the impact of the internet on service export performance in 150 countries is studied.
This study aims to examine the effect of internet technology on the performance of service exports in
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several countries. The development of the internet in the 1990s which had a major impact on
globalization in the world became the background for this research. To achieve the research
objectives, there are several variables used, namely trade in services as the dependent variable and
internet users, gross domestic product, population and financial depth as independent variables. The
data used is panel data for the period 1990 to 2006 with panel data regression model. This study
proves that an increase in the number of internet users per 100 people has a significant impact on
increasing trade in services which include exports and imports using pooled OLS regression, fixedeffect models and GMM panels. The Internet as part of a communication facility has a positive
influence on service exports.
Using the gravity model, research [9] examines the factors that affect service exports in the United
States with trading partner countries from Asia in 2011. For 9 years from 2000 to 2008, with 6
countries trading with America United States, conducted research using four independent variables.
The independent variables in the study conducted by Kaur are gross domestic product, economic
openness, equality with a value of 0 and 0.5, and the corruption index of service importing countries
has been proven to have a significant positive effect on the United States' service exports to Asian
countries [9].
The flow of trade in services between Vietnam and European countries was investigated in [10]. A
study related to trade in services was conducted to find out what are the determinants of trade in
services between Vietnam and the member countries of the European Union. This study uses the
gravity model because the trade under study is bilateral trade using panel data regression analysis
method random effects model. In this study, it is known that GDP per capita, population in exporting
and importing countries, real exchange rates, CMEA membership and colonial linkages have a
positive effect on trade in services.
The gravity model approach as a tool for deeper analysis of bilateral trade flows has been carried
out by several studies, including one conducted by [11]. In examining the factors that affect
Lithuania's service exports, the variables of GDP, distance, time zone differences, contiguity, language
similarity, trade agreements, institutions, human capital and remoteness are used. In this study, it does
not only examine service exports in the aggregate but also examines the determinants of each service
subsector. Based on the results of this study, there is limited value in analyzing trade flows in the
aggregate. Different types of services have different roles in the global economy characterized by
different market structures and have different modes of supply. Thus, it is necessary to consider
sector-specific analysis in terms of characteristics.
Human capital of countries in South Asia because these countries have experienced trade deficits
for the past few decades and looks for strategies to overcome the problem [12], this study is
formulated with the aim of investigating whether human resource development is associated with
export performance. In these countries because the external sector requires a highly skilled workforce
to implement strategies such as diversifying products, markets and resources and moreover,
minimizing production and transportation costs, developing trade networks and communication skills,
etc. It is found that under the fixed effects model, human capital significantly influences exports in
South Asian countries.
[2] conducted a study to determine the determinants of service exports in selected developing
countries in Asia from 1985 to 2012 against 13 selected developing countries in Asia. This analysis
uses the panel method with the GLS Random Effect model involving five independent variables,
namely real exchange rates, world real GDP, foreign direct investment, communication facilities
represented by the number of fixed telephone users and value added services. This study found that all
independent variables affect the export of services. It is important to be able to take advantage of
everything that can increase production in the service sector. In addition to the real exchange rate
variable, all independent variables have a positive influence on the service exports of selected Asian
countries. As a conclusion from the research results [2], developing countries in Asia have the
opportunity to compete in exporting services globally, as long as they can take advantage of their
potential and increase their competitiveness in exporting services to international markets.
Selected developing countries in Africa using data from the World Development Indicators and the
United Nations Conference on Trade and Development (UNCTAD) in analyzing service exports in
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selected West African countries in the period 1999 to 2012 [1]. The results of the study show the value
of Added services did not have any impact on service exports in the selected countries. However, the
variables of foreign direct investment, real exchange rate, communication facilities, real exchange rate,
and gross domestic product were found to have a significant impact on trade in services exports.
[13] measured the influence of ICT on the services trade of world countries and found that the
dimensions of ICT with the variables of broadband subscriptions, internet users, fixed telephone
subscriptions and cellular telephones had a positive effect on the value of services trade. An increase
in population and gross domestic product will increase the value of trade in services. Meanwhile,
geographical distance reduces the value of trade in services.
Based on previous researches, it is believed that the service exports is determined by variables that
measure the income, production, technology and human resources of a country. Therefore, the
researcher would like to further examine the effect of foreign direct investment, exchange rate, gross
domestic product, services value added, human capital, labor force and communication facilities on
service exports with the ASEAN member countries research area. This study uses a panel data
regression model in analyzing the variables that affect the performance of service exports in ASEAN
for the 2010 to 2019 period.
3. Data and Methodology
3.1. Data Sources
This study uses secondary data consisting of individuals in the form of 10 ASEAN member countries,
namely Brunei Darussalam, Cambodia, Indonesia, Lao PDR, Malaysia, Myanmar, Philippines,
Singapore, Thailand and Vietnam with a research period from 2010-2019. Data sourced from the
World Bank, UNDP and ASEAN Secretariat websites. The variables used are service sector and subsector exports, foreign direct investment, nominal exchange rate, services value added, gross domestic
product, human capital, labor force and communication facilities.
Table 1. Summary of Data Sources and Units
Variable

Source

Unit

Services sector export (SEXP)

ASEAN Secretariat

Billion US dollars

Foreign direct investment (FDI)

World Bank

Billion US dollars

Nominal Exchange rate (NER)

World Bank

Per US dollar

Services value added (SVAD)

World Bank

%

Gross domestic product (GDP)

World Bank

Billion US dollars

Human capital (HCAP)

UNDP

Year

Labor force (LABF)

World Bank

%

Communication facilities (COMF)

ASEAN Secretariat

Per 100 persons

3.2. Justification and Description of Variables
3.2.1. Service Export. Service exports are the total value of service sector exports received by a
country in a certain period. The value of service exports in this study is the nominal value of service
exports in units of billions of US dollars.
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3.2.2. Foreign Direct Investment. Foreign direct investment (FDI) in services can promote
productivity and efficiency for the same reasons trade in goods and FDI [14]. Foreign direct
investment has a positive effect on service exports [1] [2]. Foreign direct investment (FDI) used in this
study is the value of direct investment inflows made by non-resident investors in the reporting
economy with the type of foreign direct investment net inflows. In this study, foreign direct
investment has units in billion US dollars. Foreign direct investment is expected to have the influence
on service exports.
3.2.3. Nominal Exchange Rate. Nominal exchange rate is the relative price of the currencies of two
countries. The fall in relative domestic prices related to the depreciation of the exchange rate indicates
cheaper prices for goods and services exported in international markets which in turn increases the
demand for service exports [15]. An increase in the exchange rate will make goods and services in the
home country much cheaper compared to foreign counterparts, and thus encourage exports and reduce
imports of that country [10]. In this study, the nominal exchange rate in the average period is used for
the value of the domestic currency of ASEAN member countries against 1 US dollar. Nominal
exchange rate is expected to have the influence on service exports.
3.2.4. Services Value Added. Services value added is the net output after adding up all the output of
services then reduced by the cost of producing services. Value added is a net output calculated without
reducing the depreciation of fabricated assets or the depletion and degradation of natural resources
[16]. The value added services used in this study have a percentage unit of gross domestic product.
Services value added is expected to have the influence on service exports.
3.2.5. Gross Domestic Product. Gross domestic product is the market value of all final goods and
services produced in a country in a certain period [17]. Several studies have found that gross domestic
product has an influence on service exports. [10] use GDP per capita and find that GDP per capita
affects service exports positively. Real gross domestic product is also widely used in research and it is
found that GDP has a positive influence on service exports [8][11][13]. The GDP used in this study is
a constant GDP with a base year 2010 (real GDP) in billions US dollars. Gross domestic product is
expected to have the influence on service exports.
3.2.6. Human Capital. Education is the main element in human capital to maximize the efficiency of
the use of labor. Increasing investment in education and skills training is a key step towards achieving
an increase in the human capital base in a region [18]. In exporting services themselves, it is important
to have good human capital to maximize service sector performance and encourage service exports.
Other research states that human capital has a positive influence on both service exports and exports
[11][12]. The average length of schooling represents human capital. The average length of schooling is
defined as the average length of time a population over the age of 25 has attended education. The unit
of human capital represented by the average length of schooling is years. Human capital is expected to
have the influence on service exports.
3.2.7. Labor Force. If the number of workers involved in the company increases, the total production
will increase [19]. The population and the productive age population are widely used as variables that
indicate a measure of the availability of labor, especially in the service sector and are stated to have a
positive influence on service exports [8][10][13]. The labor force is represented by the labor force
participation rate. The labor force participation rate is the percentage of the population aged 15 years
and over who are in the labor force. The labor force participation rate has units of percent. Labor force
is expected to have the influence on service exports.
3.2.8. Communication Facilities. The development of the internet, ICT facilities and others makes the
provision of services to the average consumer more possible [1]. [13] state that the dimensions of
information and communication have a positive influence on trade in services. ICTs have a large
spillover effect on services and serve as a catalyst in converting non-tradable services into tradable
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services [14]. Communication facilities are important as one of the determinants of service exports
that have a positive effect on service exports [1][2]. Communication facilities in the form of the
internet have an important and positive influence on the global economy, especially trade in services
[8]. [13] use four dimensions of information and communication technology, namely the number of
fixed telephone subscriptions, mobile phone subscriptions, broadband, and internet users. Of the four
dimensions, the number of mobile phone subscriptions is the most consistent dimension.
Communication facilities in this study are represented by access to cellular telephones per 100
inhabitants. This indicator includes the number of postpaid subscriptions and the number of active
prepaid accounts (ie those that have been used for the last three months). Communication facilities is
expected to have the influence on service exports.
3.3. Theoretical and Empirical Model
In panel data regression, there are three types of estimation models that can be used, namely the
common effect model (CEM), fixed effect model (FEM) and random effect model (REM). In choosing
the best model, several tests were carried out. The model testing carried out is a test of the significance
of the fixed effect model using the Chow test to choose between CEM and FEM, the Hausman test
which is used to choose between FEM and REM, and the Lagrange Multiplier test which is used to
select CEM and REM [20][21]. If FEM is the best model, it is necessary to test the residual variancecovariance structure using the LM and
test.
After obtaining the best model, it is necessary to test the classical assumptions. The best model that
meets the classical assumptions is then measured and tested for the significance of the model using the
coefficient of determination, F-statistics (simultaneous) and t-statistics (partial). Two-way test is used
to analyze the model partially.
The panel data regression model that will be formed is as follows,
(1)
Due to the difference in units, a natural logarithm transformation is carried out on several variables.
However, the variables with units of percent and year are not transformed. The FDI variable is not
transformed because it is net inflows, namely the difference between investment inflows and outflows.
Service exports with transformed values are thought to be affected by foreign direct investment (FDI),
foreign exchange rate (FER), services value added (SVAD), gross domestic product (GDP), human
capital (HCAP), labor force (LABF) and communication facilities (COMF). Notation i represents
ASEAN member countries and t represents the year of research.
is the error term which consists of
individual effects that are unobservable and remainder disturbance.
4. Results
4.1. Overview of Service Export from 10 ASEAN Member Countries
The General Agreement on Trade in Services (GATS) governs how services are traded in the world.
Trade in services differs from trade in goods in that it does not require the movement of products
between countries. Therefore, the service trade approach is not simple. Trade in services is carried out
to improve the economy of each country, both in meeting domestic service needs and to earn income
from service trade. ASEAN member countries export services. Service exports are defined as services
provided by residents in a country to companies, households or companies from other countries [1].
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Figure 3. ASEAN service exports for the period 2010-2019 (billion
US dollars)
Source: ASEAN Secretariat, processed by author
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ASEAN's service exports in aggregate from 2010 to 2019 tend to increase. In 2019, the value of
service exports amounted to US$444.78 billion, more than double the value of service exports in 2010
which amounted to US$214.5 billion. There has been a more than doubled value of services exports
over a ten year period. According to research [7], the quality of service exports is positively associated
with economic growth performance. It can be said that the growth of service exports that continues to
increase in ASEAN then indicates an improving growth in per capita income so that the welfare of the
people of a country is getting better.

Country
Figure 4. Average service exports by ASEAN member countries
for the period 2010-2019 (billion US dollars)
Source: ASEAN Secretariat, processed by author
If the service export value data is presented by ASEAN member countries as shown in Figure 4, a
clearer picture of the service exports of each ASEAN member country is obtained. It is known that
Singapore dominates service exports among other ASEAN countries. Singapore is known to be a
developed country in ASEAN, so it is quite clear that Singapore has a much higher value of service
exports [2]. Singapore exports services many times more than other ASEAN member countries. The
second highest ASEAN service export rank belongs to Thailand with a service export value that is too
far from Singapore. The presence of developing countries in the global market as service providers is
generally limited, where the export of services in international markets or their control is mostly
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supplied by developed countries [1]. This can be seen from how Singapore's service exports
outperform other ASEAN countries' service exports.
In the Extended Balance of Payments (EBOPS), the services sector is classified into 12 services
sub-sectors. Based on Figure 5, among all exports of other services sub-sectors, the average export of
travel services occupies the highest position in ASEAN and is followed by other business services.
ASEAN countries are known as popular regions with tourist destinations. In other words, the focus of
ASEAN's service activities is in exporting travel services. Meanwhile, the average transportation
service occupies the top third position. These three subsectors can be said to dominate ASEAN
because they have an average value with a significant difference in value compared to other services
subsectors. Thailand is the country with the highest average export of travel services at 40.58 billion
US dollars. Singapore is the country with the highest average other business services export of 37.2
billion US dollars and the highest average transport services of 47.6 billion US dollars. Personal,
cultural, and recreational services, government services and construction services respectively have
the lowest average exports of services. The average construction services is in the third lowest position
with an average value of 3.5 billion US dollars, although this subsector of services is very much
needed related to development in ASEAN.

10. Other business
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11. Personal,
cultural, and…
12. Government
services

9. ICT services

5. Construction
services
6. Insurance and
pension services
7. Financial
Services
8. Intellectual
property

4. Travel services

1. Manufacturing
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2. Maintenance
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3. Transport
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Figure 5. Average exports of the services subsector of ASEAN member
countries during 2010-2019 (billion US dollars)
Source: ASEAN Secretariat, processed by author
4.2. Empirical Results on Services Export in ASEAN
The selection of the best regression model is needed to be able to identify and analyze the variables
that affect service exports. There are three models in panel data regression, namely the common effect
model, fixed effect model and random effect model.
Table 2. Chow and Hausman test results
Test
Chow
Hausman

Model Comparison
CEM vs FEM
FEM vs REM

Statistic
76.60
43.15

d.f.
(9,83)
7

Prob.
0.0000
0.0001

Results
FEM
FEM

The chow test performed resulted in a p-value of 0.000 which had a value of less than 5%. The
decision of this test is to reject H0 which means that the selected model is FEM. Furthermore, through
the Hausman test, the p-value is less than 5% with the decision to reject H0. Thus, the best model
based on the results of the Chow test and Hausman test is the fixed effect model.
The next test is to determine the best estimation method by looking at the presence or absence of
heterogeneity in the residual covariance structure and cross-sectional correlation. The results of the
Lagrange Multiplier (LM) test produce an LM of 49.010 which is greater than the value of
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which is 16.92, so it is concluded that there is heteroscedasticity in the residual covariancevariance structure of the fixed effect model. Because there is heteroscedasticity, followed by the
Lambda Lagrange Multiplier test, so that it is found that
is 55.29 smaller than
which is
61.66. It can be concluded that there is heteroscedasticity and there is no cross-sectional correlation, so
the best estimation method is using the WLS (Weighted Least Square) method with cross section
weight.
With the selection of the WLS (Weighted Least Square) estimation method with cross section
weight, the classical assumption test that needs to be done is the normality and non-multicollinearity
test. The results of the normality test using the Jarque-Bera test, obtained the Jarque-Bera statistic of
1.56 (p-value = 0.45>0.05), it can be concluded that the assumption of normality is met. The results of
the non-multicollinearity test can be seen from the correlation value in the correlation matrix, where
the results show that there is no correlation that is worth more than 0.8, so that the nonmulticollinearity assumption is fulfilled.
Test the significance of the model using the coefficient of determination, the size of adjusted R 2.
The adjusted R2 value of the selected FEM-WLS model is 0.9981. The variation of the service export
variable that can be explained by the selected independent variable is 99.81%. Simultaneous test is
used to see simultaneously whether the existing independent variables affect the service export
variable. The calculated statistical value in the F test is 3236.349 (p-value of 0.0000), so it can be
concluded that there is at least one independent variable that affects ASEAN service exports. Partially,
using the t statistic test, the results show that 5 of the 7 independent variables have a significant
positive effect on the dependent variable of service exports. Five of the seven significant variables that
have a positive effect on ASEAN's service exports, namely the variables of foreign direct investment,
value added services, gross domestic product, human capital and communication facilities. A
summary of the estimation results using the fixed effect model with the WLS method is in Table 3.
The results obtained from the fixed effect model with the WLS method are in the following table.
Table 3. The results of the fixed effect model with the WLS estimation method
Variable
Coefficient t-statistic
C
-1.4505
-1.8323
FDI
0.0043
5.1745*
LnNER
-0.7074
-5.8925*
SVAD
0.0123
2.5807*
LnGDP
0.9887
9.3023*
HCAP
0.3065
3.6373*
LABF
-0.0241
-3.2131*
LnCOMF
0.3551
7.8484*
R-squared
0.9984
Adj R-squared
0.9981
Prob (F-stat)
0.000
Note: * significant at a significance level of 5%
The resulting equation is as follows.
̂
̂

(2)

Based on the partial t-test, foreign direct investment has a significant effect on service exports, with
a regression coefficient of 0.0043. An increase of 1 billion US dollars in foreign direct investment of
an ASEAN member country will significantly increase 0.43 percent of service exports when other
variables are constant. This is in line with what is expected that foreign direct investment will
encourage service exports [1][2]. According to [24], FDI can be regarded as a valuable source of
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technology and skills in the long term. Therefore, foreign direct investment is seen as one of the
effective ways to increase service exports because it has a significant influence on ASEAN's service
exports. Foreign direct investment means money from abroad enters as capital in the economy and
creates more jobs. FDI plays a role in fulfilling the source of funds for the production of services.
Every effort to increase foreign investment in Indonesia needs to be done to support investment in a
country.
The nominal exchange rate has significant effect, but not a positive effect on service exports. The
model estimation results on the exchange rate variable show that the depreciation of the currency
exchange rate of an ASEAN country or an increase in the domestic currency rate per US dollar will
reduce service exports. There are several studies with a negative effect on the exchange rate, namely
the research [1][2]. Depreciation of the exchange rate causes the price of domestic service products to
be relatively cheaper for other countries, so it is suspected that service producers in that country are
not interested in exporting services at low prices. In addition, it is suspected that the exchange rate
does not have positive effect on service exports due to political and security conditions in ASEAN
member countries. For example, travel services, which are the sub-sector with the highest exports, are
highly dependent on security conditions in a country. Even if the exchange rate depreciates, if
conditions in a country are dangerous, such as demonstrations, coups and terrorism, it will be of little
interest to travel service consumers. In this way, service exports will decline.
Services value added have a significant effect on service exports with a regression coefficient of
0.0123. The value added of services shows the size of service production in a country. Based on the
results of the partial t-test, services value added will significantly increase by 1.2 percent of service
exports if the value added of services increases by 1 percent while the other variables are constant
(ceteris paribus). Thus, it can be said that the increasing production of services in a country will
encourage service exports to increase. The direction of the influence of this variable is as expected
[1][2]. Various efforts are needed to increase the added value of each country's services. That way,
there will be an increase in service exports in ASEAN member countries.
Gross domestic product has a significant effect on service exports with a regression coefficient of
0.9887. Gross domestic product shows the condition of a country's economic ability to produce. Based
on the results of the partial t test, gross domestic product has a significant positive effect on service
exports. According to the estimation results obtained, service exports will increase by 0.99 percent if
gross domestic product increases by 1 percent while other variables are constant. An increase in the
wealth of a country tends to allow domestic service producers to develop their service products. That
way, the service products of a country with a high gross domestic product will have good quality and
can compete in the international service market. These results are in accordance with the research
hypothesis and in accordance with researches [8][10][11][13].
According to the estimation results, the service export model is significantly influenced by human
capital with a human capital regression coefficient of 0.3065. While other variables are constant, if
human capital in the form of average length of schooling increases by 1 year, then exports of services
will increase by 31 percent. Human capital shows how the educational conditions of human resources
exist in a country. With the increasing human capital, in this case the education obtained is getting
better, then the quality of human resources is getting better. Improving the quality of human resources
in particular can increase the export of services. The results of this study are in accordance with the
results of research [11][12].
The labor force shows the availability of labor in a country. The labor force was found to have
significant but not a positive effect on ASEAN service exports. The increasing labor force in the case
of ASEAN is not for exporting services but rather for consuming services both from within the
country and abroad so that the large number of labor forces can not significantly increase service
exports in ASEAN. This is allegedly caused by the quality of human resources in ASEAN member
countries in terms of skills and expertise that are not yet qualified and in accordance with the needs in
producing services. Zarzosa and Lehmann in [10] that a population that shows the availability of labor
can have a negative influence on service exports when it is not accompanied by labor skills.
The regression coefficient of the communication facility variable is 0.3551. The results of the
research related to the communication facility variable indicate that the communication facility has an
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effect on service exports. An increase of 1 percent in cellular phone access per 100 population
significantly increases service exports by 0.36 percent with the assumption of ceteris paribus. The
results of this study are in accordance with [8]. Access to cell phones per 100 inhabitants is an
approach to measuring the development of communication technology [13]. With the development of
communication facilities, the production of services will increase, especially services that are closely
related to technology such as telecommunications, information and computer services. Development
of information and communication technology will increase intangible cross-border service products
[3]. The existence of sophisticated communication technology will greatly facilitate service
transactions between economic actors. Therefore, the existence of access for cellular telephones needs
to be further expanded to increase sales of service products in the international market. The use of
communication technology is important for ASEAN countries to consider as an effort to encourage
service exports in ASEAN with a positive relationship between communication facilities and ASEAN
service exports.
5. Conclusions
Trade in goods and services in the aggregate still dominates research topics in broad terms related to
trade compared to trade in services. With the development of the service sector internationally, there
are still not many studies that examine issues related to trade in services or export services in
particular. Much of the research on the service sector itself has focused on the determinants of growth
in the service sector. Thus, research to focus more on service exports needs to be carried out,
especially to examine more deeply the condition of service exports in the region of ASEAN member
countries. In this study, the determinants of service exports in ten ASEAN member countries was
conducted during 2010 to 2019 using panel data regression. The estimation method used is the fixed
effect model weighted least square (WLS). In general, service exports of ASEAN member countries
continue to increase every year. ASEAN's service exports in 2019 were worth twice as much as
service exports in 2010. Singapore is the country that dominates ASEAN's service exports. Travel
services, other business services and transport services are the three service subsectors that dominate
in ASEAN. Foreign direct investment, nominal exchange rate, gross domestic product, value added
services, gross domestic product, labor force, human capital and communication facilities have a
significant effect on ASEAN's service export. The nominal exchange rate and labor force have
negative effect on ASEAN's service exports, while the rest of variables have positive effect on
ASEAN’s service exports.
There are several policies that can be suggested based on the results of this study. First, the
construction of communication facilities is very important to do regarding the development of
technology globally. One of them is by providing funds to conduct research on technology
development. The use of communication technology is important for ASEAN countries to consider as
an effort to encourage service exports in ASEAN with a positive relationship between communication
facilities and ASEAN service exports. In addition, the infrastructure owned by each country needs to
be optimized to attract foreign investment to each of these countries. Second, it is important to
maintain the stability of the exchange rate against the dollar through fiscal and monetary policies.
Third, the quality of human resources in developing countries needs to be improved by providing
education with quality standards so that they can have skills, especially in the field of information and
communication technology (ICT).
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Abstract. Indonesia adopted a strategic long-term development plan (2005-2025) targeting to
achieve a green and everlasting Indonesia through implementing various environmental
policies. One of the mandatory matters for governments is to continue environmental control
by constructing Environmental Quality Indexes (EQI). This study focuses on the relationship
between regional output or real Regional GDP, level of population density, and the government
expenditure on environment quality on EQI in 34 provinces in Indonesia by the time period
2015 to 2019 using a spatial panel data approach. Within the context of spatial modeling, the
interaction between provinces depends on their geographical location and condition. Using the
geographic information system (GIS) and stata attributes, the coordinates and distances can be
mapped and then defined for observation units in space via the spatial weight matrix used.
From the perspective of spatial geography, this paper verifies the spatial dependence of
Indonesia’s Environmental Quality Index (EQI). Pesaran's CD test indicates the spatial effect
on the model and SAR with random effect can be considered a better-fitting spatial panel
regression model. The results of the econometric spatial panel using SAR panel with random
effect analysis show that Indonesia’s EQI in the provinces was dependent on the spatial. It was
also found that regional GDP has a significant and negative effect on EQI and population
density has a negative and significant effect on EQI. While fiscal policy on the environmental
area on improving environmental quality did not pass a significance test. Thus, it is
recommended to look for ways to promote green growth in the country.

1. Introduction
The concept of the SDGs was born at the UN Conference on Sustainable Development, Rio (+20),
Brazil in 2012. The objective was to produce a set of universally applicable goals that balances the
three dimensions of sustainable development: environmental, social, and economic. Indonesia is a
significant global player both in terms of economic performance and environmental area. In the
environment aspect, CO2 emissions for Indonesia were 568.3 million tonnes and emissions from
Indonesia contribute 2.03% to global emissions (World Resources Institute, 2020). However,
Indonesia’s environmental performance index was ranked 117 of 180 countries in the world and
ranked 6th out of 10 countries in Southeast Asia in 2020. Emissions in Indonesia have gotten the
world’s attention when the Government of Indonesia hosted the UN Climate Change Conference in
Bali 2007 with the result of the Bali Road Map, a variety of decisions and programs that will reach
toward a safer climate future. At the September 2009 G-20 meeting in Pittsburgh, former President
Susilo Bambang Yudhoyono laid out a vision where the Indonesian government was crafting a policy
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that would cut emissions by 26 percent by 2020 from business as usual levels. Five years after that, in
2015, the president “Jokowi” when delivering a statement on the UN Framework Convention on
Climate Change, Paris, has revision the target become 29 percent reduction in greenhouse gas
emissions by 2030. However, Indonesia adopted a strategic long-term development plan (2005-2025)
targeting to achieve a green and everlasting Indonesia through implementing various environmental
policies.
The latest years have shown that governments from all over the world have acknowledged the
importance of the environmental condition and proceeded in various ways to find solutions and apply
procedures for preserving or improving the environment. As Article 45 of Law No. 32 of 2009. the
regional government is given a mandate by the central government to allocate the Regional Revenue
and Expenditure Budget (APBD) to overcome damage and improve the respective regions'
environmental quality. The allocation of deconcentrated funds in the environmental sector continues to
increase from year to year. However, the quality of the environment measured by the Environmental
Quality Index (EQI) is relatively stagnant so, the purpose of our study is how the influence of fiscal
policy, specifically the allocation of deconcentrated funds on the environment area to environmental
quality conditions. [13]
Indonesia consists of 34 provinces. The interaction between provinces depends on their
geographical location and condition. Nearby provinces, due to their similar geographical conditions,
have similar economic activities. The western part of Indonesia is a mountain area with mining
potential, the fertile central, and southern areas are dedicated to agriculture and harvest natural
resources, whereas the majority of industrial activities are located in the Java islands. The eastern part
of Indonesia is densely forested in origin with mining potential. Particularly in the eastern part of
Indonesia, has not been well developed. Economic growth invites some consequences on externality.
Strong economic growth is a catalyst for regional development. Unfortunately, the growth invites
some negative consequences for the quality of the environment. In this study, we use an index derived
from the environmental sustainability index, called the environmental Quality index (EQI. According
to the Ministry of Environment and Forestry (2019), EQI is used to assess the performance of
environmental quality improvement programs and support the process of policymaking related to
environmental protection and management. This index provides a condensed description of
multidimensional environmental states by aggregating several indicators (water, air, and foresty) into a
single quantity. Several studies on environmental economics have explored the functional relationship
between economic growth and environmental quality using Environmental Kutnetz Curve model. The
environmental quality in itself naturally has a spatial pattern. Geographically, the externalities’ effect
is captured by the spatial pattern of the environmental impact. Within the context of spatial modeling,
this indicates the nature of externalities can be determined by analyzing which factors of the
surrounding locations significantly affect the environmental quality.
The objective of this study is to identify the involved growth externalities on the Indonesian
environmental quality index. It can be done by estimating the coefficients of the spatial version of the
IPAT function. In answering the purpose of the study, the analytical method used in econometric
models uses spatial data panel analysis. The econometric model is used to analyze the impact of
economic growth, population density, and fiscal policy on the environmental quality index in 34
provinces in Indonesia period time 2015-2019. Spatial panel models with time effects and fixed effects
are more stable and can control heterogeneity and spatial autocorrelation than conventional panel
models [8]. Using the geographic information system (GIS) and stata attributes, the coordinates and
distances can be mapped and then defined for observation units in space by spatial weighting matrix.
2. Data Collection
In the 1970s, Professors Ehrlich and Commoner of Stanford established IPAT formulas for assessing
environmental pressures and studied the mechanisms by which population, economic growth, and
technological progress influence carbon emissions (17). The equation defines that environmental
quality is the product of Population size, Affluence, and Technology (𝐼 = 𝑃 × 𝐴 × 𝑇). Affluence can be
represented by consumption or production (growth). The data consist of the observed values of the
following variables:
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EQI (Environmental quality Index), of all 34 provinces, 𝑖 = 1,2, … ,34. A higher index
indicates better environmental quality.
RGDP (Regional Gross Domestic Bruto in billion rupiahs) as the measure of productivity (A).
Population_Density (in 1000 persons/km2). Density is used instead of population size to
accommodate the area of each province. It is used as a proxy for = 1,2, …, 𝑛.
Government expenditure on the environment (allocation of deconcentrated funds each
province in the environmental sector in millions rupiahs).

Data sets were collected from 34 provinces in Indonesia from 2015 to 2019. According to the
description of the location in each province, we found the latitude and longitude of the site from the
Internet. For the empirical exercise presented in the next section, regional gross domestic product and
government expenditure on the environment is presented in a logarithmic. The analytical method used
in this study is descriptive analysis with tables, graphs, Moran's I scatterplot, and thematic maps using
GIS software, as well as spatial regression analysis with panel data as inferential analysis using stata
software. An analysis using thematic maps was carried out to describe the pattern of the environmental
quality index in Indonesia, while spatial regression analysis with panel data was carried out to
determine the factors influencing the environmental quality index level in all provinces in Indonesia.
3. Model
3.1. Panel model
Pool model
(1)
Fixed panel model
(2)
Random panel model
(3)
(4)
Where I denoted as the cross section of the province (i = 1, 2, . . . , 34), T represents the period (t =
2015, 2016, . . . , 2019),
as dependent variable on the i th region for the t th time period ;
as
predictor variables on the i th region for the t th time period ; as intercept term;
as the intercept
regression model i th region ; as slope coefficient;
as general residual term,
); as
residual term contain unit specific effect
The parameter estimation of the general model is based on the least-squares method, while
parameter estimation of SAR and SEM are the maximum likelihood estimation method. Spatial
autocorrelation causes linkages between regions since the value of observation in a region shall be
influenced by the value of observation in the surrounding area. Meanwhile, spatial heterogeneity
causes instability of correlation behavior, resulting in a variance of inconstant error, leading to
differences in the function of the correlation between regions. Spatial dependence of incident duration
was assessed using Global Moran’s I statistic which was first proposed by Moran and using the
Pesaran test [15].
3.2. Panel data with spatial effect model
(5)
Whereas, denoted as coefficient dependent variable ; as spatial autocorrelation coefficient;
as
spatial weighting matrix NxN;
as dependent variable on the i th region for the t th time period; as
vector slope coefficient Kx1;
as predictor variables;
as an error component in observation units
to-i and time to-t; and as spatial autoregressive coefficient. [18]
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3.3. SAR panel model
(6)

∑

Whereas
denoted as dependent variable on the i th region for the t th time period;
as predictor
variables on the i th region for the t th time period ;
as the spatial weighting matrix NxN. The
weight matrix is processed by a row standard, and the sum of the elements of each row is 1; as the
intercept regression model; as slope coefficient; as the spatial autoregressive coefficient; as
spatial autocorrelation coefficient; as residual term contain unit specific effect I th region;
denotes as spatial error auto-correlation; and
an error component in observation units to-i and
time to-t.
3.4. SEM panel model
(7)
(8)

∑

Whereas
denoted as dependent variable on the i th region for the t th time period;
as predictor
variables on the i th region for the t th time period ;
as the spatial weighting matrix NxN. The
weight matrix is processed by a row standard, and the sum of the elements of each row is 1; as the
intercept regression model; as slope coefficient; as the spatial autoregressive coefficient; as
spatial autocorrelation coefficient; as residual term contain unit specific effect I th region;
denotes as spatial error auto-correlation; and
an error component in observation units to-i and
time to-t.
3.5. Spatial Weights Matrix
According to BPS (2011), the spatial weighting matrix is a measure of connectivity describing spatial
processes, spatial structures, or spatial interactions. In spatial analysis, it is common to expect that
close observations are more likely to be similar than those that are far apart. A spatial weight matrix
needs to be constructed to reflect spatial correlation among regions. A proper spatial weight matrix is
of substantial importance to get a sound spatial econometric result. To improve model credibility, we
consider geographical spatial correlation among the regions. The former is constructed by the inverse
distance method.
𝑖

{

(9)

𝑖
Whereas
denoted as spatial weighting matrix NxN; i th region and j th region while
as
euclidean distance between regional i and j, which is calculated from each province longitudes and
latitudes.
3.6. Moran’s I Test
𝐼

∑ ∑

(
∑ (

̅ )(
̅)

̅)

(10)

Whereas, denoted as predictor variables on the i th region; as predictor variables on the j th region;
as the spatial weighting matrix NxN; and ̅ is mean value of x.
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3.7. Pesaran Test
(∑

√

∑

Whereas N denoted as number region of dataset; T as time period;
specific effect i th region and j th region

(11)

)

as residual term correlation unit

3.8. Hausman test
Model is divided into the fixed panel model, random panel model, spatial random effect SAR model,
spatial fixed effect SAR model, spatial random effect SEM model, and spatial fixed effect SEM
model, according to the Hausman test. Hausman's specification test can also be used when the model
is extended to include spatial error autocorrelation or a spatially lagged dependent variable [18]. The
Hausman test checks for any correlation between the error components, which is the cross-sectional
random error component and the regressors in a random-effects model. Hausman test compares both
random and fixed effects estimators and examines whether or not the random effects assumptions can
be supported by the provided data. The Hausman test takes the form of:
̃

̃

̃

(12)

Where ̃= ̂ random effect model - ̂ fixed effect model ; N as number region of dataset; T as time
period; ̂ random effect model is the estimator of β random effect model; and ̂ fixed effect model is
the estimator of β fixed effect model. [19]
4. Empirical Result and Analysis

Figure 1. Environmental quality index in Indonesia, 2019
Before discussing the estimation process and the significance of each factor on the environmental
quality, it is important to understand the spatial pattern of the environmental quality index in this study
area. The map of the observed environmental quality index of each province, from 2019 data is
presented in Figure 1. The disparity of the environmental quality index shows a certain trend to spatial
clustering. As displayed in Figure 1, the western provinces are aggregated in terms of their low
environmental quality index intensities, these provinces are dominated by industrial areas. While
eastern provinces are generally aggregated in terms of their high environmental quality index.
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Figure 2. Moran scatterplot of environmental quality index in Indonesia, 2019
The quality of the environment in this study refers to the decree of the Ministry of Environment in
which to measure the quality of the environment in an area to improve or vice versa is to use the
environmental quality index (EQI). The EQI concept is built on three aspects of quality, namely water
quality, air quality, and land cover quality, in this case, forest cover. We divided the classification the
classification categories of EQI 2019 scores as (1) values > 75.7; (2) EQI value 67.5 < 75.7; (3) EQI
value 59.3 < 67.5; (4) EQI 51.1 ≤ 59.3; and (5) EQI value < 51,1.
Table 1. Moran quadrant environmental quality index in Indonesia, 2019
Quadrant
I (HH)

Percentage (%)
38

II (LH)
III (LL)

10
42

IV (HL)

10

Province
Gorontalo, Sulawesi Selatan, Kalimantan Utara, Sulawesi
Barat, Maluku Utara, Kalimantan Tengah, NTT, Papua Barat,
Sulawesi Tenggara, Papua, Kalimantan Timur, Maluku
Aceh, Jambi, Sulawesi Barat
Bangka Belitung, Riau, Kepulauan Riau, Selawesi Selatan,
Kalimantan Barat, Bengkulu, Lampung, Jawa Tengah, NTB,
Jawa Timur, DIY, Jawa Barat, Bali, Banten
Kalimantan Selatan, Sulawesi Utara, Sumatra Utara

To further examine the clustering among provinces, we employ a Moran’s I scatterplot displayed in
Figure 2. In this scatterplot, the horizontal axis refers to the deviation of provincial average carbon
dioxide emission intensity in 2019, whereas the vertical axis refers to the spatial lags of the deviation
of the EQI. We calculate the spatial lags by using an inverse distance spatial weight matrix. The four
quadrants in the scatter plot depict: the quadrant I (the star points) is the HH (high-high) clustering,
which means provinces with high EQI are associated with the neighboring province with high EQI;
the quadrant II (the circle points) is the LH (low-high) clustering, which means provinces with low
EQI are associated with the neighboring province with high EQI; the quadrant III (the cross points) is
the LL (low-low) clustering and; the quadrant IV (the square points) is the HL (high-low) clustering.
The results in table 1 imply that during 2019, 38% (13 provinces) in quadrant I and 42% (14
provinces) in quadrant III demonstrate similar characteristics of positive spatial autocorrelation. On
the other side, 10% (3 provinces) in quadrant II and 10% (3 provinces) in quadrant IV demonstrate
negative spatial autocorrelation. Positive spatial interdependencies in EQI are indicated by the positive
global Moran’s I for 2019. This means that the spatial autocorrelation and dispersion of provincial EQI
exist at that time. Among them, the first and third quadrants show the aggregation effect of highvalued aggregation and low-valued aggregation, which is a reflection of positive spatial correlation;
the second and fourth quadrants are spatial negative correlation.
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4.1. Spatial Dependence Test
Before estimating spatial panel data models, we need to test for cross-sectional dependence. The
primary issue, when confronted with spatially referenced data, is to determine whether spatial
dependence exists, that is, whether “nearby” cases are more correlated than distant ones. A flexible
way of assessing whether dependence in the cross-section of a panel dataset is spatially related is the
particularization of the Pesaran (2004) test for general cross-sectional dependence [15].
4.2. Moran's I environmental quality index 2015-2019
Table 2. Diasnostig test for spatial dependence
Year

Moran’s I Test

LM Test

Prob

Prob. LM lag

Prob. LM error

2015

0.06760

0.04522

0.26647

2016

0.32467

0.02412

0.65610

2017

0.00740

0.00008

0.07624

2018

0.00011

0.00001

0.00542

2019

0.00192

0.00003

0.03378

The spatial autocorrelations measured through global Moran's I am shown in table 2. Positive spatial
interdependencies in EQI are indicated by the positive and significant global Moran’s I for each year
except 2016 shows the cross-sectional dependence test reports. This indicates that Indonesia’s EQI
tends to cluster together. Specifically, the provinces with high EQI tend to cluster together, whereas
the provinces with low EQI cluster together. We can reject that the null hypothesis errors are i.i.d
(randomly distributed throughout the nation), indicating the spatial integration of EQI exports over
time. All p values obtained by weighted spatial matrix are below ten percent except 2016, which
indicates that Environmental Quality Index does have spatial dependence. Despite our findings of the
spatial autocorrelation of EQI, the Moran’s I test only assesses the overall pattern and trend, and
Moran’s I is only effective when the spatial pattern is consistent across the provinces. If some of the
provinces have positive spatial autocorrelation while others have negative spatial autocorrelation, then
the effects could offset one other. [16]
The paper prepared the non-spatial cross-section models and performed the corresponding moran’s
I test, Lagrange multiplier (LM) lag, and LM error tests. The LM (Lagrange Multiplier) test is carried
out to determine the formation of a suitable spatial model to use. Based on Table 2, on the 5 percent
significance test level, the LM test shows significant results in the LM lag test, or the null hypothesis
of the non-spatially autocorrelated error term is rejected. While the LM error test shows insignificant
results in 2015 and 2016. These results indicate that the spatial panel models are superior to the nonspatial panel. These results also seem to imply that the SAR model is a more appropriate specification
than the non-spatial model as we find fairly consistent evidence across all models to reject the null
hypothesis of no spatial lag. We find mixed results to reject the hypothesis for the spatially
autocorrelated error term.
4.3. Pesaran test
Pesaran's test of cross sectional independence =

16.732, Pr = 0.0000

Average absolute value of the off-diagonal elements =

0.526

The table reports the results of testing for the absence of spatial and cross-sectional dependence in the
panel data model. Pesaran's CD test tends to reject the null of cross-sectional independence, which
indicates the spatial effect on the model. Finally, the estimation results were compared and analyzed
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by the ordinary panel data model, the spatial lag panel data model (SAR), and the spatial error panel
data model (SEM).
4.4. Estimation result
Table 4. Estimation Result of Spatial Panel Data Models
Variable
Main
ln_RGDP
Population_Density
Ln_Environment
_Expenditure
Constanta
Spatial
rho
lambda
Variance
lgt_theta
ln_phi
Sigma u
Sigma e
sigma2_e
Model Assesment
AIC
BIC
R square
N
Log-likelihood
Hausman Test

Coefficient

OLS
Std. Error

Prob

SAR
Std. Error

Coefficient

Prob

Coefficient

SEM
Std. Error

Prob

-2.670549
-.0017355
0.5048661

1.135895
0.0005357
0.6896473

0.019
0.001
0.464

-2.032331
-0.0016243
0.8397474

0.9277698
0.0004375
0.5689484

0.028
0.000
0.140

-3.48813
-0.0017123
1.092175

1.115097
0.0005027
0.5633789

0.002
0.001
0.053

114.6345

21.39698

0.000

47.54452

18.66338

0.011

124.158

20.89215

0.000

0.66687091

0.7688953

0.0754645

0.000

0.7522884

0.0785507

0.000

-0.8367354

0.1963809

0.000

1.049085

0.2986578

0.000

14.48965

1.776262

0.000

14.23346

1.754213

0.000

6.5034738
4.5965373

1041.853
1063.804
0.6023
170
-513.9267
SAR with random-effects

0.4788
170
Random-effects GLS regression

1048.434
1070.385
0.4712
170
-517.2172
SEM with random-effects

Equations using SAR with random-effects are as follows:
̂
𝐼

𝑛
𝑃

𝑖 𝑛

𝑃

𝑛 𝑖

𝑛

𝑛 𝑖

𝑛

𝑛

𝑛 𝑖

(11)

𝐼
** indicates significant at 5 percent level
* indicates significant at 10 percent level
We first estimate a standard linear panel data model devoid of spatial effects. Concerning the
traditional panel data models, adding the spatial autocorrelation component has improved the models
immensely. The parameter estimation of the general model is based on the least-squares method, while
parameter estimation of SAR and SEM are the maximum likelihood estimation method. According to
the previous results, the three models, namely the ordinary panel data model, the spatial lag panel data
model (SAR), and the spatial error panel data model (SEM), should be estimated with the Hausman
test. According to the Hausman test results, we should judge whether the standard panel data
econometric model should adopt a fixed effect or random effect.
Given the requirements to answer the research question it is imperative to analyze the effects of
spatial variables on EQI. Estimation Rho 0.7688953 and significance show the dependence among
provinces in the model. That means EQI in a province has an effect on another nearest province and
the spatial lag in the nearest province has the same characteristics. The R2 value in the model is
0.6023. It means that RGDP, population density, and environmental deconcentration fund as the
independent variable in the model can explain variations in the variable of poverty by 60 percent. The
coefficient of determination R2 is usually used to measure the goodness-of-fit of models. However, it
is inappropriate to use R2 to assess spatial models because the residuals of spatial models are not
independent of one another. This issue can be appropriately addressed by using criteria based on
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likelihood estimation, such as maximum likelihood and Akaike Information Criterion (AIC) which
was proposed by Akaike. In addition, AIC can serve as a comprehensive measure of model fitting and
model complexity by introducing parameter numbers as a penalty term. As an alternative to AIC,
Bayesian Information Criterion (BIC) combines the parameter number and the sample size into the
penalty term [15]. We can see that the ACI and BIC obtained by the SAR with random effect are the
lowest. The value of the AIC (1041.853), which is calculated for small samples, and BIC (1063.804) is
also lower than the other models. Finding from Hausman test further, the random effect SAR is more
consistent in comparison with the fixed effects SAR (prob>0.001). Consequently, the SAR with
random effect can be considered a better-fitting spatial panel regression model.
4.5. Model assessment
Interpretation of the coefficient on Regional GDP is that a 1 percent increase of RGDP is associated
with a -2.032331 point decrease of the EQI index (holding all else constant). The regression results
also indicate that the value of the SAR panel (0.7688953) of the spatial random effect passes the
significance level test of 0.1%. It can be seen that the carbon emissions from the neighboring
provinces increase by 1% and the provincial carbon emissions increase by 0.7688953 %, in the case of
considering, and not considering, respectively, the adjacent lag effect of the explanatory variable
space. When an economy starts moving along the growth trajectory, then at the earliest stage of
economic growth, the environment deteriorates rapidly due to ambient air pollution, deforestation, soil
and water contamination, and several other factors. With a rise in the level of income, when the
economy starts to develop at a particular level of income, environmental degradation starts to come
down and environmental quality improves. This phenomenon is referred to as the Environmental
Kuznets Curve (EKC) hypothesis in the literature of environmental economics, named after Simon
Kuznets (1955), who described the inverted U-curve association between income inequality and
economic development. The basic EKC relationship is best understood as a purely long-run concept.
Estimation of the short-term dynamics may yield some interesting insights into how a country's
emissions evolve, but the shape of the EKC must be found in the long-run equation. Both pollutants
follow an inverted U-shaped curve with a negative coefficient of. It means environmental pollutions
will increase along with the GDP growth before the turning point. This indicates that the activities of
producing goods and services do not heed the principles of sustainable economic development, the
activities of producing goods and services are followed by environmental degradation.
An interpretation of the population density is that a 1 percent increase will lead to a -0.0016243
point decrease in the EQI index. Population impacts environmental quality index via human
production and consumption. Population density has a significant negative impact on EQI. This
conclusion is consistent with the work of [20], [21], and [22]. It shows that the population density has
also brought more negative impacts on the ecological environment in Indonesia. Population density is
measured as the population divided by the area. Theoretically, as Indonesian population increasingly
migrates to urban areas, which have greater access to modern energy technologies. However,
agglomeration effects can optimize the spatial allocation of production and energy resources which
could improve production and energy efficiencies. [16]. This conclusion is consistent with the work of
[20], [21], and [22]. It shows that the population density has also brought more negative impacts on
the ecological environment in China. A large number of people flowed into the eastern coastal areas
after China issued the reform and opening policy, and efforts to protect the ecological environment in
these areas should be further enhanced. [16].
dThe fiscal policy has a positive effect on EQI values, while the real GRDP has a negative effect
on EQI. These results indicate that increasing the realization of deconcentrated funds can encourage an
increase in the quality of the environment and vice versa with the level of regional output. Fiscal
policy in this case the realization of the deconcentration fund has an insignificant effect on EQI with a
positive direction. The effect is insignificant which shows that the effect of fiscal policy on EQI is still
relatively small. Indonesia’s difficulties relate to a decentralized government that continues to struggle
with corruption and diminished regulatory oversight, in addition to prioritizing private interests over
public services, such as critical water infrastructure [13].
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5. Conclution and Policy Implication
The results of the econometric analysis show that GRDP has a significant and negative effect on
environmental quality, population density has a negative and significant effect, while fiscal policy (the
deconcentration fund) has an insignificant and positive effect on environmental quality. In the
formulation of EQI and development plans, the government must consider the effect of the influencing
factors affecting the EQI in the adjacent area in the time dimension and the spatial dimension of
Indonesia as a whole. Therefore, to improve the quality of the environment, local governments must
be able to increase environmental-based budgets and economic development must be more
environmentally friendly. The significance of the spatial effects suggests that the Indonesian
government should promote the sharing and exchange of information across provinces to strengthen
cross-province development. From the policy perspective, Indonesia should adopt a green policy to
achieve green growth. Besides, implementation of Green GDP is needed to give value to the cost of
environmental losses and therefore adjusts GDP to reflect the environmental costs. To get the required
information for Green GDP accounting, monetary data together with physical data, as complementary
data, is needed to reach the target of better EQI.
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Abstract. An increase in the working age population causes an increase in consumption which
in turn will have an impact on increasing CO2 emissions. The household is an element that
must be responsible for increasing emissions of greenhouse gases because of their fossil fuels
consumption. This study aims to observe the relationship of the working age population and
the CO2 emissions in households. This study use data from National Socio-Economic Survey
(Susenas) 2019 with households consuming gasoline / diesel / kerosene for transportation, and
LPG / kerosene for cooking as a unit of analysis. Apart from working age population as the
main independent variable, socioeconomic characteristics (household size, income, residential
area, poverty, age, sex, education, employment status, and access to modern fuels) are also
used as control variables. Multiple regression analysis was used in this study. The results show
that the working age population variable is positively correlated to total CO2 emissions,
transportation-related emissions, and cooking fuels emissions. Respectively, households
dominated by members of working age (15-64 years) emitted 8.7%, 12.7%, 3.2% higher than
households dominated by non working age (0-14 years and/or 65+ years). Providing
sustainable transport system can be the best solution to reduce CO2 emissions.

1. Introduction
Working age population (15-64 years) is the capital for development. Numerous and highly-qualified
working age population can play a positive role in economic development [1]. The proportion of the
productive age population in 2020 is projected at 68.7% of the total population, which equals 185.2
millions of people. That proportion has increased compared to previous years, and is predicted to
continue to increase until 2021 and 2022 before starting to decline [2]. An increase in the proportion of
the working age population indicates a transition in the age structure of the population. This transition
occurs due to a demographic transition, namely changes in population caused by changes in birth rates
and death levels. It started from an equally high birth rate and death level and to the final phase in
which the mortality and birth rates are at their equally lowest level [3]. High birth rates in the past
caused the growing number of youth (residents aged 0-14 years). Over time, the young population
grows and enters the working age population, thus increasing the number of working age population.
Meanwhile, at the end of the demographic transition, birth rates have fallen, so that the young
population has declined. An increase in the working age population and a decrease in the young
population causes the proportion of working age to increase.
An increase in the proportion of the working age population causes an increase in consumption.
The consumption needs of the working age population are more than the non-working age population
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(young and old population), namely the consumption of tobacco, gasoline, clothing, food, cars and
furniture [4]. Increased consumption of industrial products has an impact on increasing CO2 emissions
due to the use of fossil fuels in the process of producing these goods. Similarly, an increase in gasoline
consumption for transportation can also increase CO2 emissions. Whatever is consumed by
households, either directly from nature or indirectly from the production process, generates emissions,
and waste. Some of this waste is reprocessed or recycled into new products and some that are not
reprocessed into nature [5].
CO2 emissions are the biggest contributor to global greenhouse gas emissions. Global emissions
increased from 2 billion tonnes of CO2 in 1900 to more than 36 billion tonnes 115 years later [6]. CO2
emissions account for 76% of greenhouse gas emissions, while the remaining 16% is contributed by
methane, 6% from nitrous oxide and 2% from fluorinated gas [7]. Greenhouse gas emissions in
Indonesia in 2017 increased by 14.5% from the condition in 2000. The energy sector was the biggest
contributor to greenhouse gas emissions in 2017. The sector's contribution was 48.72% in 2017, an
increase of 19.16% from its contribution at the year 2000 [8]. The increase in greenhouse gas
emissions in the energy sector is caused by an increase in energy consumption. During the 2008-2018
period, energy consumption increased 45.22%, from 598 million BOE in 2008 to 868.6 million BOE
in 2018 [9].
Household is the element that must be responsible for increasing emissions of greenhouse gases
because of their fossil fuels consumption [10]. Nearly 75 percent of the world's greenhouse gas
emissions are generated by households [11]. Research conducted by Hertwich and Peter [12] stated
that 72 percent of greenhouse gas emissions in the world are generated by household consumption, 10
percent from government consumption, and the remainder from the investment sector. If seen from the
type of goods consumed, food (20%), household operation and housing improvement (19%), and
mobility (17%) are the biggest consumption of greenhouse gas emitters globally. Fuel consumption of
private motor vehicles contributes the largest emissions to mobility. Meanwhile, Jones and Kammen
[13] stated that the consumption of motor vehicle fuel as the biggest contributor to greenhouse gas
emissions in American households, followed by electricity consumption and meat consumption.
In addition, socioeconomic characteristics such as household income, residential area (rural or urban),
climate conditions, household size, and demographic factors (age, sex, population density, type of
house) also affect the emissions produced [5]. Meanwhile, Tukker et al [14] explained factors that
explain the diversity of environmental impacts by households including income, household size,
location, vehicle ownership, diet, international and interregional trade, socio-cultural differences,
geographical locations, and housing type. Druckman and Jackson [11] studied the characteristics of
households that drive carbon emissions namely income, household size, employment status, location,
housing characteristics, construction of the house, food, education, and socio-cultural differences.
Upon the basis of high CO2 emissions phenomenon as a result of energy consumption and Indonesia's
commitment to reduce emissions by 29%, it is necessary to conduct a study in relation to this.
Research on the relationship between working age population and CO2 emissions in Indonesia has
been carried out, for example Abdurahman [15] examined the relationship at the national level in
Indonesia. While, Nugrahayu et al [16] estimated CO2 emissions from settlements in Yogyakarta at the
household level. To the author's knowledge there are no studies linking working age population and
CO2 emissions at the household level. Thus, this research needs to be carried out as an attempt to try to
fill the literature gap in the relationship between working age population and CO2 emissions,
especially at the household level.
Based on the manual for air emissions accounts (including CO2), air emissions in households occur
when the household performs activities that generate emissions such as fuel combustion when heating
homes, or petrol combustion when driving a car [17]. So, CO2 emission in household classify into
three categories, that is transport, heating/cooling (include cooking), and other. Transport emission in
household arises from the private use of motor vehicles, and also use private leisure boats and
aircrafts. Heating/cooling emission in household is derived from the fuel combustion for cooking and
producing hot water. Other emission in household includes solvent emission from paints, aerosol from
sprays and emission from open fires (for leisure or burning garden refuse). Ahmad, Baiocchi, and
Creutzig [18] conducted research on CO2 emissions produced by urban households in India by
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classifying CO2 emissions into three categories, namely emission from electricity, cooking fuel, and
transportation.
The purpose of this research is to determine the relationship between working age population and
CO2 emission in households. The CO2 emissions calculated in this research are limited to emissions
come from fuel consumption for transportation and cooking. Emission from electricity purchased by
household are not counted in our research. In addition, this study also uses socioeconomic
characteristics (household size, income, poverty, residential area, age, sex, education, and others) as
control independent variables.
2. Research Method
This research is an analysis of quantitative data using 2019 National Socio-Economic Survey
(Susenas) data as the data source. The unit of analysis used is households that consume gasoline /
diesel fuel / kerosene for transportation, and LPG / kerosene fuel for cooking. Of 315,672 samples in
Susenas, 222,788 households met the requirements for this study. CO2 emissions were set as the
dependent variable in this study. The calculation of CO2 emissions in this study follows the guidelines
from the International Panel on Climate Change (IPCC) Guidelines established by the United Nations
(UN) [19] and the Guidelines for the Implementation and Reporting of Greenhouse Gas Inventories
[20] as stipulated in the Ministerial Regulation Number P.73/MenLHK/Setjen/Kum.1/12/2017 dated
29 December 2017 [21]. Based on the two guidelines, the calculation of CO2 emissions is as follows:
(1)
In which
expresses designated greenhouse gas emissions (in this study, carbon
dioxide emissions) by type of fuel (Kg CO2),
expresses activity/consumption data by type of fuel
(TJ), and
expresses greenhouse gas emissions (carbon dioxide) factor by fuel type (kg CO2/
TJ).
Table 1. Calorific Value and Emission Factor for Each Fuel
Fuel Type
Unit
Calorific Value
Gasoline
Liter
3.3E -05 TJ / liter
Solar (Diesel fuel) / ADO
Liter
3.96E-05 TJ / liter
Kerosene
Liter
3.62E-05 TJ / liter
LPG
Kg
5.20E-05 TJ / Kg
Source: Regulation of the Director General of PPI (22), and IPCC (19)

Emission Factor
69300
74100
71900
63100

The calculation of carbon dioxide emissions in this study uses the tier 1 method because no specific
emission factor data is available in Indonesia, so it uses the default emission factor given in the 2006
IPCC guideline. Since the available data was in the form of a quantity of fuel in units of volume /
weight (liters / kg), it requires the conversion of units of the calorific value data for each fuel from the
unit of volume / weight to units of energy (TJ). This calorific value was taken from the guidelines
from KLHK [20]. So, the calculation of
is as follows:
(2)
Which
is fossil fuel consumption from household (liters or kg) whose data is sourced from National
Socio-Economic Survey; and
was the calorific value according to type of fuel (TJ). By
substituting equation (2) into equation (1), the calculation of CO2 emissions is obtained as follows:
(3)
The calorific values and emission factors used was presented in Table 1.
Ahmad, Baiocchi, and Creutzig [18] divide direct CO2 emissions in households into 3 sources,
namely electricity, cooking fuels, and transportation. This research focuses on 2 sources of direct CO2
emissions in households, namely cooking fuels and transportation. The emissions from cooking fuels
are emissions resulting from burning fuel for cooking purposes while the emissions from
transportation are emissions from the use of fuel for transportation. Cooking fuel in this study is
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limited to 2 fuels, namely LPG and kerosene and the fuel for transportation in this study is limited to 3
fuels, namely gasoline, diesel, and kerosene.
In addition to the working age population variable as an independent variable, this study also uses
the characteristics of the household and selected household heads as the control variable. The
operational definitions of variables can be seen in Table 2.
Table 2. Operational definitions of variables used.
Variables
CO2
Emissions
Working age
population
Household
size
Income
Poverty

Notation
LN_EMISI

Description
CO2 emissions in household

Information
CO2 equivalent

PROD

Ratio of household members
aged 15-64 years
Number of household
members
average household spending
per month
households
under
the
provincial poverty line
Territory household
residence
Head of household (KRT)
age
Gender of head of household
Highest education of the
head of the household

1 if ratio over 50%; 0 if
ratio 50% and under
persons

HHSIZE
LN_EXP
POOR

Residential
area
Age

RES
AGE

Sex
Education

SEX
EDUC

Employment
Status
Access
to
modern fuels

WORK
COOK

IDR
1 if non-poor; 0 if poor
1 if urban; 0 if rural
years

1 if female; 0 if male
1 if Middle school; 0 if
others
1 if High school /
vocational high school;
0 if others
1 if Diploma and above;
0 if others
Whether the head of the 1 if working; 0 if nonhousehold is working.
working,
Main
fuel
used
by 1 if kerosene; 0 if LPG
households for cooking
1 if besides kerosene
and LPG; 0 if LPG

To determine whether there is a relationship between working age population and CO2 emissions,
this study uses a multiple regression model with dummy variables. Using this model, we follow
previous research that links emissions with various types of determinants through the regression model
presented as in equation 3 [18].
∑

(4)

In which i = 1, ..., N denotes the household, Ei denotes CO2 emissions produced by households and
Xji, for j = 1, ..., k, shows the independent variable as a determinant of emissions, k is the total number
of emission determinants, and εi is the error term. The empirical model in this study adjusted for
equation 3, as follows:
(4)
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Equation (4) above is used to calculate each type of CO2 emissions, namely from cooking fuels and
transportation. Total CO2 emissions are the sum of CO2 emissions from cooking fuels and CO2
emissions from transportation. Meanwhile, the main research hypothesis is that the working-age
population is positively correlated to CO2 emissions. Similarly, for the control variables, each control
variable is thought to have a positive relationship with CO2 emissions.
3. Result and Discussion
3.1. Sample characteristics
The unit of analysis in this study is households that consume gasoline / diesel fuel / kerosene for
transportation, and consume LPG / kerosene for cooking, a total of 222,788 households from the
whole dataset. A general description of the characteristics of the analysis unit is shown in Table 3. In
general, most households that constitute the analysis unit consist of 4 to 5 household members. Most
households are dominated by members of working age (the ratio of working age compared to nonworking age is more than 50%). In other words, in a household, there are more working age household
members compared to non-working age (children less than 15 years old and elderly more than 65
years old). Most of the samples are also non-poor households (94.53%), living in rural areas (53.91%),
having male heads of households (89.44%) and working heads of households (97.28%).
3.2. Patterns of CO2 emissions according to working age population
This description of CO2 emissions patterns can be used to estimate the relationship graphically
between CO2 emissions with working age population. The working age population in this study was
measured by the ratio of household members who were of working age (15-64 years). In general, the
average pattern of CO2 emissions by the working age population shows a positive relationship (see
Figure 1). The greater the ratio of the working age population (the more members of the working age
household in one household), the greater the CO2 emissions produced. The average pattern of total,
transportation, and cooking CO2 emissions fluctuates. The average total CO2 emissions produced by
households is the highest when the ratio of working age population ranges from 81% to 90%. When
compared between the ratio of working age population of less than 50% and more than 50%, it was
found that the average total, transportation and cooking CO2 emissions produced by households with a
ratio of working age members more than 50% are higher. Of the two types of emission sources, the
average CO2 emissions from transportation are higher than emissions from cooking fuels.

a. transportation emission

b. cooking fuel emission

c. total emission

Figure 1. Relationship between CO2 emissions and the ratio of working age household members
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Table 3. Sample characteristics
Variable
Working Age Population
Household Size
Income (Natural Logarithm)
Poverty
not poor (%)
poor (%)
Residential area
rural (%)
urban (%)
Age
Sex
male (%)
female (%)
Education
Did not finish elementary school (%)
Elementary school / equivalent (%)
junior high school / equivalent (%)
high school / equivalent (%)
Diploma and above (%)
Employment Status
not working (%)
working (%)
Access to modern fuels
LPG (%)
Kerosene (%)
Others (%)

Mean
79.98
4.05
15.18
0
94.53
5.47
0
53.91
46.09
47.49
0
89.44
10.56
8
2.45
27.14
16.93
28.05
25.43
1
2.72
97.28
1,26
0.64
4.47
94.89

Std dev
14.77
1.60
0.60
0.23

Min

0
1
12.67
0

Max
100
34
19.30
1

0.50

0

1

12.25
0.31

12.00
0

97.00
1

5.59

0

22

0.16

0

1

0,60

1

3

3.3. Relationship of working age population and socioeconomic characteristics to CO2 emissions
The results of the regression analysis showed that the working age population variable is positively
correlated to total CO2 emissions, CO2 emissions from transportation and cooking fuels (Table 4).
Households dominated by members of working age (15-64 years) produced 8.7% higher total CO2
emissions than households dominated by non-working age members (0-14 years and or 65 years and
above). Likewise, with CO2 emissions from transportation and cooking fuels, households dominated
by working age members produced higher CO2 emissions from transportation by 12.7% and from
cooking fuels emissions by 3.2% than households dominated by non-working age members. When
compared between transportation emissions and cooking fuels emissions, emissions from
transportation produced by the working age population are higher than from cooking fuels emissions.
This is in accordance with the behavior of the working age population who prefers to spend time
outside the home such as traveling and hanging out in a café. That behavior has an impact on
household expenditure that is dominated by members of the working age so that household
expenditure for transportation fuel is more than cooking fuel expenditure. Households that are
dominated by non-productive ages such as children tend to have reduced fuel consumption for
transportation and divert it to consumption of other goods such as electricity for heating instead [23].
Similarly, for households dominated by household members aged 65 years or more, they consume less
fuel for transportation and increase electricity consumption because they prefer to spend time at home
[24].
The socioeconomic characteristics used in this study also indicate a relationship with CO2
emissions generated even though some variables’ direction is not as expected. Household size is
positively correlated to total, transportation, and cooking fuels CO2 emissions. The greater the size of
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the household (the more household members it has), the greater the emissions produced. When
household size increases by a person, total emissions will increase by 2.4%, transportation emissions
will increase by 0.5%, and cooking fuels emissions will increase by 7.7%.
Table 4. Results of multiple regression analysis
Variables (Notation)
Working age population
(PROD)
> 50% (ref: <=50%)
Household size (HHSIZE)
Income (LN_EXP)
Poverty (POOR)
Poor (ref: not poor)
Residential Area (RES)
Urban (ref: rural)
Age (AGE)
Sex (SEX)
Female (ref: male)
Education (EDUC)
Middle School (ref :
elementary School)
High School / Vocational
School (ref : elementary
School)
Diploma and above (ref :
elementary School)
Employment Status (WORK)
Works (ref: not working)
Access to modern fuel (COOK)
Kerosene (ref: LPG)
Others (ref: LPG)
Constants
n
R squared
adj R squared
F stat

Transportation
0.127
(0.007)
0.005
(0.001)
0.729
(0.004)
0.004
(0.007)
0.028
(0.003)
0.001
(0.000)
-0.060
(0.005)

***
***
***

***
***
***

Cooking fuels
0.032
(0.005)
0.077
(0.001)
0.148
(0.002)
-0.111
(0.005)
0.069
(0.002)
0.006
(0.000)
-0.038
(0.004)

***
***
***
***
***
***
***

Total
0.087
(0.005)
0.024
(0.001)
0.572
(0.003)
-0.001
(0.005)
0.047
(0.002)
0.003
(0.000)
-0.056
(0.004)

***
***
***
***
***
***
***

0.003
(0.004)
0.040 ***
(0.004)

0.026 ***
(0.003)
0.021 ***
(0.003)

0.008 ***
(0.003)
0.031 ***
(0.003)

0.170 ***
(0.006)
0.257 ***
(0.010)

0.039 ***
(0.004)
0.087 ***
(0.008)

0.139 ***
(0.004)
0.183 ***
(0.007)

-0.224 ***
(0.006)
-0.121 ***
(0.005)
-5.225 ***
(0.051)

0.303 ***
(0.005)
-0.573 ***
(0.005)
2.531 ***
(0.035)

-0.035 ***
(0.004)
-0.245 ***
(0.004)
-2.439 ***
(0.040)

222,788
0.317
0.317
6940,99 ***

222,788
0.243
0.243
4228.87 ***

222,788
0.377
0.377
8565.89 ***

***, **, and * denotes as significant at 1% level, 5% level, and 10% level
The value in (….) indicates robust standard error

Income is positively and strongly correlated to CO2 emissions. Moreover, income is one of the
most important determinants of carbon flow balances [11]. The results of this study indicated that the
higher the income, the greater the CO2 emissions produced. When household income increased by 1%,
it increased total emissions by 0.57%, transportation emissions by 0.73% and cooking fuels emissions
by 0.15%. The results of this study are in line with the results of previous research that the effect of
income on emissions is most sensitive to emissions from transportation [18][25]. Emissions from
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private vehicles are the most sensitive changing emissions with an increase in income [18]. In
addition, the increase in emissions along with an increase in income also shows an increase in energy
needs [24]. Increased energy requirements for transportation indicate an increase in mobility and also
poor public transportation infrastructure.
The relationship of poverty to CO2 emissions differs depending on what type of fuel is consumed.
In fuel consumption for transportation, poor households produce 0.4% more CO2 emissions than nonpoor households. Whereas in terms of consumption of cooking materials, poor households emit CO2
11% less than non-poor households. Poor households prioritize the consumption of transportation fuel
to go to work for money.
The residential area is positively correlated to CO2 emissions. Households living in urban areas
produce cooking fuels emissions 6.9%, transportation emissions 2.8%, and total emissions 4.7% more
than those living in rural areas. These results are in line with research by Zhang et al [26], as urban
communities consume more energy than rural communities [27][28].
The age variable has a positive relationship with CO2 emissions from transportation, cooking fuels
emissions, and total emissions. The older the head of the household, the higher the emissions is [18].
A year increase in age will increase CO2 emissions from transportation by 0.1%, cooking fuels
emissions by 0.6%, and total emissions by 0.3%.
The sex variable in this study is negatively correlated to emissions. Female household heads
produced less CO2 emissions than male household heads by 6%, 3.8%, 5.6% for transportation,
cooking fuels, and total emissions, respectively. However, when compared between transportation and
cooking fuels, CO emissions produced by female heads of households are more sensitive to fuel
consumption for transportation [29][23]. Men consume more energy for transportation because they
spend more on vehicle operating costs such as purchasing fuel, spare parts, and repair costs and
vehicle maintenance [29]. Likewise, female heads of household produce lower transportation
emissions due to lower motor fuel expenditure but produce more emissions on the use of residential
energy (electricity and gas) [23].
Educational variables have a positive relationship with the CO2 emissions produced. The higher the
education, the greater the CO2 emissions produced. Compared to elementary and non-school
education, heads of households with junior high school education produced total emissions of 0.8%
more, high school education 3.1% higher, and diploma education above 13.9% more. These results are
similar to studies conducted by Underwood [30], and Ye et al [31]. Increase in education, increase in
indirect energy expenditures [30].
Employment status has a positive relationship with CO2 emissions. The working heads of
household will produce higher transportation emissions by 25.7%, cooking fuels emissions by 8.7%,
and total emissions by 18.3% than heads of households who did not work. People who work need
more energy [24]. While people who do not work produce less CO2 emissions from transportation
does not mean they do not do activities outside the home but they use more public transportation [23].
When compared between consumption for transportation and cooking fuels, people who work produce
CO2 emissions more for transportation than for cooking fuels. People who work consume more fuel
for vehicles than electricity and cooking fuels because they spend more time outside the home,
especially at work or in vehicles [24].
In general, modern cooking fuel access variables have a positive relationship with CO2 emissions.
Households that do not have access to modern fuels (LPG) but have access to kerosene produce 3.5%
less total emissions, 22.4% less transportation emissions, and 30.3% higher cooking fuels emissions
when compared to households that have access to LPG fuel. These results are similar to the results of
Ahmad et al [18]. Households that have access to modern fuels have greater vehicle fuel consumption
patterns. The interesting thing in this study is that there are still households that do not have access to
modern fuels (LPG) so that they still use kerosene as the main cooking fuel. In fact, the kerosene to
LPG conversion program has long been established since 2007. However, to date the distribution of
LPG has not been evenly distributed throughout the region. Eastern Indonesia, especially Maluku and
Papua, have not had much access to modern fuels. This is caused by constraints in infrastructure,
geographical location, and physical access [32]. The LPG distribution terminal by Pertamina only
reaches 44% of the sub-district in Indonesia, which is around 7,058 sub-districts.
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4. Conclusion
This study found that the working-age population is positively correlated to total emissions,
transportation emissions, and emissions from cooking fuels. However, changes in CO2 emissions from
transportation are more sensitive to differences in the ratio of working age population. The behavior of
the working age population, who prefer activities outside the home, is suspected to be the cause of
sensitivity to CO2 emissions from transportation. Meanwhile, socioeconomic characteristics are also
positively correlated to CO2 emissions such as household size, income, residential area, age, education
and employment status. While poverty, sex, and access to modern fuel variables are negatively
correlated to CO2 emissions.
Considering the results of this study and the target of reducing greenhouse gas emissions by 29% in
2030, the government needs to be aware of the impact the booming population of working age has,
especially on the environmental aspects. By considering the behavior of the working age population,
the government is expected to provide sustainable transport system for all, improving road safety,
notably by expanding public transport. Using electric cars or motorcycles can be one of the solutions
that can make cities and human settlement sustainable.
This research is limited to fuels used for transportation and cooking fuels. Future studies could
broaden the scope of the studies. An example of it was how CO2 emissions are generated from
electricity as the use of electricity becomes an integral part in daily life.
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Abstract. Palm oil is one of Central Kalimantan's leading commodities. With a plantation area
of almost two million hectares. Central Kalimantan is capable of producing up to eight million
tons of palm oil annually. During the pandemic, Central Kalimantan's economy experienced
the deepest contraction of up to 3.17 percent due to restrictive policies to prevent the spread of
the virus. According to Statistics of Indonesia, the agriculture, forestry, and fisheries sectors
are the most resilient sectors because they can grow positively amid a pandemic. The palm oil
commodity could be a solution for boosting the economy of Central Kalimantan through
appropriate management strategies. One strategy in recovering from the impact of the
pandemic is through Small and Medium Enterprise's innovation. Based on the Klassen
Typology analysis, Pulang Pisau Regency has the biggest potential for developing oil palm
SMEs (quadrant I). In addition, Palangka Raya City and Kapuas Regency are in quadrant IV,
which means they have the highest number of SMEs. However, their economic growth has
contracted.

1. Introduction
Palm oil is one of Central Kalimantan's leading commodities besides coal. Annually Central
Kalimantan can produce up to eight million tons of Crude Palm Oil [16]. One of Indonesia's largest
palm oil producers, Central Kalimantan contributes to national and regional development. In 2020,
The Public Plantation Office of Central Kalimantan Province noted that the land of palm oil
plantations in Central Kalimantan reached 1,807,547.27 hectares (Ha). That includes large state
plantations, private plantations, and household plantations. During the pandemic, oil palm plantation
production was rose to 0.37 percent from last year's output to 5,182,919.43 tons [4].
The emergence of the COVID-19 virus led to a restriction policy with all the consequences. One of
the unavoidable consequences is an economic slowdown. Statistics of Indonesia noted the economy of
Central Kalimantan in the second quarter of 2020 contracted 3.17 percent if compared to the same
quarter the previous year or year-on-year. In the next quarter, the economy started to recover but still
contracted by 3.14 percent and 2.10 percent respectively, due to the economic recovery strategies of
the central and regional governments. In the first quarter of 2021, Central Kalimantan's economy once
again contracted by 3.12 percent. The growth is in line with government consumption which was still
low at the beginning of the year. The growth rate of Central Kalimantan's GRDP during the COVID19 pandemic and cases shows in the following figure.
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Figure 1. Economic Growth Rate (percent) and COVID-19 Cases in Central Kalimantan 2020.
The COVID-19 pandemic had a negative impact on Indonesia's economic conditions, including in
Central Kalimantan Province. In the figure above, of the 14 urban districts, there are five districts with
positive economic growth, including Kotawaringin Barat Regency (0.98 percent), Sukamara Regency
(1.98 percent), Lamandau Regency (1.85 percent), Pulang Pisau Regency (2.69 percent), and Gunung
Mas Regency (3.36 percent). As the largest palm oil producer in Central Kalimantan, the economic
growth of the five districts is supported by palm oil. In addition, the largest distributor of GRDP is in
the agricultural, forestry, and fishery sectors.
Nationally, the most resilient sectors are agriculture, forestry, and fisheries because they can grow
positively amid a pandemic [8]. During the pandemic, agriculture in Central Kalimantan Province
grew by 0.10 percent, slower than in 2019. The plantation was the mainstay of the agricultural subsector that was able to survive during the pandemic. BPS noted that Central Kalimantan's total exports
in the fourth quarter of 2020 contracted 0.67 percent YoY, while CPO exports could grow 3.92
percent. In other words, palm oil commodities can retrieve the economy of Central Kalimantan
through appropriate management strategies. One of the strategies in recovering the impact of COVID19 is through the innovation of Micro, Small, and Medium Enterprises (MSMEs).
The Ministry of Cooperatives and SMEs noted that in 2019 MSMEs had an urgent and strategic
role in the structure of the Indonesian economy because they contributed to the Indonesian economy
by 60.51 percent, employment of 96.92 percent, exports 15.65 percent, and market share of 99.99
percent of the total business units. There are three indicators that show the important role of MSMEs
in the economy, among others are a large number of businesses in each economic sector, great
potential in absorbing labor, and contributing greatly to national income [10].
However, MSMEs in Central Kalimantan have not developed optimally. It can be shown from the
position of MSME loans which are still below the loan disbursement ratio. As of the second quarter of
2020, the ratio of MSME lending or financing in Central Kalimantan reached 19.57 percent, slightly
below the set limit for MSME lending ratio of 20 percent [3]. In addition, the position of MSME loans
in Central Kalimantan was only 12.15 trillion rupiahs in the third quarter of 2020. Meanwhile, MSME
lending in the nearest province, South Kalimantan, reached 14.52 trillion, an increase of 1.02 percent
from last year.
The potential for developing oil palm MSMEs in Central Kalimantan is interesting to study. In
addition, this study aims to see the relationship between the export performance of palm oil
commodities and economic growth, as well as to analyze which areas have the potential to develop oil
palm MSMEs using Klassen typology analysis. Previous research conducted by Dianti in 2019
analyzing the potential of oil palm in Simalungun Regency showed that the palm oil commodity was
in quadrant II, namely the advanced but depressed sub-sector. Other researchers also identify and
analyze leading commodities and potential commodities in the agricultural sector using Klassen
Typology. These studies include the economic potential of the Agriculture and Tourism Sector in Bali
Province [14], the leading economic sector in Kerinci Regency, Jambi Province [11], and determining
the leading sector in Cilacap Regency [14]. Currently, the government has issued PMK Number
65/PMK.05/2020 regarding the provision of interest subsidies/margin subsidies for MSME
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loans/financing to support the implementation of the national economic recovery program [3].
Therefore, it is hoped that MSMEs will become the supporter of the economy amid the current
pandemic situation.
2. Methodology
2.1. Klassen Typological Analysis
Klassen typology is an analytical tool used to describe the pattern and structure of economic growth in
each district/city. The Klassen typology divides regencies/cities based on two indicators, specifically
regional economic and regional per capita GRDP [1]. However, this study uses indicators of regional
economic growth, regional palm oil production, and regional economy with the number of Smal Micro
Industry companies to determine which areas have great potential to develop palm oil. Through this
research, four different characteristics of patterns and structures of economic growth were obtained,
namely quadrant I (fast-paced and fast-growing areas), quadrant II (developed but depressed areas),
quadrant III (fast-developing lands), and quadrant IV (relatively lagging areas) [12].
The line that separates each district/city into four quadrants is the economic growth of Central
Kalimantan Province as the vertical axis, meanwhile the growth of palm oil production and the
number of IMK companies as the horizontal axis.
Table 1. Klassen Typology Matrix

Ri>R
Ri<R

Yi<Y

Yi>Y

Quadrant II
(Developed but depressed area)
Quadrant IV
(Relatively underdeveloped area)

Quadrant I
(Fast forward and fast-growing area)
Quadrant III
(Fast-growing area)

Notes:
Yi : District/city economic growth i
Y : Economic growth of Central Kalimantan Province
Ri : Growth of oil palm production and number of district/cities IMK companies i
R : The growth of palm oil production and the number of IMK companies in Central Kalimantan
Province

2.2. Data and Data Source
This analysis uses data from 2017 to 2020 sourced from the Statistics of Indonesia and the Indonesian
Palm Oil Association. The descriptive analysis uses the variables of CPO production growth rate,
economic growth, export value growth, enterprise, and workforce growth rate, and the growth of
Covid-19 cases in Central Kalimantan. Klassen's typology analysis uses data on district/city economic
growth, Central Kalimantan Province economic growth, palm oil production growth, and the number
of district/city and Central Kalimantan Province companies.
3. Result and discussion
3.1. CPO and Central Kalimantan Economic
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The figure above shows Central Kalimantan's economic growth is affected by the production of CPO
commodities. In 2018, Central Kalimantan's economy grew 5.61 percent, decelerating from the
previous year in line with the significant slowdown in CPO production that year. Furthermore, Central
Kalimantan's economy accelerated to 6.12 percent in accord with the increase in CPO production to
6.19 percent from the previous contraction of 6.09 percent to 0.10 percent. During the pandemic,
Central Kalimantan's economy contracted by 1.40 percent. Meanwhile, CPO production was still able
to grow by 0.37 percent.
CPO production in Central Kalimantan is mostly exported abroad. In the figure above, the value of
CPO exports grew significantly by 145.12 percent to 7.2 trillion rupiahs in 2017. Following the growth
of CPO exports, the economy of Central Kalimantan grew positively by 6.73 percent. Furthermore,
when exports contracted 29.69 percent to 4.7 trillion rupiahs, Central Kalimantan's economy slowed
5.61 percent. As palm oil export performance improved in 2019 with a growth rate of 23.95 percent,
Central Kalimantan's economy also improved. During the pandemic, the economy of Central
Kalimantan recorded a contraction of 1.40 percent, in line with the export value which fell 6.56
percent.
3.2. Klassen Typology Analysis of Economic Growth and Palm Oil Production

Figure 4. Klassen Typology of Economic
Growth and Palm Oil Production Growth in
2017-2020.

Figure 5. Klassen Typology of Economic
Growth and Number of Small Micro
Industry Companies in 2017-2020.

Figure 4. shows Pulang Pisau Regency in quadrant I have advanced production and economic growth
values. It is growing significantly above the average economic growth and average palm oil
production in Central Kalimantan Province. In 2020, the largest palm oil production is located in
Pulang Pisau Regency, which has 10.98 million tons of output. In line with that, Pulang Pisau's
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economic growth also managed to grow positively by 2.69 percent amid the COVID-19 pandemic.
Regions in quadrant II, namely Gunung Mas, Sukamara, Lamandau, and Kotawaringin Barat have
advanced production values and economic growth but are depressed, meaning that the average palm
oil production growth is above the provincial average. However, the average economic growth is
below the province.
If we pay attention to the economic growth and the number of Small Micro Industries in
districts/cities, Palangka Raya City and Kapuas District are in quadrant III or fast-developing areas. It
means that these districts have economic growth above the average economic growth of Central
Kalimantan Province. However, the average growth of SMI companies is still short. In quadrant II
there are Gunung Mas, Pulang Pisau, Lamandau, Sukamara, and Kotawaringin Barat (Kobar)
regencies. The five regencies have a high average growth rate of IMK companies. However, their
economic growth is still below the provincial average. The economy is supported by the main
commodity of the district's agricultural sector, namely palm oil. For these five districts, innovation
products from palm oil can be developed, such as and are expected to increase the number of MSMEs
and advance the MSME sector so that the position of the national palm oil industry is getting stronger.
4. Conclusion
The development of MSMEs during the pandemic is one of the strategies for economic recovery
during the phenomenon of workforce reduction by several companies. This development can be
focused on the agriculture, forestry, and fisheries sectors as the largest contributors to the economy of
Central Kalimantan. In addition, Central Kalimantan is one of the largest palm oil-producing
provinces in Indonesia. So there needs to be an injection of knowledge, ease of administration,
granting MSME loans, and seed assistance to business actors to encourage the creation of MSME
product innovations, especially palm oil commodities. Pulang Pisau Regency is a district that has the
potential to develop oil palm commodities. Apart from having a large area, Pulang Pisau's palm oil
commodity has the best performance and can continue to accelerate. Thus, MSME’s innovative
products from palm oil such as bag crafts, hand sanitizers, and others can help support people's lives.
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Abstract. The Covid-19 pandemic has affected the economy in many countries, including
Indonesia. Until July 2021, the Government has implemented social activity policies for the
community, starting from Large-Scale Social Restrictions in the first semester of last year to
PPKM Level 4 to stop the spread of Covid-19. Responding to the Covid-19 pandemic, Google
released data from people who access google applications using mobile devices. The Google
Mobility report shows changes in population activity and mobility in several locations. This
study aims to examine the effect of the PSBB and PPKM policies in Indonesia on the decline
in COVID-19 cases in Indonesia using the Google Mobility Index and their impact on the
economy in Indonesia. The analysis uses graphs and Pearson Correlation and Long Short-Term
Memory (LSTM) method to predict Covid-19 cases and mobility data. The result shows that
the mobility of people to five places has a significant effect on the number of daily cases of
Covid-19, while there is a significant effect on three places of community mobility on
Indonesian economic. As the results, controlling the spread of Covid-19 is better prioritized
than economic condition.

1. Introduction
The government implemented a semi-lockdown policy to limit the movement of people to suppress the
spread of the virus with the increase in active cases of COVID-19 in Indonesia. Starting from LargeScale Social Restrictions (PSBB) in the first semester of last year to the implementation of microbased Community Activity Restrictions (PPKM) since March, emergency PPKM at the end of June,
and PPKM level 4 at the end of this July (PPID, 2021). The purpose of several activity restriction
policies is to contain the spread of the virus and reduce the Bed Occupancy Rate [7].
The government eased restrictions on March 9 with the implementation of micro PPKM. Several
public places such as shopping centers, cinemas, offices, restaurants, and places of worship have
reopened with a capacity of 50 percent of visitors by implementing health protocols. However, in midJune, there was a spike in COVID-19 cases due to the spread of the Delta variant from India. The
government took a firm policy to close all teaching, office, and other public activities. Some of these
activities are temporarily online. Data from covid19.go.id as of July 30, 2021, confirmed cases of
COVID-19 reached nearly 3.4 million cases with a death toll of 92,311 cases. The addition of the
number of COVID-19 cases in Indonesia is one of the highest in the world. According to experts, virus
transmission can occur through droplets or breathing, so reducing the level of direct community
interaction, can reduce the rate of virus spread [3].
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By implementing strict social distancing in various activities, people's movements are very limited
[2]. Several studies were conducted to find out what variables affect transmissions such as
transportation access, demographic conditions, and mobility patterns [3]. Woskie [1] in 2020
examined the effect of social distancing policies in 27 countries on the European continent with
population mobility and COVID-19 infection using two linear mixed effect models. The result is that
since implementing the stay-at-home policy, population mobility has fallen by 70 percent. Changes in
mobility significantly affect changes in the growth of COVID-19 cases. For example, a 10 percent
reduction in mobility will reduce COVID-19 cases by 11.8 percent.
Google [4] released data from people who access the Google application using mobile devices to
respond to the pandemic. The Google Mobility report shows changes in population activity and
mobility in some locations, compared to before the spread of COVID-19 [4]. This data is useful for
measuring activity and movement [5]. This report provides an opportunity for researchers to conduct a
study on the correlation between mobility and active cases of COVID-19. The question is whether the
government's social restriction policies are effective in suppressing the spread of the virus. Research
conducted by Sulyok and Walker in 2020, found that globally, a decrease in population activity has a
correlation with a decrease in COVID-19 cases using the Kendall correlation. Wang [2] also used the
mobility index to measure the effect of social distancing on virus transmission and made a model to
predict Covid-19 cases with the help of population mobility activity data from the Google Community
Mobility report. They determine the best and most accurate model using Partial Differential Equation
(PDE). As a result, social distancing can reduce the spread of the virus. According to Wellenius [7],
there is a strong relationship between decreasing mobility and Covid-19 case growth. The research
used regression discontinuity analysis on google mobility data.
The social distancing policy in each country is different. President Joko Widodo stressed that he
would not issue a lockdown policy because it would have a bad impact on the economy. According to
Putra [8], there is strong positive correlation between people’s mobility and economic growth in
Indonesia. Therefore, it is interesting to examine the effect of the PSBB and PPKM policies in
Indonesia on the decline in COVID-19 cases in Indonesia using the Google Mobility Index and their
impact on the economy in Indonesia. Previous research using Long Short Term Memory (LSTM) and
mobility data from Google and Apple showed that daily cases of COVID-19 in Indonesia were
influenced by the mobility trend of the previous eight days [3].
2. Methodology
2.1. Pearson correlation
This study uses a descriptive analysis of data on changes in mobility, daily positive cases of COVID19, and the impact of the economy in Indonesia through graphs, tables, and Pearson correlations. This
Pearson correlation analysis uses to determine the close relationship between the variables of changes
in mobility and confirmed cases of COVID-19. The magnitude of the close relationship ranged
between -1 to 1. If the value is closed to -1 or 1 , the relationship between the two variables is getting
stronger. Otherwise, if it is closed to zero, the relationship between the two variables is weaker. The
following is the Pearson correlation formula [9]:
√ ∑

∑

∑

∑

∑

√ ∑

∑

(1)

Notes:
rxy = correlation value,
X = variable X,
Y = variable Y.

2.2. The Long short term memory
In addition, this study also uses a method, namely Long Short Term Memory (LSTM). LSTM is one
of the most common forms of RNN. LSTM stores information on patterns in the data. LSTM can learn
data that will be stored and discarded because each LSTM neuron has a gate structure that regulates
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the memory of each neuron itself. This method can process and predict time series data. Architecture
of LSTM consist of three layer that are input layer, output layer, and hidden layer. The hidden layers
are set of memory cell that have input gate, forget gate, and output gate [10]. The diagram can be
shown in figure below.

Figure 1. LSTM diagram of memory cell
1. Input gate ( )
This gate controls the information that saves in a memory cell. That information is an output of
the previous memory cell and has passed the sigmoid layer. The formula of this gate can be
shown below.
(2)
Note:
= weight of input gate
= previous (t-1) state
= input in current time (t)
= sigmoid function

2. Forget gate ( )
This gate controls the extent to which the value remains in the memory cell. This gate is a
sigmoid layer that takes output in t-1 and input in t, the output of this gate is 0 or 1. If the forget
gate ( ) is 0 then the previous state will be forgotten, while if the forget gate ( ) is 1 then the
previous state is not changed, and the following formula is:
(3)
Note:
= weight of forget gate
= previous (t-1) state
= input in current time (t)
= sigmoid function

3. Output gate ( )
The output gate decides how much value is in the memory cell to calculate the output. This gate
also controls how many states pass to the output and works in the same way as any other gate.
(4)
Note:
= weight of output gate
= previous (t-1) state
= input in current time (t)
= sigmoid function
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In this study, the COVID-19 case data compares with mobility data with a 14-days time difference.
The use of this time difference is because Covid-19 does not directly affect population mobility.
Testing whether the model used to train the dataset is good or not using a graphic diagram that
compares the training loss and validation loss on the implementation of the model to the dataset. If the
training loss and validation loss decrease to stability point and the gap between them is small, the
model used to train the data is suitable for that dataset.
2.3. Data and sources
This study uses 2020 to 2021 data of Indonesia from the Statistics of Indonesia, covid19.go.id, and
Google Community Mobility Report. The mobility change data collected includes:
1. Retail and Recreation
2. Grocery and Pharmacy
3. Parks
4. Transit Station
5. Workplace
6. Residential
3. Results and Discussions
3.1. Descriptive Analysis
Figure 2 shows the mobility of people to work and residential areas for the number of confirmed
COVID-19 from February 2020 to July 2021. This graph also shows that positive cases of COVID-19
from June 2021 increased quite significantly. This phenomenon caused by mobility activities to the
workplace starts to increase and made office clusters. Meanwhile, the increasing triggered by the
discovery of the Delta variant in May 2021 in Indonesia. On the other hand, the increase of
community mobility to residential areas at the end of June was in line with the implementation of the
emergency PPKM due to the increase in confirmed cases of COVID-19.

Figure 2. Comparison between workplace and residential mobility to Covid-19 Cases.
Based on Figure 3, the number of confirmed COVID-19 cases from February 2020 to July 2021 is
directly proportional to the mobility of people to parks and public transportation centers. In December
2020, there are Christmas and New Year holidays, which makes mobility to parks and public
transportation increase and make COVID-19 cases growing up. This phenomenon also occurred
during Ramadan and Eid Fitri.
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Figure 3. Comparison between parks and transit station mobility to Covid-19 Cases.
Figure 4 describes mobility to retail and recreational areas similar to restaurants and pharmacies
with the number of COVID-19 cases. This is due to an increase in people's income (from the provision
of holiday allowances and salaries), which pushes aggregate demand to move up. Moreover, the
easing of community activities to stimulate the economy. This can be seen from June 2021,
community activities to entertainment venues have begun to increase, increasing in COVID-19 cases
in Indonesia.

Figure 4. Comparison between retail & recreation and groceries & pharmacy mobility
to Covid-19 cases.
3.2. Correlation Analysis
3.2.1. Relation between mobility to Covid-19 cases
Community mobility is one of the factors that affect the number of COVID-19 cases in Indonesia, this
is because community mobility involves interactions between communities which indirectly have an
impact on the spread of the Covid-19 virus. Reporting to kompas.com 99% of infected people show
symptoms within 14 days, so in this study, the COVID-19 data was compared with community
mobility data from the previous 14 days. This can be seen from the table of Pearson correlation results
between mobility and daily cases of COVID-19.
Table 1. Correlation between mobility and Covid-19 cases
Covid-19
Cases
Covid-19
Cases

Pearson
Correlation
Sig. (2-tailed)
N

Retail and
recreation

Pearson
Correlation
Sig. (2-tailed)
N

Retail and
recreation

Grocery and
pharmacy

Parks

Transit
stations

Workplaces

Residential

1
499
.273**

1

.000
499

499
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Grocery
and
pharmacy
parks

Transit
stations
workplace

residential

Pearson
Correlation
Sig. (2-tailed)
N
Pearson
Correlation
Sig. (2-tailed)
N
Pearson
Correlation
Sig. (2-tailed)
N
Pearson
Correlation
Sig. (2-tailed)
N
Pearson
Correlation
Sig. (2-tailed)
N

Covid-19
Cases

Retail and
recreation

Grocery and
pharmacy

**

**

1

.425

.881

Parks

Transit
stations

Workplaces

Residential

.000
499

.000
499

499

.221**

.838**

.743**

.000
499

.000
499

.000
499

499

.143**

.899**

.698**

.701**

.001
499

.000
499

.000
499

.000
499

499

-.032

.300**

.111*

.001

.490**

1

.481
499

.000
499

.013
499

.979
499

.000
499

499

**

**

**

**

**

-.579**

1

.000
499

.000
499

499

-.138

.002
499

-.727

-.576

.000
499

.000
499

Notes:
**. Correlation is significant at the 0.01 level (2-tailed).
*. Correlation is significant at the 0.05 level (2-tailed).

1

-.453

.000
499

1

-.833

The table shows a relationship between the mobility variable and Covid-19 cases, indicated by a
significance value <0.05 except for the mobility variable to work. The strongest correlation between
mobility and Covid-19 case growth is grocery and pharmacy mobility, that is 0.425. That means if
number of people coming to grocery and pharmacy increase, then the number of Covid-19 cases also
increase.
3.2.2. Relation between mobility to Gross Domestic Regional Product (GDP) at Constant Price
The government's policy in handling Covid-19 in Indonesia avoided lockdown had quite an effect on
the economy in Indonesia, where Indonesia had experienced a recession in the third quarter of 2020. In
the next quarter, the Indonesian economy showed a slow increase. The relationship between changes
in community mobility and the government's economy of 2020-2021 is in the following table.
Table 2. Correlation between mobility and GDP of Indonesia
Retail and
recreation
Retail and
recreation

Pearson
Correlation
Sig. (2-tailed)
N

Grocery
and
pharmacy

Pearson
Correlation
Sig. (2-tailed)
N
Pearson
Correlation
Sig. (2-tailed)
N
Pearson
Correlation
Sig. (2-tailed)
N
Pearson
Correlation
Sig. (2-tailed)
N
Pearson
Correlation
Sig. (2-tailed)
N
Pearson
Correlation
Sig. (2-tailed)
N

parks

Transit
stations
workplace

residential

GDP

Grocery and
pharmacy

Transit
stations

Parks

Workplaces

Residential

GDP

1
6
.836

1

.038
6

6

.935

.877

.006
6

.022
6

6

.921

.585

.769

.009
6

.223
6

.074
6

6

.623

.110

.435

.830

.186
6

.836
6

.389
6

.041
6

6

-.884

-.613

-.703

-.954

-.686

1

.019
6

.196
6

.119
6

.003
6

.132
6

6

.910

.907

0.963

.705

.313

-.707

1

.012
6

.013
6

.002
6

.118
6

.546
6

.116
6

6

1

1

1
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The correlation shows the relationship between GDP and people's mobility to retail and recreation
places, retail stores, food, and pharmacies also parks with a significance below 0.05 with a Pearson
correlation close to one, which means it has a strong relationship.
3.2.3. Forecasting
Based on the figure and correlations between variables, a daily number of Covid-19 cases was forecast
based on multivariable community mobility using the LSTM approach. The best model uses 4 LSTM
layers with 128 units in each layer, activation function using Rectified Linear Unit (ReLU), dropout
layer 0.01, dense layer, and a learning rate of 0.05. The following is the learning curve model
obtained.

Figure 5. Learning Curve Model
The graph above shows that the model used is suitable for training datasets and predicting the y
variable (number of Covid-19 cases). Comparison of actual and predictions data from this model is in
the following graph.

Figure 6. Comparison prediction and actual data of covid-19 cases
According Figure 7 below, from the condition of community mobility which has declined again
due to PPKM policies and vigilance against delta variants, the number of daily COVID-19 cases will
experience a significant decline in August and September then they return to fluctuating conditions.
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Figure 7. Prediction of covid-19 cases from current google mobility
4. Conclusion
The government's policy in terms of limiting people's mobility as a step to minimize the potential for
the spread of COVID-19 in Indonesia is quite good because the daily number of COVID-19 is in line
with community mobility from the previous 14 days. The correlation between community mobility
and the daily increase in the number of COVID-19 also shows the significance of less than 0.05 except
for the variable of community mobility to work. Meanwhile, the correlation between people's mobility
and Indonesia's GDP has a strong correlation with people's mobility to retail and recreation areas,
grocery stores, food and pharmacies, and parks.
The best LSTM model for predicting the number of daily Covid-19 cases based on community
mobility consists of 4 LSTM layers with 128 units in each layer, function activation using Rectified
Linear Unit (ReLU), dropout layer 0.01, dense layer, and using a learning rate of 0.05. The results of
the prediction with the LSTM model obtained show that the number of daily Covid-19 cases will
begin to decline along with the decline in community mobility, although there will still be cases of
daily increase in cases because the graph shows volatile conditions.
It can be concluded from the graph of the prediction of the daily number of Covid-19, that the
policy in reducing community mobility in to reduce the risk of the spread of Covid-19 is better
prioritized in line with the delta variant which spreads faster than the previous variant. In recovering
the economy, the government can provide capital injections in retail and recreation areas, grocery
stores, food, and pharmacies, especially after the spread of Covid-19 can be controlled.
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Abstract. Companies can develop their business using big data to support decision-making.

Big data in the e-commerce industry that includes size and speed of high transactions can be
used to analyze customer behaviour and predict customer value. Nowadays, companies are
starting to develop customer-oriented rather than product-oriented business interests. One way
that can be used to determine customer value is by calculating Customer Lifetime Value
(CLV). By knowing CLV at the individual level, it will be useful to help decision-makers to
develop customer segmentation and resource allocation. It is important to do segmentation or
customer grouping that describes customer loyalty groups. Therefore, this research aims to
calculate CLV and customer segmentation using the RFM analysis method. The dimensions of
forming CLV include the values of Recency, Frequency, and Monetary. In this study, concept
of multivariate statistical analysis will be applied, namely K-Means Clustering and factor
analysis. Segmentation is done to determine the level of customers. The higher the CLV value,
more valuable customer is to maintain. In the end, the customer segmentation method built by
author can be used to optimize company's strategy to get maximum profit. This method can be
applied to various cases and other companies.

1. INTRODUCTION
In the era of information revolution the emerging marketing problems require in-depth research.
These new emerging issues are interesting to investigate, and old issues can be analyzed better due to
better data availability. In marketing research, Customer Lifetime Value (CLV) analysis is one of the
new methods in developing the marketing field to determine potential customer groups. According to
Gupta [1], the modern economy is accompanied by a service infrastructure, and businesses get more
money by creating and maintaining long-term relationships with customers. In such an environment,
marketing aims to maximize the assets of customers, which is the sum of CLV (Customer Lifetime
Value) and corporate customer value.
Customer value has attracted the attention of all customer researchers because it plays a very
important role at the center of all marketing activities [2]. CLV is the present value of the expected
profit or loss earned by a company during a transaction with a customer. According to Khajvand [3],
on a customer-centric based approach, customers are considered as an asset. The profits obtained by a
company are influenced by length and number of customers and also the quality of these customers
[4]. This approach is considered the best, resulting in a paradigm shift in making a company's business
decisions. Of course, getting the CLV value requires supporting data. Thus, several companies such as
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telecommunications, retailers, banking, and many more collect customer information and transaction
data to identify customer habits for a certain period. Knowing CLV at the individual level will help
decision-makers develop customer segmentation and resource allocation [5&6].
One way to manage the relationship between a company and its customers is customer lifecycle,
which consists of customer acquisition, customer retention, and customer development [7]. In the
customer acquisition stage, company must select several customers who have good potential.
Furthermore, entering the customer retention stage, the company tries to keep customers who have
high values. The last stage is customer development, namely, the company's development process so
that it is expected that customers will provide more benefits for the company.
It is not easy to know how companies determine good customers to acquire, retain and develop
because each stage of the customer's life cycle requires high costs and resources. Therefore, it is very
important to understand the customer lifetime value (CLV) in order to provide an accurate measure,
that is, the present value of the expected profit or loss that a business will earn from a transaction with
a customer [8].
Several models that can explain CLV include RFM, probability, econometric, computer science,
and diffusion/growth models. But among them all, RFM analysis is one of the most popular and
effective CLV models to be applied in market segmentation. RFM analysis is an approach to
understanding customer behaviour through evaluation metrics and customer segmentation. RFM is an
abbreviation for Recency, Frequency, and Monetary. RFM analysis can be used to classify customers
based on the time interval of their last visit, the frequency of visits, and the amount of value that
customers have issued [9]. The results of this analysis can be used for proper customer profiling. The
company must maintain customers with high CLV because it will be very profitable for the company.
2. DATA AND METHODOLOGY
2.1 Data Source
The research conducted includes 4338 customers of international e-commerce in the United Kingdom
in 2010-2011. The data used is secondary data as many as 541910 purchase transactions.
2.2 Recency, Monetary, Frequency (RFM) Analysis
Bult and Wansbeek first introduced the concept of RFM in 1995. The abbreviation of RFM is
Recency, Frequency, and Monetary [11]. RFM is an analytical method used to segment customers into
specific classes. In this study, each RFM component will be divided into three class categories, namely
low, medium and high. RFM analysis relies heavily on transaction data made by customers.
a. Recency means the analysis day minus the last day the customer made a transaction. Recency
indicates that the customer has recently purchased something. Customers with recent purchases
are more likely to respond to new offers than customers whose purchases last longer.
b. Frequency means how often a customer makes a transaction. Frequency shows the number of
purchases made by customers. If a customer makes a purchase more often, it will result in a
higher positive response than a customer who buys something infrequently.
c. Money is the amount spent by a customer. Monetary value represents a purchase conversion all
purchases by a customer. Customers who spend more money than they buy are more likely to
respond to suggestions once than they do.
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Table 1. RFM Data
No

etc.

1
2
3
4
5

CustomerID Recency Frequency Monetary ($)
12346
348
1
77183.6
12347
25
7
615.7143
12348
98
4
449.31
12349
41
1
1757.55
12350
333
1
334.4

Dataset, though. It is showing 5 of 4338 customers.

From the table above, the RFM score can be formed. The RFM score is the result of such weighting
of those three components. The RFM score can help identify customers from the smallest to the largest
purchasing power in the form of a specific group classification order. Therefore, the Recency,
Frequency, and Monetary dimensions will be used to form the Customer Lifetime Value (CLV). RFM
analysis can play a crucial role in increasing the profitability of advertising campaigns. RFM is an
analytical method that divides customer segmentation into four classes: Gold, Silver, Bronze, and
Non-Profit.
2.3 K-Means Clustering
Cluster analysis is a method of grouping a set of objects so that objects are classified into the same
group according to certain characteristics. In classifying data, the concept of distance similarity will be
used. If the two observations have a small distance, the similarity is high, so they fall into the same
group. KMeans is an unsupervised machine learning algorithm designed to find clusters in the data,
and number of clusters is represented by K. The concept of KMeans is to minimize variance within
group and maximize variance between groups. To process the data from Kmeans clustering algorithm,
the data starts from the first set of centroids randomly selected as the starting point for each group, and
then an iterative calculation is performed to optimize the position of the centroid. When the centroid is
stable and reaches the specified number of iterations, the process will stop. The process of grouping
data into groups can be completed by calculating the shortest distance from the data to centroid point.
The Minkowski distance calculation can be used to calculate distance between two data. Base on
Johnson [10], the formula for calculating distance is
(1)
Where:
to calculate Manhattan distance
to calculate Euclidean distance
to calculate Chebychev distance
are two pieces of data to be calculated the distance
data dimensions
Renewal of centroid point can be done with the following formula:
(2)
Where:
K-th cluster centroid point
K-th cluster amount of data
the q-th data in the cluster
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2.4 Factor Analysis
Factor analysis is a multivariate statistical analysis used to create unique variables in a multivariate
data set. Base on Johnson [10], the model in factor analysis is as follows :

The matrix notation is :
(

)(

(

)

) (

)

(

(3)

)

One of the estimation methods in factor analysis is the Principal Component method. The formula
is as follows:
√
[√

√

(4)

]
√
[

]

If m factors are used, then
√
[√

Which

√

]*
√

+

(

)

(5)

∑

If the estimation method uses Principal Component, the calculation of the factor score can use the
following formula :
̂
̅)
(̃ ̃) (
(6)
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When known ̃

*√ ̂ ̂

√̂ ̂

√ ̂ ̂ +, then

(7)

For each factor scores apply,
∑̂

(8)

and
∑̂ ̂

(9)

The notation above shows that the data produced by factor score is normal multivariate (in
standardization form)
2.5 Multivariate Normal Distribution
Random variable vector
distribution with mean
probability distribution.

[

(

)

Or can be written by

(

(

] is assumed to have a normal multivariate (Gaussian)
[10]. Suppose it has the following
and covariance matrix

)

| |

(

(

)

(

))

(10)

)

The following are the properties of a multivariate normal distribution:
Let X is a multivariate normal distribution, then:
1. The linear combination of the X components is normally distributed.
2. All subsets of component X have a normal (multivariate) distribution
3. The covariance value equal to zero indicates that the components are independently distributed
4. The conditional distribution of its components is (multivariate) normal
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3. RESULT AND DISCUSSION
3.1 Cluster Analysis
RFM score calculation and customer segmentation are techniques that each company can develop. The
results may vary according to the strategies and policies the company wants to achieve. In this study,
the authors innovate to determine segmentation using one of the clustering techniques, namely KMeans Clustering. Segmentation for each component is defined and divided into 3 level categories,
namely "Low", "Medium", and "High" value, so that it can be known at the outset that the value of
. The higher the level, the more valuable customers are.
Recency, frequency, and monetary variables have been obtained in the previous sub-chapter. Those
variables represent customer values. Before clustering, the data for each variable will be searched for
outliers to be removed to produce an optimal cluster size. The top outlier or bottom outlier will later be
included in the nearest cluster after the analysis process.
a. Recency

Figure 1. Boxplot of Recency
Table 2. Summary of Recency
Min.

Summary
23,0

1st Qu.

40,0

Median

73,0

Mean

115,1

3rd Qu.

164,8

Max.

396,0

Based on the boxplot and table above,
(
)
is obtained. So that the recency value above 352 is included in the top outlier.
One hundred fifty-two customers are included in the top outliers so that later these 152 customers will
be included in the cluster with the highest average. The remaining data of 4186 customers will be
analyzed by cluster, and the following results are obtained:

512

B C Laksono and I Y Wulansari

Table 3. Clustering Result of Recency
Cluster
1
2
3

Recency
Means
Level
52,20403
High
279,96672
Low
153,86082 Medium
Jumlah

Size
2779
631
776
4186

between_SS / total_SS = 89,9 %

Based on the table above, the level assignment is adjusted to the mean value of each cluster.
Customers with lower recency values will be more feasible to maintain because their CLV values are
high. Logically, customers with low recency are currently still processing transactions with the
company. So it can be concluded that customers with a "Low" level are 631+152=782, customers with
a "Medium" level are 776 and customers with a "High" level are 2779. The ratio between the variance
compared to the total variance is 89.9%, indicating that the cluster analysis results are pretty good.
b. Frequency

Figure 2. Boxplot of Frequency
Table 4. Summary of Frequency
Summary
Min.

1,000

1st Qu.

1,000

Median

2,000

Mean

4,272

3rd Qu.

5,000

Max.

209,000

Based on the boxplot and table above,
(
)
. The frequency value above eight will be considered as the top
outlier. In this case, 459 customers are included in these criteria so that later these 459 customers will
be included in the cluster with the highest average. The remaining data of 3879 customers will be
analyzed by cluster, and the following results are obtained:
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Table 5. Clustering Result of Frequency
Cluster
1
2
3

Frequency
Means
Level
3,766257
Medium
6,820823
High
1,358677
Low
Jumlah

Size
1138
413
2328
3879

between_SS / total_SS = 89,4 %

Based on the table above, the level assignment is adjusted to the mean value of each cluster.
Customers with a higher frequency value are more feasible to maintain because the CLV value is high.
So it can be concluded that customers with a "Low" level are 2328, customers with a "Medium" level
are 1138 and customers with a "High" level are 413+459=872. The value of the ratio between the
variance compared to the total variance of 89.4% indicates that the cluster analysis results are quite
good.
c. Monetary

Figure 3. Boxplot of Monetary
Table 6. Summary of Monetary
Summary
Min.

3,45

1st Qu.

178,62

Median

293,90

Mean

419,17

3rd Qu.

430,11

Max.

84236,25

Based on the boxplot and table above, the upper limit value of the outliers = Q3 + 1.5IQR = 430,11
+ 1.5(430,11-178,62) = 807.345. So that the monetary value above 807.345 will be considered to be
included in the upper outlier. In this case, 580 customers belong to these criteria, so that later the 580
customers will be included in the cluster with the highest average. The remaining data of 3758
customers will be analyzed by cluster, and the following results are obtained:
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Tabel 7. Clustering Result of Monetary
Cluster
1
2
3

Monetary
Means
Level
352,8973
Medium
163,5875
Low
598,7011
High
Jumlah

Size
1560
1904
584
3758

between_SS / total_SS = 84,9 %

Based on the table above, the level assignment is adjusted to the mean value of each cluster.
Customers with higher monetary values will be more feasible to maintain because their CLV values
are high. So it can be concluded that there are 1904 "Low" customers, 1560 "Medium" customers, and
customers with a "High" level are 584+580=1164 customers. The value of the ratio between the
variance compared to the total variance of 84.9% indicates that the cluster analysis results are quite
good.
After obtaining the results of clustering each RFM data, the company can use it flexibly to choose
the customers they want to retain. For example, if the company intends to maintain customers by
referring to high monetary values, it can select the results of the High monetary cluster. Likewise for
the combination of clustering results on other dimensions, depending on company policy.
3.2 Factor Analysis
In this section, the CLV value will be calculated. The CLV value will be formed from the dimensions
of recency, frequency, and monetary from the previous subchapter. The analysis used is factor analysis
with the principal component estimation method. Based on factor analysis, the following results were
obtained:
Table 8. Factor Analysis Result
Rotated Component Matrixa
Component
1
2
3
0,991
0,000 -0,132
RECENCY
FREQUENCY

-0,132

0,010

0,991

MONETARY

0,000

1,000

0,009

Extraction Method: Principal
Component Analysis.
Rotation Method: Varimax with Kaiser
Normalization.a
a. Rotation converged in 4 iterations.
Based on the table above, three factors are generated. These three factors are explained by
Component 1, Component 2, and Component 3. It can be seen that Component 1 is associated with the
recency dimension because it has the highest loading factor of 0.991. Component 2 has the highest
loading factor on the monetary dimension of 1,000, and Component 3 has the highest loading factor on
the frequency dimension of 0.991.
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Table 9. The variance of each component
Component
1

Total Variance Explained
Rotation Sums of Squared Loadings
Total
% of Variance
Cumulative
%
1,000
33,334
33,334

2

1,000

33,333

66,667

3

1,000

33,333

100,000

Extraction Method: Principal Component Analysis.
Based on the table above, we can see that each component has an equal contribution seen from the
proportion of variance produced, which is around 33.333. So that in the formation of the CLV value,
these dimensions have the same contribution. The role of the factor score of each component will be
used to generate a value that will be used to form the CLV. Thus, the CLV will be created from the
following formula:
(

)

(11)

Table 10. Calculating Factor Score and CLV
Factor Score
CustomerID Recency
Monetary Frequency
(Comp 1) (Comp 2) (Comp 3)
2.25762 42.73529
-0.54851
12346
-0.87656
0.10749
0.24012
12347
-0.18
0.01742
-0.05971
12348
-0.81963
0.75051
-0.54493
12349
2.17981
-0.04676
-0.13905
12350
etc.

CLV

Customer
Class

13.30972
0.408057
0.045903
0.341737
-0.78854

Gold
Silver
Silver
Silver
Non Profit

Dataset, though. Showing 5 of 4338 customers.

Based on the nature of factor score estimated by the principal component method, theoretically,
each value will be normally distributed with a mean of zero and a variance of 1. CLV is formed from a
linear combination of the factor score components so that the CLV will be normally distributed as
well. The division of customer class is based on the following categorization





Gold :
Silver :
Bronze :
Non-Profit :
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The boundary values are obtained from the z score obtained by the inverse of the probability.
Table 11. Customer Loyalty Class
Customer
Class

Criteria

Non Profit

Has the lowest recency, frequency and monetary

Bronze

Customers with fairly low loyalty

Silver

Moderately loyal customer

Gold

Highly loyal customers

2500

2276

2000
1510
1500
1000
500

376
176

0
Gold

Silver

Bronze

Non Profit

Figure 4. Number of Customers After Segmentation
Based on the results above, 176 customers in the Gold category have high value for the company.
Gold customers that the company must maintain. Meanwhile, for the Non-Profit category, there are
376 customers. Non-profit customers do not need to be retained by the company.
CONCLUSION AND RECOMMENDATION
CLV is a measure that can be used to determine the value of a customer to the company quantitatively.
The resulting value is an overall calculation made during the customer's transaction. The RFM model
can be used to define how valuable customers are to the company. The higher the Customer Lifetime
Value of a customer, then the customer deserves to be maintained. Therefore, customers with the
highest loyalty class can be given optimal service so that these customers survive and provide the
highest profit to the company. The customer segmentation method built by the author can be used to
optimize the company's strategy to get maximum profit. This method can be applied to various cases
and other companies. Suggestions for further research need to be developed regarding the method
used. The customer segmentation method needs to be improved to get an accurate and robust
estimation and segmentation results.
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Abstract. In 2020, Indonesia's exports decreased by 2.61 percent due to declining global and
domestic demand during the COVID-19 pandemic. The decline in exports was not too deep due
to the increase in oil exports by 16.73 percent, while non-oil exports fell by 10.10 percent. This
shows the potential for non-oil exports to support the Indonesian economy during the pandemic.
Seeing the impact of COVID-19 on export performance then used the ARIMA method. Based
on the research, it was found that at the beginning of the COVID-19 pandemic, Indonesia
experienced a slump in export performance, especially non-oil and gas. This is due to various
policies regarding restrictions on mobility.

1. Introduction
Since being declared a pandemic by the World Health Organization (WHO) on March 11, 2020, the
government has taken various policies to suppress the spread of COVID-19. As of August 30, 2021,
there were 216,303,376 confirmed cases and 4,498,451 deaths worldwide from COVID-19. Several
countries have taken policies, such as closing schools and universities, banning gatherings, closing highrisk activities such as restaurants, bars and evenings, closing non-essential activities, mandatory wearing
of masks, social distancing, and travel that are considered effective in reducing the spread of the virus
[1][2]. However, the implementation of these policies led to a decline in various consumption and
economic activities globally [3]. Based on the April 2021 World Economic Outlook (WEO) by the
International Monetary Fund (IMF), the global economy contracted by 3.3 percent in 2020, deeper than
the forecast for the global economy in April 2020, which was to contract by 3 percent. This decline
occurred first in Asia and then Europe, North America, and the rest of the world [4].
The implementation of social policy is closely related to international relations. The World Trade
Organization (WTO) shows a decline in world export volume by 5.3 percent in 2020. Analyzed the
impact of several indicators on port operations in China which showed that COVID-19 had a negative
and significant effect on exports and imports, where the impact on imports is greater than the impact on
exports [5]. China is a major exporter and importer in Asia and COVID-19 could negatively affect Asia
[6]. The significant negative impact of COVID-19 has been shown on developing country exports [7].
In 2020, Indonesia's exports decreased by 2.61 percent due to declining global and domestic demand
during the COVID-19 pandemic. The decline in exports was not too deep due to the increase in oil
exports by 16.73 percent, while non-oil exports fell by 10.10 percent. This shows the potential for nonoil exports to support the Indonesian economy during the pandemic. Therefore, an analysis and forecast
are needed to determine the impact of COVID-19 on non-oil exports.
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2. Literature review
2.1 Autoregressive Integrated Moving Average (ARIMA)
ARIMA model (p,d,q) is an ARMA model (p,q) which is differencing as much as d so that it is
stationary. Therefore, before forming the ARIMA model, the data must be stationary in terms of mean
and variance first. The ARIMA model consists of Autoregressive (AR) and Moving Average (MA)
elements. In identifying stationarity in the mean can use the plot of the Autocorrelation Function (ACF).
If the lags drop rapidly to zero, then the data is said to be stationary in the mean. On the other hand, if
the ACF lags fall slowly towards zero and many exit the interval, then the data is not stationary (Wei,
2006). Not only that, stationarity in the mean can be tested using Augmented Dickey Fuller (ADF).
The
testing
procedure
for
the
ADF
can
applied
to
the
model
zt =  +  t + zt −1 + 1 zt −1 + +  p −1 yt − p +1 + t
The unit root test is the carried under the null hypothesis :
H0 : δ = 0 (Not Stationer)
H1 : δ < 0 (Stationer)
Statistic Test
τ=

ˆ
se(ˆ )

(1)

If (τ < -τ(α;n-p)) with -τ(α;n-p) is Mac Kinnon's value rejecting H0, then it can be concluded that the data
is stationary with a significance level 5%. If the data is not stationary in the mean, then differencing can
be done. The process looks for the difference between the data period t

( zt −k ) where k = 1, 2,..., n

( zt ) and the previous period

Meanwhile, time series data is said to be stationary in variance if the value of the rounded value (  )

is equal to 1 or the upper limit interval and the lower limit of the rounded value contains the number 1.
Time series data that is not stationary in variance can be overcome by the Box-Cox transformation (Wei,
2006). The transformation formula in general is as follows:
T ( zt ) =
lim T ( zt ) = lim
→0

→0

ztλ -1
,  0


zt − 1
= ln ( zt ) ,  = 0


(2)
(3)

with  is the transformation parameter. There are several forms of Box-Cox transformation with
corresponding values  as shown in Table 1
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Table 1 Box Cox Transformation
Transformation

Value 

T ( zt )

-1,0

1 zt

1

-0,5

zt

0

ln ( zt )

0,5

zt

1

zt

After the data has been stationary in terms of mean and variance, it continues to build a model which
is preceded by identification of the order of the ARIMA model based on the Autocorrelation Function
(ACF) and Partial Autocorrelation Function (PACF) plots. Table 2 is the form of the ACF and PACF
plots of the theoretical ARIMA model
Table 2. Plot ACF and PACF ARIMA Model
Model
AR(p)
MA(q)
ARMA (p,q)

Plot ACF
Exponentially fast dropping
Cut off after lag q
Quick drop after lag (q-p)

Plot PACF
Cut off after lag p
Exponentially fast dropping
Quick drop after lag (p-q)

In general, the ARIMA model is like equation (4) [9].

 p ( B )(1 − B ) zt = 0 +  q ( B ) at
d

(4)

where

( p, d , q )

p ( B)

= order from non-seasonal ARIMA. p is the order of AR (Autoregressive), the order of
differencing is d and q is the order of MA (Moving Average)
p
= 1 − 1 B − −  p B

q ( B )

= 1 − 1 B −

(1 − B )

d

at

zt

− q Bq

= differencing operator for order d
= residual value at time t that has met the assumption of white noise and is normally
distributed
= zt − 

For the ARIMA model with a seasonal pattern, it can be written as equation (5)
 p ( B S )(1 − B S ) zt = Q ( B S ) at
D

where
( P , D, Q )
S

P ( BS )
Q ( B S )

(5)
= order from ARIMA with seasonal pattern. P is order AR , D is order differencing and
order Q is order MA for seasonal pattern
= seasonal period
= 1 − 1 B −

(

−  P B PS ) , P is the order for AR for seasonal

= (1 − 1 B S −

− Q BQS ) , Q is the MA order for seasonal

S
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(1 − B )
S

D

= differencing operators for order D for seasonal patterns

If in the ARIMA model there are non-seasonal and seasonal patterns, then the multiplicative model

is used ARIMA ( p, d , q )( P, D, Q ) . The following general equation is reflected in equation (6)
S

 p ( B )(1 − B )  P ( B S )(1 − B S ) zt =  q ( B ) Q ( B S ) at
D

d

(6)

After getting an estimate from the ARIMA model, it is continued by testing the significance of the
parameters  and  and using the t-test statistic.
Tests for the significance of the AR parameters are as follows:
H 0 :  = 0 (AR model parameter is not significant)
H1 :   0 (AR model parameter is significant)
The test statistics used is

thitung =

ˆ

(7)

()

se ˆ

if the level of significance (α) is determined, then H0 is rejected if the test statistic value is
or p-value <  , where n is the number of observations, se ˆ is the standard error
thitung  t
2

( )

,( n − p )

of ˆ and p is the number of AR model parameters.
For testing MA parameters with the following hypothesis:
H 0 :  = 0 (MA model parameter is not significant)
H1 :   0 (MA model parameter is significant)
The test statistics used are

thitung =

ˆ

(8)

()

se ˆ

H0 is rejected if the test statistic value thitung  t
2

,( n − q )

or p-value <  , with  is the level of

( )

()

significance, n is the number of observations, se ˆ is the standard error of ˆ and q is the number
of MA model parameters.
Then proceed with testing the diagnostic model which consists of two examinations, namely the
assumption of residual white noise using the Ljung & Box test and the normal distribution assumption
test using the Jarque Bera test. The residual of a model is said to be white noise if the residuals are
mutually independent [9].
H 0 : 1 =  2 = =  k = 0 (White Noise)
H1 : minimal ada satu  k

 0 untuk k = 1,2,…,n (Not White Noise)

Statistic Ljung-Box Test :

ˆ k2
k =1 ( n − k )
n

Q = n(n + 2)

(9)
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If α is the significance level used then reject H 0 jika

Q  2 ,( k − p −q ) or p-value < α with p value is the

number of AR parameters in the model, q is the number of MA parameters in the model, ˆ k is the
estimated autocorrelation of the residual lag k, n is the number of observations, and k is the maximum
lag ( k  1)
Another assumption that must be met is that the residuals are normally distributed. This test can be
done using the Jarque Bera test with the following hypothesis:
z−
H0 : F ( z) =  
 , z є R (Residual is normal distribution)
  
z−
H0 : F ( z)   
 , for at least one z є R (Residual is not normal distribution)
  
Statistic test
2
n  2 ( K − 3) 

JB =  S +
(10)

6
4


Where  is the cdf of the standard normal distribution and −     , and also   0 . In the case of
known  and  we assume with any loss of generality  = 0 and  = 1 . S is the sample skewness and
K is the sample kurtosis. H 0 has to be rejected at level α if JB  12− , 2 or p-value greater than α[8].
3. Methodology
3.1 Data Sources and Research Variables
The data used in this study is secondary data regarding FOB (free on board) exports carried out by
Indonesia in thousand dollars ( Z ). This export data includes the FOB value of non-oil exports made
by Indonesia. The time period used is January 2005 to October 2020 as many as 190 data units. The
source of data in this study is from Bank Indonesia which is obtained from the website
https://www.bi.go.id.
3.2 Data Structure
In this study, using only 1 variable FOB value in thousand dollars from non-oil exports carried out
by Indonesia in January 2005 - Oktober 2020. The data structure can be seen in Table 3.
Table 3. Indonesia's Non-Oil and Gas Export Forecast Data Structure
t
1
2
3
4
5
6
7

Year
2005
2005
2005
2005
2005
2005
2005

Month
January
February
March
April
May
June
July

Z t (thousand dollar)

190

2020

October

13.773.899

4.938.290
5.113.290
5.529.560
5.304.715
6.010.716
5.694.923
5.529.229
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4. Analysis and Discussion

4.1 ARIMA Model Formation

In this study the data is divided into two, namely training data and testing data. In the training data,
an ARIMA model will be created. To see the impact, a comparison of the testing data with the
forecasting results is used. In the formation of the ARIMA model, it is preceded by checking the
stationarity of the training data both in the variance and in the mean. For stationary in variance it can be
shown in Figure 1.

Figure 1. Stationarity Test In Variance
Based on Figure 1, it can be seen that the data is not stationary in variance. This can be seen in the
value of the rounded value which is zero. Then the natural logarithm transformation is carried out to
make the variance stationary. Then check for stationarity in the mean which can be seen in Figure 2.

Figure 2. Stationarity Test In Mean
From Figure 2, it can be seen in the graph that ACF Exports has a downward movement slowing
towards 0. This can indicate that the data is not stationary. This is reinforced by the p value of the ADF
test which is 0,5647 which can be concluded that it failed to reject H0 (data not yet stationary).
Furthermore, differencing is performed at lag 1 so that the ACF plot data pattern has dropped sharply to
0 with the p-value of the ADF test of 0,01, which means that H0 is rejected (the data is stationary at the
mean). If the data is stationary, it can be continued by looking at the AR and MA orders on the ACF and
PACF plots.
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Figure 3. Plot ACF and PACF
Based on Figure 3, the AR order to be used can be seen on the PACF plot and the MA order to be
used can be seen from the ACF plot. Based on the figure, the suspected AR orders are lag 1, 2, 12, 13,
22 and 30. For the MA orders that are thought to be 1, 12, 13 and 35. Then a model is formed from the
combination of the second order parameters, namely AR and MA. which can be seen in Table 4.
Table 4. ARIMA Model Parameter Estimation
Standard
T-Value
P-Value
Error
ARIMA ((2,[12],[13],[22],[45]),1,([1],[12]))

Parameter

Lag

1
2
12
13
22
45
1
12

1

-1,1327

0,088316

-12,8256

0,000000

Significant

2

-0,36117

0,061156

-5,9057

0,000000

Significant

12

0,599433

0,058902

10,1768

0,000000

Significant

13

0,382615

0,052371

7,3059

0,000000

Significant

22

-0,10893

0,023145

-4,7066

0,000025

Significant

45

-0,09492

0,030006

-3,1633

0,001560

Significant

1

0,6874

0,089219

7,7046

0,000000

Significant

12

-0,30881

0,081358

-3,7957

0.000147

Significant

1
2
12
13
1
1

Estimation

Conclusion

ARIMA ((2,[12],[13),1,1)
1

-1,430160

0,056939

-25,1176

0,000000

Significant

2

-0,465920

0,058731

-7,93300

0,000000

Significant

12

0,366648

0,059400

6,17250

0,000000

Significant

13

0,386917

0,057982

6,67300

0,000000

Significant

1

1,000000

0,029966

33,3716

0,000000

Significant

0,000000

Significant

ARIMA (([1],[12],[45]),1,1)
1

-0,35962

0,089471

-4,0194
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Parameter

Lag

Estimation

T-Value

P-Value

Conclusion

12
45
1

Standard
Error

12

0,351904

0,062639

5,618

0,000000

Significant

45

-0,14883

0,067257

-2,2129

0,026910

Significant

1

-0,23129

0,106387

-2,1741

0,029700

Significant

Based on Table 2, with a significance level of 5 percent, all models have significant parameters in
the model. Therefore, the three models are continued in the diagnostic test process of the model. The
test results are presented in Table 5
Table 5. ARIMA Model Diagnostic Test
Lag

statistic
(Q)

12
24
30
36
48

4,297505
20,29953
23,76126
39,94381
53,50462

12
24
30
36
48

5,989718
24,28235
29,58062
45,52326
60,54555

12
24
30
36
48

3,709972
19,30966
23,68162
46,93306
59,83782

p-value

decision

p-Value

ARIMA ((1,2,[12],[13],[22],[45]),1,([1],[12]))
0,367238
0,207032
0,359867
White Noise
0,05302
0,066893
0,074952
ARIMA ((2,[12],[13),1,1)
0,54095
0,185544
0,240377
Not White Noise
0,02021
0,044749
0,039853
ARIMA (([1],[12],[45]),1,1)
0,882297
0,501787
0,594165
White Noise
0,00008
0,042996
0,056016

decision

Normal
Distribution

Not Normal
Distribution

Not Normal
Distribution

Based on the diagnostic test, namely the white noise and normality test, the ARIMA model
(((2,[12],[13],[22],[45]),1,([1],[12])) is the best model because it has fulfilled both assumptions test.
Furthermore, the ARIMA model can be described ((1,2,[12],[13],[22],[45]),1,([1],[12])) into the
following equation:

45 ( B ) 22 ( B ) 13 ( B ) 12 ( B ) 2 ( B )(1 − B ) zt = 1 ( B )12 ( B ) at
1

(1 − 45 B 45 )(1 − 22 B 22 )(1 − 13 B13 )(1 − 12 B12 )(1 − 1 B − 2 B 2 ) (1 − B ) zt = (1 − 1 B)(1 − 12 B12 ) at
1

(1 + 0, 09492 B 45 )(1 + 0,10893B 22 )(1 − 0,382615 B13 )(1 − 0,599433B12 )(1 + 1,1327 B + 0,36117 B 2 )

(1 − B )

1

zt = (1 − 0, 6874 B)(1 + 0,30881B12 ) at
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4.2 Impact of the COVID-19 Pandemic on Indonesia's Non-Oil and Gas Exports

Figure 4. Indonesian non-oil forecasting results
Based on Figure 4. the forecasting results for March 2020 – June 2021 have different movement
patterns with the FOB value of Indonesia's non-oil exports. At the beginning of the COVID pandemic
in March - August 2020 the FOB value of non-oil and gas exports was smaller than the forecast results.
This indicates that Indonesia's export performance has been severely impacted by the COVID-19
pandemic. Entering the COVID-19 pandemic phase in March 2020, six world agricultural commodities
experienced a decline in trade value. PSBB policies and lockdowns in many countries are the main
factors in the decline in trade values. This condition was exacerbated by the contraction of the world
economy, causing people's purchasing power to decline. In April 2020, exports fell for some food
products, especially for high-value products, such as fresh produce, dairy, and meat. In addition,
perishable and high-value agricultural products transported by air have been particularly hard hit by the
COVID-19 pandemic. The emergence of new regulations for flights with sudden restrictions on
passenger traffic and reducing air transport capacity has caused transportation costs to increase. In
addition, rubber and coffee commodities experienced a decline in export value in January-May 2020.
5. Conclusion
Based on the research results that the best forecasting model is ARIMA
((1,2,[12],[13],[22],[45]),1,([1],[12])). Based on the comparison of forecasting results with actual data
,it can be said that at the beginning of the COVID-19 pandemic, Indonesia experienced a slump in export
performance, especially non-oil and gas. This is due to various policies regarding restrictions on
mobility.
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Abstract. The aims of this study were examined the causal relationship between domestic
investment, foreign, Export, Import, HDI and their impact on Indonesia's economic growth
measure with GDP. The data used was panel data from 18 provinces in 2016-2020 which was
taken based on stratified random sampling. The model used to complete the purpose of this
research was panel data regression. The results of the analysis show economic growth based on
the value of GDP in each province tends to decline. Modelling of economic growth in Indonesia
was used Panel Data Regression. In this research, Hausman Test is used to obtain the best model
of panel data regression because the model contain of Random Effect Model. Based on
Simultaneous test results obtained at least one significant variable to the model and based on
partial test the GDP was significantly influenced by the variables of FDI, DDI, HDI and Import
sectoral value. Variable Export has an effect on GDP but is not significant where R 2 shows the
results of 98.9%.

1. Introduction
The global health crisis that occurred in early 2020 had an impact on various sectors, one of which was
affected by the performance of the domestic economy. Fluctuations in economic performance in the
country can be seen from economic growth. Economic growth is a real picture of the impact of a
development policy implemented, especially in the economic field. Economic growth is the rate of
growth formed from various economic sectors that describe the level of economic change that occurs.
For regions, this indicator is very necessary to know the success of development that has been achieved
and is useful for determining the direction of development in the future. Economic growth is one
indicator of the success of a country's economy. The indicator that can be used to measure economic
growth is Gross Domestic Product (GDP). Economic growth in Indonesia in 2020 is 2.97 percent [1].
almost all sectors grew sluggishly due to the global health crisis. This was due to the decline in global
and domestic demand as well as the weakening of international commodity prices.
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Figure 1. Economic growth in Indonesia (source: Badan Pusat Statistik 2020)
Figure 1 shows that the condition of economic growth from 2016 to 2019 has fluctuated but when
compared to the beginning of 2020, it has greatly decreased compared to the end of 2019 which was the
lowest for the last 6 years. When viewed from the national economic growth, the regions of Sumatra,
Java, and Sulawesi are above national growth. Meanwhile, the areas of Bali and Nusa Tenggara,
Kalimantan, as well as Maluku, and Papua are under national growth [1].
However, Indonesia still has the potential to become a developed country. It is not surprising that
quite some developed countries have begun to look at the market in Indonesia as a place for them to
invest. Investment is very important in influencing Indonesia's economic growth because it can improve
people's welfare. Thus, the investment will have an impact on economic growth which in turn has
implications for employment opportunities in an area [2]. The amount of natural resources and human
resources in Indonesia is the main attraction for Indonesia to promote its country. It is not an easy matter
for Indonesia to attract rich investors to invest in Indonesia. This is due to several things that prevent
investors from investing in Indonesia. High investment value will have a big impact on the nation's
economy and vice versa if a low investment will hinder development and the implication is that the
number of unemployed will automatically increase. However, in its development, the Indonesian
economy emphasizes high economic growth and in fact, it is still vulnerable to its ability to neutralize
the negative effects of globalization and international market turmoil. To achieve high economic growth,
it is necessary to increase the value of a positive investment for the continuity of business actors because
the most effective source of capital formation is domestic savings, but domestic capital formation in
Indonesia is still low, so the role of exports, imports, and foreign investment is still needed. Thus, the
rise and fall of the level of economic activity are determined by changes in each factor or a combination
of these factors. However, each factor has a different influence in influencing economic fluctuations that
apply from time to time. Iqbal and Jamil (2015) measured economic growth based on the interest rate
and government investment factors using econometric models [3]. Chaudury, et al (2020) measure
economic growth based on sector composition using multiple regression [4]. Sucubasi, et al (2021 )
measure FDI on Domestic Investments in Western Balkans using Panel Data Regression [5].
Based on the data taken in this study, namely economic growth data from 2016 to 2020 quarter 1, the
data structure formed is panel data so that to complete the objectives in this study panel data regression
is used. Panel Data Regression is a method to determine the effect of independent variables on the
dependent variable using Ordinary Least Square (OLS) regression analysis on the model with a
combination of time series and cross-section [6]. Panel data has several advantages, namely being able
to regulate the heterogeneity of the object of observation, providing more informative data with more
variability, small collinearity between variables, being able to study the dynamics of adjusting crosssectional data, being able to identify and measure effects that are not detected in cross-sectional or crosssectional data. time-series can reduce or even eliminate bias resulting from combining several crosssectional units.
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2. Methodology
To accomplish this goal, this study collects data that are suspected to support economic growth in
Indonesia. This research data is secondary data taken from the Badan Pusat Statistik (BPS). The research
unit used in this study is 9 provinces in Indonesia, where the time period used is 2016 to 2020. Based
on 34 provinces in Indonesia, in this study 9 provinces were chosen by using stratified random sampling
which has previously been grouped into provinces with medium, high and low GDP. Then taken
proportionally from each group. The research variables and data structures used in this study are shown
in the following table.
Table 1. Description of Variables
Variable

Symbol

Dependent

Y
X1
X2
X3
X4

Independent

X5

Description
Gross Regional Product
(GDP)
Foreign Investment (FDI)
Domestic investment (DDI)
Export
Imports
Human Development Index
(HDI)

Unit
Million USD
Million USD
Million USD
Million USD
Million USD
Percentage

Meanwhile, the data structure used in this study can be seen in the following table.
Table 2. Structure Data
Subject

Year (t)

Dependent

2016
2017
:
2020
:
:
2016
2017
:
2020

Y (1;2016)
Y (1;2017)
:
Y (1;2020)
:
:
Y (9;2016)
Y (9;2017)
:
Y (9;2020)

Province
(1)
:
:
Province
(9)

X1
X1 (1;2016)
X1 (1;2017)
:
X 1(1;2020)
:
:
X1 (9;2016)
X1 (9;2015)
:
X1 (9;2020)

Independent
X2
…
X2 (1;2016)
X2 (1;2017)
…
:
…
X 2(1;2020)
…
:
:
:
:
X2(9;2016)
…
X2 (9;2017)
…
:
…
X2 (9;2020)
…

X5
X5 (1;2016)
X5(1;2017)
:
X5(1;2020)
:
:
X5(9;2016)
X5(9;2017)
:
X5(9;2020)

The specification of the model built in this study is the model of the gross regional domestic product
(GDP). The model built is as follows.

GDPit = FDI it + DDI it + Exportit + Im portit + HDI it + eit

(1)

The steps of analysis in this study can be shown as figure 2
Start

End

Pre-processing Data

Multicolinearity Test

Modelling

Short Run and
Long Run

Partial test and
Simultaneous test

Best model selection

Figure 2. Flowchart Research
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The first step is selecting data for the panel regression from Badan Pusat Statistik. The data set
contained of 34 provinces. Then 9 provinces were selected based on stratified random sampling which
has previously been grouped into provinces with medium, high and low GDP. The next step is creating
data structure, and to visualise the relationship of the variable used multicolinearity test. After modelling
the data with panel data regression, following step is choosing the best model using partial and
simultaneous test.
2.1. Panel Data Regression Theory
This study uses Panel Data Regression, where the model was a modification of previous studies. Panel
data regression is a regression with a data structure that is panel data. Estimation of parameters in
regression analysis with cross-sectional data was carried out using the least squares estimation method
or called Ordinary Least Square (OLS) [6]. Panel data was a combination of cross-section data and timeseries data. Time-series is data related to certain periods. While the cross-section is data consisting of
several types of data in a certain period. The general panel data regression model is in the following
equation.
yit = it + βXit + eit

(2)

where,
𝑦𝑖𝑡 : The Dependent variable of the i-th individual unit for the t-time period.
𝛃′ : (𝛽1, 𝛽2, … , 𝛽𝐾) the slope coefficient vector is 1xK, where K is the Independent variable
𝐗𝐢𝐭 : Observations of the predictor variables from the i-th individual and the t-th time period.
𝛼𝑖𝑡 : Intercept coefficient for each individual i and time t.
e𝑖𝑡 : Residual in time period t,e𝑖𝑡 ~𝐼𝐼𝐷𝑁(0, 𝜎 2 ).
2.2. Model Estimation
In estimating the panel regression model, there are three approaches that are often used, including the
common effect model (CEM), Fixed Effect Model (FEM) and random effect model (REM). CEM is the
simplest approach by ignoring the cross section and time series dimensions. The CEM model assumes
that the intercept of each variable is the same, as well as the slope coefficients for all time series and
cross section units. In estimating CEM parameters, the least squares method can be used [7]. FEM is an
approach for estimating panel data that can be differentiated by individual and time. FEM also uses the
OLS approach in its estimation technique, but the difference in the intercept is expressed by a dummy
variable. While the REM approach involves correlation between error terms due to changes in time and
individuals [6].The OLS method cannot be used to obtain an efficient estimator for REM. The right
method for estimating REM is Generalized Least Squares (GLS).
2.3. Best Model Selection
To find out the model to be used, the following model specification test was carried out. There are two
types of test to select the best model of panel regression. Chow test is a test performed to choose between
CEM or FEM to estimate panel data. Hausman test is a test to choose the best model between FEM and
REM.
2.4. Testing Regression Model Parameters
The regression model parameter testing was conducted to determine the relationship between the
response variable and the predictor variable. There are two tests that must be carried out, namely
simultaneous testing and individual testing [9]. Simultaneous testing is carried out to check the
significance of the β coefficient simultaneously on the response variable [10]. Partial or individual
testing is used to determine the parameters that have a significant individual effect on the model [10].
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3. Result and Discussion
The characteristics of Indonesia's GDP from 2016 to 2021 will be explained using descriptive statistics
tables and graphics. The following graph was a description of 9 provinces with Medium, Low and High
GDP which are taken as samples.
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Figure 3. GDP 9 Province Fluctuation in Indonesia (2016-2021) Million USD
Figure 3 shows that the province with the highest GDP was DKI Jakarta and the province with the
lowest GDP was Aceh. From the picture, it can be seen that at the beginning of 2020, when global health
cases occurred, GDP in each province decreased. The measurement of the decline in GDP can be
measured by looking for a model that fits the GDP where in this study the independent factors used were
FDI, DDI, Export, Import and HDI. Because the data used is panel data, the next test follows the rules
of panel data regression.
3.1. Multicolinearity Test
Modelling of GDP in Indonesia was obtained using the panel data regression method, it was necessary
to know the relationship between the variables were thought to affect economic growth. The description
of the relationship between variables was explained through the correlation matrix between the
independent variables and the dependent variable which can also be called multicollinearity testing.
Multicollinearity was existence of a strong linear relationship between several independent variables in
a panel data regression model which can be seen in the following table.
Table 3. Multicollinearity Test Results
Variabel
FDI
DDI
EKSPORT
IMPORT
GDI
GDP

FDI
1,000

DDI
0,748
1,000

EKSPORT IMPORT
0,287
0,489
0,244
0,500
1,000
0,175
1,000

GDI
0,358
0,239
0,202
0,446
1,000

GDP
0,375
0,345
0,135
0,752
0,469
1,000

Based on Table 3, it is known that all correlation values are less than 0,8. So, it can be concluded that
there is no case of multicollinearity, so there is no relationship between the variables used to measure
economic growth in Indonesia
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3.2. GDP Model Selection
To find out the appropriate panel regression model in estimating the relationship between independent
variables and GDP in Indonesia, the panel regression model was selected first. Several models to choose
include the common effect model (CEM), fixed effect model (FEM) and random effect model (REM).
The Chow test is used to choose between CEM or FEM to estimate panel data. The results of the tests
that have been carried out are as follows.
Table 4.Chow Test Results
Measurement

Value

Ftest

21,468

Ftable

4,457

P-value

0,000

Based on Table 4, it can be seen that the results of the Chow test resulted in an Fcount of 21,468. By
using = 0,05, df1 = 17 and df2 = 67, we get Ftable = F(0.05;17;67) was 4,457. The value of Fhitung was
greater than Ftable, so reject H0. If viewed from the P-value was 0,0000 which is smaller than 0,05, then
reject H0. Based on the results of the Chow test, it can be seen that the FEM model was a more suitable
model to analyze the relationship between independent variables on GDP in Indonesia.
Based on the results of the Chow test, it was determined that the model that was more suitable for
analyzing the relationship between the independent variables and GDP was FEM. Furthermore, advance
test was carried out with the Hausman test to determine the most appropriate model between FEM or
REM.
Table 5.HausmanTest Results
Measurement

Value

W

6,347

 2table

11,070

P-value

0,274

Based on Table 5, it can be seen that the results of the Hausman test resulted in an Wvalue of 6,347.
By using = 0,05, df=5, we get  2table was 11,070. The value of Wvalue was greater than  2table , so
failed to reject H0. If viewed from the P-value was 0,274 which is greater than 0,05, then failed to reject
H0. Based on the results of the Hausman test, it can be seen that the REM model was a more suitable
model to analyse the relationship between independent variables on GDP in Indonesia. The result of
Estimation Coefficient using REM model as followed
Table 6.Estimation Model using REM Results
Variable
FDI
DDI
Export
Import
HDI

Coefficient
0,476
0,174
0,004
0,313
4,330

Std, Error
0,140
2,027
0,408
0,298
8930,233

t-Statistic
3,393
0,186
0,011
10,521
4,849

Prob,
0,001
0,032
0,092
0,030
0,000
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So that, the panel data regression model formed for GDP can be written in the following mathematical
equation.
𝐺𝐷𝑃𝑖𝑡 = 𝐶𝑖𝑡 + 𝐹𝐷𝐼𝑖𝑡 + 𝐷𝐷𝐼𝑖𝑡 + 𝐸𝑥𝑝𝑜𝑟𝑡𝑖𝑡 + 𝐼𝑚𝑝𝑜𝑟𝑡𝑖𝑡 + 𝐻𝐷𝐼𝑖𝑡
𝐺𝐷𝑃𝑖𝑡 = 𝐶𝑖𝑡 + 0,476𝐹𝐷𝐼𝑖𝑡 + 0,174𝐷𝐷𝐼𝑖𝑡 + 0,004𝐸𝑥𝑝𝑜𝑟𝑡𝑖𝑡 + 0,313𝐼𝑚𝑝𝑜𝑟𝑡𝑖𝑡 + 4,330𝐻𝐷𝐼𝑖𝑡

(3)

C is the intercept for the i-th individual. In this study, the i-th individual is from each province which
was taken as a sample of 9 provinces.
Based on Equation 3, it can be seen that the coefficient value of the FDI variable is 0.476. A positive
sign indicates that the higher the FDI, the higher the economic growth as measured by GDP so that if
FDI increases to 1 million USD, GDP will increase by 47.6%. The coefficient value of the DDI variable
is 0.174. A positive sign indicates that the higher the DDI, the higher the value of GDP. If DDI increases
by 1 million USD, then the value of GDP will increase by 17.4%. The coefficient value of the Export
variable is 0.004 and is positive. So if there is an increase in the value of export goods by 1 million USD
in Indonesia, it will affect the increase in GDP by 0.04%. While the value of the variable import
coefficient is 0.313 and is positive, then if there is an increase of 1 million USD in the value of imports
in Indonesia, it will affect the increase in GDP by 31.3%. The HDI coefficient value of 4.330 can be
said if the HDI increases 1 time it will affect the increase in GDP by 4 times
3.3. Simultaneous and Partial Test
Simultaneous test is testing the parameters on the regression model simultaneously to know the predictor
variables that affect the GDP variable. From the processing results obtained the following results
Table 7. Simultaneous Test Results
Measurement

Value

F

381,040

Ftable

4,457

P-value

0,000

R2

0,989

Based on Table 7 above, it can be seen that the Fcount value is 381,040. By using = 0,05, df 1 = 17
and df2 = 67, then the value of Ftable = F(0.05;17;67) is 4,457. The value of Fcount is greater than Ftable, so
reject H0. From the results obtained a probability value of 0,000 is smaller than 𝛼 = 0.05, then reject
H0. This means that simultaneously the model was significant or there was at least one predictor variable
that has a significant effect on the GDP variable. Furthermore, it will be seen which variables affect
GDP significantly. In this study using a t-test, based on processing the results can be seen in table 6.
Where the probability value less than 𝛼 = 0.05 is a significant variable for the panel data regression GDP
model. In this case, the variables that have a probability value of less than 5% are FDI, DDI, Import and
HDI, while the Export variable has no significant effect on the panel data regression GDP model.
Furthermore, to strengthen the previous statement on the simultaneous and partial test. Then it will
be seen the value of R2 from the model. The R2 value obtained from the model is 98.9%. This R2 value
is quite good, so the model obtained is appropriate. The R2value of 98.9% means that the variation in
the diversity of economic growth as measured by the GDP variable can be explained by the independent
variable in the model of 98.9% and the remaining 1.1% is explained by other variables outside the model.
4. Conclusion
Indonesia's economic growth as measured by GDP in the 2016 to 2020 period has fluctuated. Based on
the analysis of the characteristics of the data, a significant decline occurred in early 2020 compared to
the end of 2019, this happened because the whole world was experiencing a global health crisis. This
is reflected in the indicators of economic growth in 18 provinces in Indonesia which were selected by
stratified random sampling. The indicators used in this research are Domestic Investment (DDI),
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Foreign Investment (FDI), Human Development Index (HDI), Export Sectoral Value and Import
Sectoral Value. Based on the estimation results of the model, the Random Effect Model is the most
suitable for modeling GDP based on these indicators. Of the 5 indicators, the export sectoral value
variable is not proven to have a significant effect.
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Abstract. Smoking is one of public health threats. Cigarette consumption does not only impact
on a person's declining health but also social behavior. Smoking behavior in women, especially
eligible women (15-49 years old) threatens women’s reproductive health and the condition of
the fetus in the womb during pregnant, which may get worse in poor households. Aside from
that, cigarette consumption in Indonesia occupies the second position in food consumption with
a portion of 12.17 percent. Therefore, the purpose of this study is to examine the variables that
affect eligible women in poor households to smoke in Indonesia. The sources of the research
data are the 2017 Indonesia Demographic and Health Survey (2017 IDHS) with the Household
and Eligible women questionnaires. The method of analysis used descriptive analysis and
inferential analysis with binary logistic regression method in rare event with the firthlogit model.
The results of the study show that eligible women in poor households in Indonesia would have
a tendency to smoke when they live in urban areas, are more mature in age, their highest
educational level is lower than junior high school, work, never access mass media, have partner
who do not work and have a big number of household members.

1. Introduction
Smoking has become a common thing for people and has become one of the world's public health threats.
The impact of smoking from any angle is detrimental, both for the smokers and those around. According
to WHO (2020), more than 8 million people die annually due to tobacco use, of which 7 million more
deaths are active smokers and the rest are non-smokers who are exposed to secondhand smoke (passive
smoking) [1]. It is also reported that approximately 80 percent of the 1.3 billion tobacco users worldwide
live in low- and middle-income countries, where the burden of tobacco-related disease and death is
heaviest [1]. In addition, the growing trend of smoking does not discriminate against age or gender.
According to WHO (2010), about 200 million of the world's one billion smokers are women and 1.5
million women die each year due to tobacco use, of which most (75 percent) of these women live in
low- and middle-income countries [2].
In a systematic review and meta-analysis conducted by Jafari et al. (2021), the prevalence of current
and former smoker among women in the world was 17 percent and 28 percent, respectively. The
prevalence of former smokers among adolescent girls/school students, adult women, pregnant women,
and women with the disease is 23 percent, 27 percent, 32 percent, and 38 percent, respectively.
Meanwhile, the prevalence of current smokers among adolescent girls/school students, adult women,
pregnant women, and women with the disease is 15 percent, 13 percent, 21 percent, and 25 percent. The
prevalence of current women smokers in Oceania, Asia, Europe, America, and Africa is 21 percent, 22
percent, 18 percent, 0.8 percent, and 12 percent, respectively.[3]
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Indonesia, as one of the developing countries in Asia, in 2018 became the country with the fourth
highest prevalence of smokers in the South and East Asia region, behind Myanmar, Bangladesh and
East Timor [4]. It is also reported that around 225,700 people annually die in Indonesia due to smoking
or other tobacco-related diseases [5]. The percentage of women smoking in Indonesia in 2017 was 2
percent [6].
The smoking rate among women is influenced by promotions carried out by tobacco companies in
developed and developing countries that are increasingly aggressively in targeting the women market.
Barraclough (1999) concluded that there was some evidence of tobacco advertising directly targeting
women [7]. This shifts the negative stigma of women smoking, and increases the rate of smoking women
[8].
The shift in the stigma of smoking on women is one of the things that has been pushing the number
of smoking women to increase. Nevertheless, smoking behavior in women bears a high risk of infertility,
late pregnancy, and cervical cancer [2]. Furthermore, if a woman smokes during pregnancy, it can
increase the risk of preterm labor, stillbirth, neonatal, and reduced milk production. In addition, smoking
is associated with respiratory tract diseases, such as asthma, pneumonia, ARI, and tuberculosis, and
degenerative diseases such as heart disease, hypertension, stroke, cataracts, tumors/cancer [9].
However, in the economic aspect, cigarettes are the second commodity in monthly per capita
expenditure according to food groups in Indonesia, which amounted 12.17 percent, with 10.96 cigarette
consumption in urban households and 14.17 percent cigarette consumption in rural households [10].
This issue should raise concern because the consumption of cigarettes in the household can affect the
expenditure of household needs and is more severe in poor households.
Tobacco use contributes to poverty by diverting household expenditures such as food and housing to
tobacco [5]. Supriadi and Rusyiana (2018) in their research also found that poor households prioritized
cigarette consumption over rice consumption [11]. The percentage of monthly per capita expenditure
according to food commodity groups in March 2020 showed that cigarette and tobacco commodity
expenditures were included in the low expenditure group, namely quintiles 1 and 2, are 10.56 percent
and 12.91 percent [12].
Based on the description above, smoking behavior among women, especially in poor households,
cannot be underestimated. Although the number of smoking women is less than that of men, smoking
behavior in women requires attention, seeing that smoking women affects their reproductive health and
are dangerous for women who smoke while pregnant because it can cause harms to the baby they are
carrying. So, this study aims to provide an overview of the smoking status of eligible women in poor
households, analyze the variables that affect the smoking status of eligible women in poor households,
and analyze the trend of the variables that affect the smoking status of eligible women in poor households
in Indonesia.
2. Methodology
2.1. Theoretical basis
Smoking is an activity to suck tobacco leaves that have been chopped, either burned and smoked at one
end and allowed to smolder so that the smoke can be inhaled through the mouth at the other end [6]. A
cigarette contains 4000 types of chemical compounds, 400 harmful substances, and 43 cancer-causing
(carcinogenic) substances [6]. Therefore, cigarettes can be said to have more negative impacts than
positive impacts where long-term cigarette consumption can cause serious problems for the health of
the human body [13].
Hidayati et al. (2008) concluded that smoking, both in terms of time spent smoking and the number
of cigarettes consumed per day, had a significant correlation with the probability of suffering from
chronic kidney failure [14]. Smoking also had a significant correlation to the incidence of coronary heart
disease [15]. Suraioka (2012) also mentioned that smoking habits can cause heart disease, lung disease,
cancer, stroke, and physical disorders such as eye and nose irritation, headache, hoarseness, cough,
respiratory illnesses [16].
Smoking behavior is influenced by several aspects. Sarafino and Smith (2011) stated that smoking
behavior can be influenced by knowledge, gender, socio-cultural background, and social environment
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[18]. Based on consumer behavior, Hawkins and Mothersbaugh (2016), the influence of a person
consuming cigarettes could be both internal or external [19]. Internal influences include perception,
learning process, memory, motivation, personality, emotions and attitudes. External influences include
culture, subculture, demographics, social status, reference group, family and marketing activities.
The related study referred to are as follows. Smith et al. (2012) in their study concluded that smoking
status in women was significantly related to race/ethnicity, age, education, place of residence, health
status, depression status, regular visits to the doctor, consumption of fast food, and alcohol consumption
[20]. Afifi et al. (2010) revealed that socio-economic and demographic, social capital and women's
autonomy variables were connected with smoking behavior [21]. Mitchell et al. (2016) found that
economic, environmental, and social factors were associated with smoking patterns in women [22].
Timban et al. (2018) conclude that smoking behavior was related to age, gender, education level, marital
status, and wealth level [23]. Sari and Seftarita (2018) stated in their study that the cigarette price,
education, age, number of family members, and smoking environment variables affect smoking women
[24].
2.2. Scope
This study covers all regions in Indonesia. The unit of analysis in this study is eligible women in poor
households, namely women aged 15-49 years who have wealth index in the poor and very poor groups.
Based on the results of the 2017 Indonesian Demographic and Health Survey (IDHS) data processing,
there were 8446 women aged 15-49 years old in poor households in Indonesia. The sample used in this
study was 8008 due to the unavailability of data.
This study used a dichotomous dependent variable, namely smoking status or not. While the
independent variables that affect the dependent variable are the area of residence, age, education,
working status, exposure to mass media, partner’s education level, partner’s working status, the number
of household members and the number of children 5 and under in the household.
2.3. Analysis method
The analytical method used in this study is descriptive and inferential analysis. The descriptive analysis
is used to provide an overview of the smoking status of eligible women in poor households in Indonesia.
The inferential analysis uses binary logistic regression on rare events with the Penalized Maximum
Likelihood (Firthlogit) method on parameter estimation to determine the variables that affect smoking
status of eligible women in poor households in Indonesia.
Imbalanced data or rare events is when the probability of success (Y=1) as a minority group on the
dependent variable is less than 5 percent [25]. This can result in the opportunity of the minority group
being underestimated and causing the chance of failure (Y=0) as the majority group to be overestimated.
This will cause minority groups to have a very small possibility of predicting its existence and even tend
to be misclassified, which will turn the minority group as the majority group.
In this study, to solve the bias problem, the Firthlogit method recommended by Firth (1993) was
used. The maximum likelihood penalized function is as follows:
1
(1)
(𝜷) = 𝐿 (𝜷)|𝐼(𝜷)| ⁄2
𝐿
𝑃𝑀𝐿

𝑀𝐿

As for in the form of the equation of the log-likelihood function as follows:
1
𝑙𝑜𝑔 𝐿𝑃𝑀𝐿 (𝜷) = 𝑙𝑜𝑔 𝐿𝑀𝐿 (𝜷) + 𝑙𝑜𝑔[|𝐼(𝜷)|]
2

(2)

description:
𝐿𝑃𝑀𝐿 (𝜷)
: penalized likelihood function of firthlogit
𝐿𝑀𝐿 (𝜷)
: likelihood function of the maximum likelihood method
1⁄
|𝐼(𝜷)| 2 : Jeffrey’s Invariant Prior
The firthlogit method aims to reduce the bias in parameter estimation by including a small bias in
the score function 𝑈(𝛽) [26]. The score function 𝑈(𝛽) is the gradient obtained from the first derivative
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of MLE and 𝐼(𝛽) is the second derivative. The estimation of the Penalized Maximum Likelihood is
obtained by dividing or selecting the number of observations i into two new observations that have a
ℎ
ℎ
response value of 𝑦𝑖 and 1 − 𝑦𝑖 with a weighting of 1 + 𝑖 and 𝑖 [27], so it will form the following
2
2
equation.
𝑛
ℎ𝑖
ℎ𝑖
(3)
∗
𝑈(𝛽𝑟 ) = ∑ {(𝑦𝑖 − 𝜋(𝑥𝒊 )) (1 + ) + (1 − 𝑦𝑖 − 𝜋(𝑥𝒊 )) } 𝑥𝑖𝑟
2
2
∗

𝑈(𝛽𝑟 ) =

𝑖=1
∑𝑛𝑖=1 {𝑦𝑖

1

− 𝜋(𝑥𝒊 ) + ℎ𝑖 (2 − 𝜋(𝑥𝒊 ))} 𝑥𝑖𝑟 = 0

(4)

Where i =1,2,,…,n dan r =1,2,3,…,p. It is known 𝑈(𝛽𝑟 ) = ∑𝑛𝑖=1(𝑦𝑖 − 𝜋(𝑥𝒊 ))𝑥𝑖𝑟 = 0, so that equation
(4) is obtained. While ℎ𝑖 is the ke-i diagonal element of the matrix as follows.
1

𝟏

𝑯 = 𝑾2 𝑿(𝑿𝑇 𝑾𝑿)−1 𝑿𝑇 𝑾𝟐

(5)

Where 𝑾 = 𝑑𝑖𝑎𝑔 {(1 − 𝜋(𝑥𝒊 ))}. In the Penalized maximum likelihood (PMLE) method, the estimation
𝛽̂ can be obtained by an iterative process until it coverages as follows [27]:
∗

𝛽 (𝑠+1) = 𝛽 (𝑠) + 𝐼 −1 (𝛽 (𝑠) )

(6)

Where s is the number of iterations which in this study was completed with software R 4.1.0 to estimate
the parameters. The steps in performing a binary logistic regression analysis on rare events are as
follows.

1) Model formation

The binary logistic regression model on rare events that is formed and will be tested for significance is
as follows:
𝑔̂ = 𝛽̂0 + 𝛽̂1 𝐷1 + 𝛽̂2 𝑋2 + 𝛽̂3 𝐷3 + 𝛽̂4 𝐷4 + 𝛽̂5 𝐷5 + 𝛽̂6 𝐷6 + 𝛽̂7 𝐷7 + 𝛽̂8 𝑋8 + 𝛽̂9 𝑋9

(7)

Description:
𝑔̂ : Variable smoking status
𝐷1 : Dummy variable area of residence
𝑋2 : Age
𝐷3 : Dummy variable education
𝐷4 : Dummy variable working status
𝐷5 : Dummy variable mass media exposure
𝐷6 : Dummy variable the partner’s education
𝐷7 : Dummy variable the partner’s working status
𝑋8 : Number of household members
𝑋9 : Number of children 5 and under in household

2) The Goodness of Fit Test

Hosmer Lemeshow test was conducted to see whether the model used was appropriate to explain the
dependent variable. The statistic of Hosmer Lemeshow test 𝐶 is calculated by the formula 𝐶 =
∑𝑔𝑘=1

(𝑂𝑘 −𝑛′ 𝑘 𝜋𝑘 )
,
𝑛′ 𝑘 𝜋𝑘 (1−𝜋𝑘 )

where 𝑔 the numbers of groups, 𝑛′ 𝑘 the numbers of observations of the 𝑘 group , 𝜋𝑘

2
the average estimated probability of the 𝑘 group.The decision rejects 𝐻0 when 𝐶 > 𝜒(0.05;𝑔−2)
or pvalue < 0.05. The desired decision is to fail to reject 𝐻0 , so it can conclude that the model that has been
formed is suitable or fit to explain the dependent variable.

3) Simultaneous test

Simultaneous testing uses the Likelihood Ratio Test (LR-Test) or the G test statistic to see the joint
effect of the independent variables on the dependent variable [28]. The comparison of the likelihood
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function values without the independent variable 𝐿0 and with the independent variable 𝐿1 will result in
𝐿
2
a decision reject 𝐻0 when 𝐺 = −2𝑙𝑛 [𝐿0 ] > 𝜒𝑝;0.05
or p-value < 0.05. Where is 𝑝 the degree of freedom
1

for chisquare. This means that with a significance level of 5 percent, it can be concluded that there is
sufficient evidence to state that there is at least one independent variable that affects the smoking status
of eligible women in poor households in Indonesia.

4) Partial test

The partial test using the Wald test aims to determine which independent variables affect the smoking
2

̂𝑗
𝛽

2
status of eligible women in poor households. The decision rejects 𝐻0 when 𝑊𝑗 = (𝑆𝐸(𝛽̂ )) > 𝜒1;0.05
or
𝑗

p-value < 0.05. This means that with a significance level of 5 percent, it can be concluded that the
independent variable 𝛽̂𝑗 significantly affects the smoking status of eligible women in poor households.

5) Classification table

The classification table is a method used to determine the predictive power of the model [28]. The
classification table aims to map the data to the predicted class so that it can be seen whether the resulting
model already reflects the data. Generally, the cut point uses 0.5 [28], but this value is not appropriate
for unbalanced data. However, this value can be approximated by the optimum cut point of the ROC
curve. According to Agresti (2019) the ROC curve can summarize the predictive power for all possible
cut points so that it is more informative [29]. According to Pandey and Jain (2016) the ROC curve is
able to identify the optimum cut point, evaluate the performance comparison of several diagnostic tests,
and evaluated the performance comparison of diagnostic tests on several population samples [30]. The
optimum cut point obtained from the ROC curve is the value that has the smallest distance to the point
(1-specificity, sensitivity) = (0,1). In addition, several measures are used to determine whether the
classification is correct, namely accuracy, sensitivity, and specificity.

6) Odds Ratio

The odds ratio in the logistic regression method is used to estimate the tendency of the association
between the independent variable and the dependent variable. The greater the value of 𝑒 𝛽𝑗 , the greater
the tendency of eligible women in poor households in a category in the j-variable to smoke compared to
the reference category.
̂
(8)
𝜃̂ = 𝑒 𝛽𝑗
3. Result
Based on the results of the 2017 IDHS data processing, the percentage of eligible women who smoke in
poor households with smoking status in Indonesia is 2.24 percent. This percentage showed that 2 to 3
out of 100 eligible women in poor households were active smokers. In line with the study conducted by
Ng et al. (2014) which stated that the prevalence of women smoking in developing countries is less than
5 percent, in contrast to developed countries where the prevalence of women smoking exceeded 20
percent [31]. However, this small percentage requires attention in order to prevent an increase. This is
because according to a report by the ASH Organization (Action on Smoking and Health) (2019) in the
UK there was evidence that women in developing countries are being targeted by tobacco companies
[32].
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2,24%

Smoke
Do not smoke
97.76%
Figure 1. Percentage of eligible women in poor households in
Indonesia 2017
Source: IDHS 2017
This study used independent variables that are categorical and numerical. According to the
categorical independent variables, eligible women who smoke in poor households are commonly found
in the characteristics of living in urban areas, the highest education level is lower than junior high school,
working, never exposed to mass media, having a partner with the highest education level is lower than
junior high school, and the partner does not work.
Table 1. Percentage of eligible women in poor households based on smoking status and
categorical independent variables.
Variable
Residential area
Rural
Urban
Education
Junior high school and more
Lower than junior high school
Working status
Not working
Working
Mass media exposure (newspaper/ magazine,
radio, tv, internet)
Never access
Access
Partner’s education
Junior high school and more
Lower than junior high school
Partner’s working status
Working
Not working
Source: IDHS 2017

Smoking status (%)
Smoke
Do not smoke
1.96
3.00

98.04
97.00

1.75
2.94

98.25
97.06

1.70
2.80

98.30
97.20

3.12
1.96

96.88
98.04

2.11
2.40

97.89
97.60

2.19
6.25

97.81
93.75

The numerical independent variables in this study are age, number of household members and
number of children 5 and under in the household. Eligible women in poor households are 30 to 31 years
old on average. Based on smoking status, eligible women in poor households who do not smoke were
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on average 30 to 31 years old, while eligible women in poor households who smoke were on average
32 to 33 years.
The number of household members in eligible women in poor households ranged from 1 to 24
members. The average number of household members in eligible women poor households is 5 to 6
members. Based on smoking status, eligible women of poor households who smoke had 2 to 19
household members with an average of 6 to 7 household members. Meanwhile, eligible women poor
households who do not smoke had 1 to 24 household members with an average of 5 to 6 household
members.
Based on the presence of children 5 and under in the household, most of the eligible women in poor
households had children 5 and under in the household. Based on smoking status, eligible women in poor
households who smoke or do not smoke on average there are 1 to 2 children 5 and under in the
household.
3.1. Goodness of Fit
The model suitability test was conducted to see whether the model used was appropriate to explain the
eligible women smoking status variable of poor households. The suitability test of the model used is the
Hosmer-Lemeshow-Test.
Table 2. Output Hosmer Lemeshow test
Chi-Square
5.772
Source: IDHS 2017

Df
8

Sig.
0.672

Based on the results of table 2, it can be seen that the p-value > 0.05, failed to reject 𝑯𝟎 . Therefore,
it can be concluded that at the 5 percent significance level, the model used is suitable to explain the
smoking status of eligible women in poor households in Indonesia.
3.2. Simultaneous Test
Simultaneous test is used to see the effect of all independent variables on the dependent variable. The
test used is the G2 test statistic. The results of the simultaneous test are as follows:
Table 3. Output simultant test
Chi-Square
64.491
Source: IDHS 2017

Df
9

P-value
0.000

2
Based on the simultaneous test the value of G2 is 64,491> 𝑋9,0.05
and if viewed from the p-value =
0.000 < α = 0.05, so the simultaneous test rejects 𝐻0 . Therefore, it can be concluded that at the 5 percent
significance level, the model formed is statistically significant, there is at least one independent variable
that affects the smoking status of eligible women in poor households.

3.3. Partial Test
After the simultaneous test which was showed which the results of 𝐻0 rejection continued with the
partial test. The partial test was conducted to find out more specifically which independent variables had
a significant effect on the smoking status of eligible women in poor households. The partial test uses the
Wald test statistic and then to determine it, it is seen the p-value, the results are as follows:
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Tabel 4. Output partial test
Variable

Estimate (𝛽̂)
-5.691

Intercept
Residential area
Rural (reference)
Urban
0.598
Age
0.033
Education
Junior high school and more (reference)
Lower than junior high school
0.420
Working status
Not working (reference)
Working
0.427
Mass media exposure (newspaper/magazine, radio, TV, internet)
Never access (reference)
Access
-0.388
Partner’s education
Junior high school and more (reference)
Lower than junior high school
-0.078
Partner’s working status
Working (reference)
Not working
0.932
Number of household member
0.076
Number of children 5 and under in
0.079
household
*) significant
Source: IDHS 2017

P-value
0.000

Exp (𝛽̂)
0.003

0.000*
0.002*

1.819
1.034

0.013*

1.522

0.006*

1.533

0.021*

0.677

0.635

0.924

0.042*
0.010*

2.540
1.079

0.417

1.083

Based on the partial test results in table 4, it can be concluded that there are 7 variables out of 9
independent variables that have been shown to significantly (*) affect the smoking status of eligible
women in poor households in Indonesia, which has a p-value <0.05, namely the area of residence (pvalue = 0.000), age (p-value = 0.002), the highest education level (p-value = 0.013), working status (pvalue = 0.006), exposure to mass media (p-value = 0.021), partner’s working status (p-value = 0.042)
and the number of household members (p-value = 0.010). While the independent variables that proved
not affect smoking status were partner’s the education (p-value = 0.635) and the number of children 5
and under in the household (p-value = 0.417).
The highest education level by the partner variable is found to have no significant effect on the
smoking status of eligible women in poor households. In the study of Takagi et al. (2014), men's
education was not effective in influencing the smoking status of partners (women) if the education of
both partners was not high [33]. In addition, it can be related to women's internal conditions such as
women's psychology, Aini (2013) stated that women's smoking status was influenced by internal
psychological factors which included habits, positive emotional reactions, emotional reactions,
addiction. In addition, external psychological factors was social reasons [34].
Women's external factors are not only from their partners. According to Putri (2016) the influence
of peers, family can encourage women to smoke. Environments such as smoking peers, smoking
mothers and smoking brothers and the absence of smoking bans in the vicinity encourage women to
smoke [35]. Dacosta (2018) in a study of women smoke due to their parents' smoking behavior which
arouses curiosity and encourages them to try smoking. Encouragement of friends influences women to
smoke and turn it into a habit [36].
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The variable number of children under five in the household is also known to have no significant
effect on the smoking status of poor households. In Karini and Padmawati's study (2018), it was found
that women still smoked even when they are were near children, this was due to the minimal knowledge
related the dangers of smoking and female smokers feeld healthy and did not feel the effects of smoking
[37]. Women believed that smoking did not put others a risk.
The firthlogit model for eligible women status in poor households that is formed based on the
parameter values in table 4 is as follows:
𝑔̂ = −5.691 + 0.598𝐷1 ∗ + 0.033𝑋2 ∗ + 0.420𝐷3 ∗ + 0.427𝐷4 ∗ − 0.388𝐷5 ∗
− 0.078𝐷6 ∗ + 0.932𝐷7 + 0.076𝑋8 ∗ + 0.079𝑋9

(8)

Description: *) significant on α = 0.05
𝐷1 : Dummy variable area of residence
𝑋2 : Age
𝐷3 : Dummy variable education
𝐷4 : Dummy variable working status
𝐷5 : Dummy variable mass media exposure
𝐷6 : Dummy variable the partner’s education
𝐷7 : Dummy variable the partner’s working status
𝑋8 : number of household members
𝑋9 : number of children 5 and under in the household
3.4. Classification Table
The classification table is used to see the accuracy of the model in predicting the smoking status of
eligible women in poor households where the higher the value of accuracy, sensitivity, and specificity,
the better. The cut point determination for classification is based on the cut point value which has the
minimum distance with the point (1-specificity, sensitivity) = (0,1) on the ROC curve. The following
are the results of the classification with the optimum cut point value of 0.02299958.
Table 5. Classification table of a binary logistic regression model with firthlogit
Observation
Do not smoke (Y=0)
Smoke (Y=1)
Source: IDHS 2017

Do not smoke
𝑌̂=0
4947
71
Overall Percentage

Prediction

Smoke
𝑌̂=1
2882
108

Percentage
Correct
63.18%
60.33%
63.12%

The classification results shows that there are 108 out of 179 observations that are correctly predicted
on the incidence of smoking status in eligible women in poor households in Indonesia 2017. Meanwhile,
there are 4947 out of 7829 that are correctly predicted non-smoking eligible women in poor households
in Indonesia in 2017.
In addition, the results of the logistic regression analysis on rare events show that the model used is
able to correctly classify the smoking status of eligible women in poor households. This is indicated by
the accuracy value of 63.12 percent. This means that the model has succeeded in classifying 63.12
percent of the incidence of smoking status in eligible women in poor households in Indonesia. For
imbalance data, there is no criterion limit for the accuracy value. According to Tharwat (2018) the
accuracy value can be ignored because the accuracy value becomes sensitive to the imbalance data [38].
Furthermore, the sensitivity value is 60.33 percent, which means that as many as 60.33 percent of
eligible women in poor households are correctly predicted to have smoking status. Meanwhile, the
specificity value is 63,18 percent, which means that as many as 63,18 percent of eligible women in poor
households have been correctly predicted to have non-smoking status.
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4. Discussion
From our analysis, the odds of the independent variable to the dependent variable can be seen from the
̂0 ) is 0.003. This value indicates that when
odds ratio value in table 4 column 4. The intercept value (𝛽
eligible women in poor households have the following characteristics, living in rural areas, getting
younger, the highest education level is from junior high school and above, does not work, never been
exposed to mass media, having a working partner and having a small number of household members,
then the probability of smoking is 0.33 percent.
4.1. Residential Area
The tendency to smoke eligible women in poor households who live in urban areas is 1.819 times greater
than those who live in rural areas. These results are in line with the research conducted by Völzke et al.
(2006) that living in urban areas (20,000-500,000 inhabitants) especially metropolitans (more than
500,000 inhabitants) can influence individuals to smoke. Women who live in urban areas tend to smoke
1.25 times more than those who live in rural areas. Women who live in metropolitan areas tend to smoke
1.76 times more than those who live in rural areas.[39]
4.2. Age
The tendency to smoke eligible women in poor households increased by 1.034 times for each additional
year of age. This is supported by the research of Sugiharti et al. (2015) that the older the individual, the
greater the chance of becoming a smoker [40]. Timban et al. (2018) research also adds that adults are
more likely to smoke because most of them already have jobs and incomes. This can increase the
purchasing power of cigarettes [23].
4.3. Education
The smoking tendency of eligible women in poor households with the highest education level lower
than junior high school or equivalent is 1.522 times greater than that of eligible women with the highest
education of junior high school and above. This is in line with the research of Kandel et al. (2009) which
states that the lower the education level of women, the greater the risk of becoming active smokers [41].
Likewise in the research of Jawad et al. (2015) concluded that low levels of education can increase the
likelihood of smoking in women because education is a protector for women from smoking behavior
[42].
4.4. Working Status
The tendency to smoke eligible women in poor households who work tends to smoke 1.533 times greater
than eligible women who do not work. These results are in line with research by Flandorfer et al. (2010)
which states that there is a relationship between working status and smoking status in women, where
women aged 30 to 39 years who work have a 1.58 times tendency to smoke compared to those who do
not work and women aged 40. up to 49 years who worked had a 1.66 tendency to smoke compared to
those who did not work [43]. This is because work can cause stress in women which will influence the
woman to seek peace by smoking [44].
4.5. Mass Media Exposure
The odds ratio value of the mass media exposure variable is 0.677. This means that eligible women in
poor households who have accessed mass media at least once a week tend to not smoke 1.475 times
compared to those who have never. These results can be attributed to the government's cigarette
advertising regulations. Several regulations governing cigarette advertising on TV, radio and
newspapers and supervision by the Indonesian Broadcasting Commission (KPI) can affect women's
smoking status. The following are some regulations regarding cigarette advertising, namely Law no. 32
of 2002 concerning Broadcasting (Broadcasting Law) Article 46 paragraph (3) prohibits commercial
advertisements from promoting cigarettes that demonstrate the form of cigarettes, SPS Article 58
paragraph (4) prohibits the promotion of cigarettes that demonstrate the form of cigarettes; Broadcasting
Code of Conduct and Broadcasting Program Standards (P3 and SPS) of the Indonesian Broadcasting
Commission in 2012; Etika Pariwara Indonesia, point 2.2.2, advertisements for cigarettes and tobacco
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products do not display or depict people smoking, or refer to people who are smoking; and Government
Regulation number 50 of 2005, cigarette advertisements in radio and television broadcasting institutions
can only be broadcast at 21.30-05.00 local time. In addition, there is a Regulation of the Minister of
Health of the Republic of Indonesia No. 28 of 2013 concerning the Inclusion of Health Warnings and
Health Information on Tobacco Product Packaging (Permenkes).
4.6. Partner’s Working Status
The tendency to smoke eligible women in poor households that have a partner who does not work is
2.540 times greater than that of working partners. These results are in line with the research of Everding
and Marcus (2020) which concluded that unemployed spouses could influence smoking behavior both
themselves and their partners. Furthermore, for couples who are smoker, the intensity of smoking
individually and in partners.[45]
4.7. Number of Household Members
Each increase in 1 unit of household members in eligible women will increase the smoking tendency of
eligible women by 1.079 times. This is in line with the research conducted by Sari and Seftarita (2018),
in their research the number of household members had a positive effect on cigarette consumption [24].
Firdaus and Suryaningsih (2011) added that adult household members in the household greatly affected
the cigarette consumption in poor households, where every addition of one adult household member
would increase the cigarette consumption [46].
5. Conclusion
Based on the results of the analysis and discussion that has been carried out in the previous chapter, it
can be concluded as follows:
1. Eligible women in poor households who smoked in Indonesia in 2017 were found to be more
characteristic of living in urban areas, the highest education level was lower than junior high school,
working, never accessing mass media, the highest completed level of education by partner is lower
than junior high school and partner does not work. Aside from that, eligible women in poor
households who smoke had an average age of 32 to 33 years, had an average of 6 to 7 household
members, and had an average of 1 to 2 children 5 and under in the household.
2. The variables that affect the smoking status of eligible women in poor households include the area
of residence, age, highest educational level, working status, exposure to mass media, partner's
working status and the number of household members. While the variables that do not affect the
smoking status of eligible women in poor households include the highest educational level by the
partner’s and the number of children 5 and under in the household.
3. Eligible women in poor households will have a tendency to have smoking status with characteristics
of living in urban areas, getting older in age, having lower than junior high school level completed
education, working, never accessing mass media, having a partner who does not work and living
with a big number of household members.
6. Recommendation
Based on the results and discussion as well as the conclusions above, the suggestions that can be
provided are as follows:
1. The government should be more assertive and sanctions the violators of regulations prohibition the
advertising, promotion and sponsorship of cigarette products.
2. The government should strictly monitor the implementation of the 12 (twelve) year compulsory
education because women who smoke in poor households are more likely to have lower than junior
high school.
3. Furture study can examine the interaction between independent variables that are suspected to have
a correlation, such as education and work status. In addition, the relationship between women's
smoking status and the smoking status of their partners and other family members can be
investigated more. Furthermore, in using the exposure to mass media variable, individuals who

547

M Ramadhani and R J Yuhan

have accessed mass media can be categorized into individuals who access mass media almost every
day.
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Abstract. Entrepreneurship in various pieces of literature is mentioned as one aspect that adds
value to a country's economy. Using Sakernas August 2019 data and the Mincer income model,
this study estimates the educational investment in self-employed entrepreneurs. The results show
a positive effect between years of schooling and income earned. Compared to workers, the level
of assessment of entrepreneur education looks lower. In addition, this study also looks at how
income among entrepreneurs. The Gini coefficient shows 0.47 for self-employed entrepreneurs
and 0.41 for workers. There is a sizeable amount of income inequality for self-employed
entrepreneurs.

1. Introduction
Entrepreneurship is one aspect that provides added value and affects the economic growth of a country
and has the potential to absorb the workforce to reduce unemployment [1–3]. Entrepreneurship is not
only seen as a source of increased income, but also a potential cause of poverty for others, due to the
large proportion of entrepreneurs who are at the lower-end of the income distribution [4].
Compared to the last 30 years, the percentage of the population who are entrepreneurs in Indonesia
has shown a decline. Based on Sakernas data, it shows 45.07 percent in 1991, the lowest in 2012 at
37.28 percent, and in the last five years has increased to 39.16 percent in 2020. Increasing
entrepreneurship is one of the strategic policy objectives in the related development sector utilization of
the demographic bonus, as stated in the 2015-2019 RPJMN Indonesia [5]. In this regard, increasing
competitiveness and community business growth is one of the things that are in the government's
spotlight.
On the other hand, in the last decade, human development in Indonesia has continued to improve.
This improvement in development conditions is shown by increasing the HDI from 66.53 in 2010 to
71.94 in 2020 [6]. Education is one of the dimensions that consistently increases every year. Through
the indicator of expected years of schooling and the indicator of the average length of schooling which
continues to increase, it illustrates the progress in terms of education in Indonesia.
Education is one of the most important human capital, because education can improve the quality of
employment and overall quality of life. In the long term, investment in the form of education has a
positive contribution to the country's economy, through improving the quality of human resources [7].
This investment in education increases work productivity and income, which is related to the addition
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of knowledge, skills, and problem solving in their work [7,14]. One form of measure of return on
investment in education is through increased skill and productivity, which will indirectly have an impact
on the monetary aspect of income earned by a person [9].
The rate of return on education is often used to describe educational options and their benefits on
productivity at work. Several studies have examined the positive relationship between human capital in
the income received, both for entrepreneurs and workers, where the higher the education, the higher the
income received by a person [8–12]. Iversen et al., (2010) show that the return on education for selfemployed entrepreneurs is lower than for workers, which is associated with the less usefulness of higher
education in business activities [12]. Vijverberg (1995) in his research in Ghana, where developing
countries are dominated by entrepreneurs in the agricultural sector, the rate of return on education tends
to be lower [11].
Nevertheless, due to the different contexts of the analysis area, some kinds of literature give different
magnitudes and results between the rate of return and between entrepreneurs and workers. By
understanding how the rate of return on education to entrepreneurs in one place, it is hoped that it can
help to implement the right policy decisions related to investments that must be made by policy makers.
This study uses employment data from the August 2019 Sakernas in Indonesia, and aims to see how
the influence of education on the income of self-employed entrepreneurs in Indonesia. Furthermore, this
study aims to describe the differences in income structure between entrepreneurs and workers in
Indonesia.
2. Literature Review
The main drivers in entrepreneurial activities are economic incentives and motives for economic profit
[13]. The inner drive of the individual is associated with economic benefits that become the motive for
doing something. Incentives and benefits are considered as conditions for starting an entrepreneurial
activity.
The human capital theory views human capital as the added value when a person acquires knowledge,
skills, and other assets, which affects a person's ability in the labor market [7,14]. Human capital affects
the increase in one's work productivity, also the income earned by a person will be affected [7]. Having
a high level of education will increase the skills needed in business activities, such as the ability to
understand risk and understand market prospects.
Parker (2004) sees that the magnitude of self-employment in developing countries is higher than in
developed countries due to the sector that dominates the economy [15]. The dominance of the selfemployed workforce in developing countries is illustrated by the existence of the agricultural sector as
a major player in the traditional economy, as well as the limited development of the formal economy
and financial markets. Parker (2004) also explains the high inequality in self-employed income [15].
This is related to the presence of a person's natural talent. The entrepreneurship skill also depends on
factors outside of formal education, such as motivation and trading skills which are non-academic in
nature.
Mincer (1958) in his study used an equation model that explained income as a function of school and
experience [16]. Someone will choose the level of education (level of schooling) that provides a present
value with a certain individual discount rate (r) that maximizes lifetime earnings.
Several studies related to the rate of return on entrepreneural education show that the educational
return to entrepreneurs is different than the paid workers [8,9,11,12,17–19]. The higher the level of
education of the individual, the income of the entrepreneur tends to be higher because it is associated
with fewer organizational constraints, which lead to more personal control that utilizes human capital,
compared to workers [19]. In the other hand, in the developing countries and countries are dominated
by small entrepreneurs, the level of tendency of educational return will be lower [11,12]. Age reflects
the accumulation of experience and workability of a person, so the effect on income is described as an
inverted U pattern [9]. In addition, other things related to differences include work experience, area of
residence, income distribution, and gender.

551

D Wahyudi and M Hanri

3. Methods
The source of the data used in this research is the Sakernas data for the August 2019 period by the BPS
- Statistics Indonesia. The sample covered reached 300,000 households with a response rate of 99.73
percent spread across 34 provinces of Indonesia.
The main unit of analysis in this study is the self-employed entrepreneur. In addition, a comparative
analysis was carried out with workers, which in general consisted of laborers/employees/employees,
casual workers in agriculture, and casual workers in non-agriculture. The variables that will be used in
this study, along with operational definitions are presented in table 1.
Table 1. Variable Establishment and Operational Definition
No Variabel
Dependent variable
1
ln(earning)
2

ln(income)

Independent variable
3 (ys)
4 (age)
5 (age2)
6 (urban)

Operational Definition

Scale/category

Income earned by selfContinuous
employed entrepreneurs
Wages received by workers
Continuous
with the status of
laborers/employees/employees,
freelance workers in
agriculture, and independent
workers in non-agriculture
Years of schooling
Age
Age squared
Classification of living place

7

(marital1)

Dummy for marital status

8

(marital2)

Dummy for marital status

9

(internet)

10

Internet usage status in
business
(industry_sector) Dummy for job

11

(service_sector)

Dummy for job

12

(gray_collar)

Dummy for type of work

13

(blue_collar)

Dummy for type of work

14

(recentwork)

Previous work experience

Continuous
Continuous
Continuous
1=Rural
0=Urban
1=Married
0=Single
1=Divorced
0=Single
1= Using the Internet
0=Not using the Internet
1= Industry
0= Agriculture
1= Service
0= Agriculture
1= Gray collar
0= White collar
1=Blue collar
0=White collar
1= Have work experience
0= No work experience

The method of analysis is descriptive and inferential. Descriptive analysis is used in the form of
graphic analysis. While the inferential in the form of OLS analysis with the Mincer Earnings Function
model approach. In the basic model developed by Mincer (1958), income in the labor market is described
as a function of years of schooling, work experience, and work experience squared [16]. The basic model
developed is as follows:
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ln 𝑊 = 𝑓(𝑆, 𝑋) = 𝛽0 + 𝛽1 𝑆 + 𝛽2 𝑋 + 𝛽3 𝑋 2 + 𝜀

(1)

where ln W is the logarithm of present income, S represents the years of schooling, X represents work
experience, and X2 represents the diminishing returns on the quality of human resources. The
coefficients on the model, β0 is the logarithm of present income in the absence of experience and
education, β1 describes the rate of return on educational investment for S years of schooling, β2 and β3
describes the rate of return from work experience, and ε is the disturbance term [16].
Furthermore, in this study, modifications were made by adding control variables to increase the
accuracy of the results. The model specifications applied in this study are:
ln 𝑤 = 𝑓(𝑦𝑠, 𝑎𝑔𝑒) = 𝛽0 + 𝛽1 𝑦𝑠 + 𝛽2 𝑎𝑔𝑒 + 𝛽3 𝑎𝑔𝑒 2 + 𝛽2 𝑋𝑐𝑜𝑛𝑡𝑟𝑜𝑙 + 𝜀

(2)

where w is income, β0 is the intercept of a person with no education and no experience, ys years of
schooling, age and age2 is used as a proxy for experience, and Xcontrol is another variable used as a control.
To fulfill the homoscedastic assumption, in this study, the standard error (SE) of the estimated regression
coefficient was corrected using robust SE.
This study only analyzes those who are self-employed and compares them with workers. Therefore,
one of the crucial issues that may arise is selection bias which results in the estimation of the coefficient
of education variable being overestimated. Ideally, this condition is handled using the method proposed
by Heckman (1976). However, the limited information in this study causes the method cannot be
applied. Besides, the education variable may have endogeneity, which is caused by the correlation of
education with several unobserved individual characteristics. Ideally, it is necessary to apply instrument
variables to overcome this problem. To maintain the analysis in this study, so as not to get caught up in
the complexity of the econometric model used, this study will only use ordinary least squares (OLS) by
ignoring the issue of sample selection bias and endogeneity.
4. Results and Discussion
4.1. Overview on Self-employed Entrepreneurs
The main unit of analysis in this study is the self-employed entrepreneur. In table 2 below, the main
characteristics of the unit used for analysis are shown.
Table 2. Description of Research Sample
Characteristics
N
Percent
Education
Below elementary school 23690
21.56
Elementary school
32076
29.19
Middle school
21012
19.13
High school
27674
25.19
above high school
4783
4.36
Age Group
15-19 years
1559
1.4
20-24 years
4607
4.2
25-29 years
7605
6.9
30-34 years
10845
9.9
35-39 years
14303
13.0
40-44 years
14977
13.6
45-49 years
14951
13.6
50-54 years
12878
11.7
55 years and over
28144
25.6
Source: Sakernas August 2019 (author’s calculation)
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Based on table 2, it can be seen that most of the self-employed entrepreneurs are educated below
high school, which is 70.5 percent. Meanwhile, those with high school education and above are 25.2
percent and 4.4 percent respectively. Judging from the age group, there is an increasing pattern. The
higher the age group, the more entrepreneurs who are self-employed.
60.0

Percent

50.0

48.2

40.0
30.0

24.8

20.0

14.0

10.4

10.0
0.0

2.7
< 2,5jt

2,5jt-3,49jt

3,5jt-4,49jt

4,5jt-5,49jt

> 6,5jt

Monthly earning

Source: Sakernas August 2019 (author’s calculation)
Figure 1. Self-employed Entrepreneur Income Distribution
In the labor market, there is inequality in income, while some earn high incomes and others earn low
incomes. The income distribution of self-employed entrepreneurs shows an asymmetric pattern with a
skewed distribution to the right. It shows that the income distribution is dominated by entrepreneurs
with low incomes. Only a few entrepreneurs earn a very large amount of income from the overall income
distribution.
3500
3000
2500
2000
1500
1000
500
0

Urban+Rural
Urban
Rural

Less than
Elementary
school
1354
1536.3
1204.3

Elementary
school

Middle school

High school
and more

1712.1
1898
1541.5

1982.1
2227.6
1672.4

2603.4
2892.4
1927.4

Source: Sakernas August 2019 (author’s calculation)
Figure 2. Average Income of Self-employed Entrepreneurs by Education
According to the level of education completed, it is seen that the level of education is positively
correlated with the income of self-employed entrepreneurs. The higher a person's level of education, the
higher the income earned. The difference in entrepreneurial income is caused by the investment in
human capital, where the investment increases the capabilities needed in entrepreneurial activities such
as understanding risks and understanding market prospects [15].
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2000
1500
1000
500
0
Urban+Rural
Urban
Rural

15-24 yo
1665.8
1939.4
1362.8

25-54 yo
2150.6
2484.2
1710.8

above 55 yo
1588.2
1872.4
1245.6

Source: Sakernas August 2019 (author’s calculation)
Figure 3. Average Income of Self-employed Entrepreneurs by Age
The comparison between the age group and the income of self-employed entrepreneurs shows that
age forms an inverted U-pattern. Young entrepreneurs are still accumulating investments in human
capital (such as education), which returns increase with age. Then after reaching a certain age, the return
decreases because of the diminishing effect on return.
4.2. Rate of Return on Education
The estimated rate of return on education for self-employed entrepreneurs using OLS regression is
shown as follows:
Table 2. Estimation Results of the Effect of Education on (log) income and (log) wages
Variable
Year schooling
Age
Age squared/100
Recidence place
Gender
Marital status (married)
Marital status (devorced)
Internet usage
Sector (industry)
Sector (service)
Collar (grey)
Collar (blue)
Work experience
Constant
Note:
*** significant at the level 5%

Self-employed
Entrepreneur
0.023 (0.001)***
0.061 (0.003)***
-0.061 (0.000)***
0.146 (0.011)***
0.523 (0.011)***
0.165 (0.018)***
0.187 (0.026)***
0.092 (0.011)***
0.046 (0.023)***
0.213 (0.019)***
0.097 (0.081)
-0.168 (0.018)***
-0.100 (0.010)***
12.252 (0.065)***

Workers
0.055
0.035
-0.020
0.281
0.337
0.095
0.036
0.197
0.044
-0.255
-0.043
-0.076
-0.055
12.677

(0.001)***
(0.002)***
(0.000)***
(0.005)***
(0.005)***
(0.007)***
(0.013)***
(0.005)***
(0.011)***
(0.010)***
(0.006)***
(0.006)***
(0.005)***
(0.032)***

The estimation results show that the impact of education on the income of entrepreneurs is positive
and significant at the 95 percent confidence level. The estimated rate of return on education is 2.3
percent. This means that, on average, each additional 1 year of schooling will have implications for an
increase in the income of self-employed entrepreneurs by 2.3 percent (ceteris paribus). These findings

555

D Wahyudi and M Hanri

indicate that increasing the length of education can increase income. This result is in line with research
by Vijverberg (1995) stating that the existence of education becomes increasingly useful in the economic
rationalization of every decision taken by entrepreneurs [9]. The higher the education it will increase
productivity and have an impact on the increasing income of entrepreneurs.
In line with education, the effect of the age variable (as an estimate from experience) on the income
of self-employed entrepreneurs is positive and significant at the 95 percent confidence level. While the
age variable squared is negative. It confirms that the positive influence of age (experience) on income
decreases (diminishing return) with increasing experience or a person's age. The effect of age or
experience follows an inverted U pattern. In line with the study of Hessel et al (2003), the longer the
experience or the older the age, the lower the productivity [8]. This productivity is related to physical
abilities that decrease as a person ages.
Compared to earnings from workers, the estimated rate of return on education yields higher returns
than self-employed entrepreneurs. This indicates that the education of entrepreneurs in Indonesia is still
not able to boost the productivity of their businesses. Entrepreneurs tend to work in a small scale, so the
return on education is not as big as that of the workers. In addition, it also indicates that there may still
be other things outside of education and variables in the model that affect the rate of return on
entrepreneur. This finding confirms the research by Parker (2004) and Gustina (2020) that states
entrepreneurial ability also depends on factors outside of formal education, which include motivation,
non-academic trading skills and the influence of unmanageable family background through the
modeling of this study [15-20].
4.3. Entrepreneurial Income and Worker Wages Structure
The wage structure in the labor market is determined by the law of supply and demand, with some
earning more than others. This difference in income illustrates the difference in productivity and the
variation in the rate of return among workers [7]. In terms of structure, there is a fairly large income gap
among self-employed entrepreneurs. The Gini coefficient of income for self-employed entrepreneurs in
2019 shows a figure of 0.47. In the same year, the percentage difference in income between selfemployed entrepreneurs at the 90th and 10th percentiles was 12.33 percent, with a ratio of 13.33.

Source: Sakernas August 2019 (author’s calculation)
Figure 4. Income Gap of Self-employed Entrepreneurs and Workers Wages
Meanwhile, when compared to workers, those who are self-employed tend to show a larger gap. The
Gini coefficient for workers wages in 2019 was 0.41, lower than the income coefficient for selfemployed entrepreneurs. The ratio of wage differences between workers at the 90th and 10th percentiles
is 8.33.
There is a large disparity between the income of self-employed entrepreneurs and the wages of
workers in Indonesia. The wage gap between the 90th and 10th percentiles tends to be larger for selfemployed entrepreneurs. These results are in line with the research of Halvarsson et al. (2018) which
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found a large disparity among entrepreneurs who are self-employed [4]. Most self-employed
entrepreneurs are very low-income and widen the lower end of the overall income distribution. Those
with low incomes are identified as micro-level entrepreneural.
5. Conclusion
The estimation of the return on education model for self-employed entrepreneurs shows a positive
impact. Each additional year of schooling affects an increase in income of 2.3 percent. The effect of
education on workers also shows a positive impact and is greater than that of self-employed
entrepreneurs, which is 5.5 percent. The lower rate of return on education in entrepreneurship is thought
to be due to other factors in the academic aspect that are more influential, and cannot be measured in
this model.
When viewed from the income structure, it can be seen that there is a large disparity among selfemployed entrepreneurs. The Gini coefficient among self-employed entrepreneurs shows a value of 0.47
and the ratio of the difference between the 90th and 10th percentile wages is 12.33. When compared to
workers, the Gini coefficient among workers is 0.41 and the ratio of the difference between the 90th and
10th percentile wages is 8.33. There is a fairly large income gap between self-employed entrepreneurs
compared to workers in Indonesia.
For further research, it is necessary to improve in terms of methodology. The issue of selection bias
in the data sample used, as well as the endogeneity of education needs to be studied more deeply in order
to produce a more accurate estimate.
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Abstract. The implementation of the international standard manual is an effort made by every
national statistical office (NSO) in developing its official statistics so that they have
comparability at the global level. The methods recommended in the international standard
manual have also been refined and adapted to other standard manuals so that the resulting official
statistics are consistent with each other. Statistics Indonesia (BPS) as the Indonesian NSO adopts
various international standard manuals, including the International Recommendations for
Tourism Statistics (IRTS) and Tourism Satellite Accounts: Recommended Methodological
Framework (TSA:RMF) 2008 manuals recommended by UNWTO in calculating the tourism
contribution in the Indonesian economy. Both recommend the utilization of the supply and use
table (SUT) framework that explains tourism supply-demand in measuring tourism
contributions. This approach is an improvement from the previous approach which used shock
analysis under input-output (I-O) framework in calculating tourism contributions. Through the
supply-demand of tourism sector approach, the amount of tourism direct gross domestic product
(TDGDP) is obtained which shows the contribution of tourism to the national economy. During
2016-2019, the tourism sector contributed around 4.6 – 4.9 percent to the Indonesian economy.

1. Introduction
Indonesia has a strategic geographical position that makes it a country that is very rich in natural
resources and biodiversity. With more than 17,540 islands inhabited by various ethnic groups with
heterogeneous cultural backgrounds, making Indonesia an attractive country to visit, both by local and
foreign tourists. Indonesia is a country that is flanked by two continents and two oceans and has a tropical
climate with warm air temperatures. This makes Indonesia as a favourite tourist destination, especially
for tourists from the United States (US) and European country. Indonesia has great potential in
developing its tourism sector so as a booster the revenue receipts through increasing the number of
tourist visits, both local and foreign.
Referring to the development agenda for 2020-2024 RPJMN IV, increasing tourism added value is
one of the government's priorities which aims to strengthen economic resilience for quality growth.
Tourism sector developments are expected to increase net exports (services) and maintain fiscal
sustainability. The government has launched several tourism targets mandated in the 2020-2024 RPJMN
IV development agenda which includes increasing value added and investment, increasing work
productivity and creating jobs, increasing exports of high added value, as well as increasing the pillars
of economic growth and competitiveness. Tourism is an important sector considering that it roles on the
employment, foreign exchange earns, and national economic growth [1].
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The data from the Statistics Indonesia (BPS) shows that the trend of tourist visits in Indonesia is
always increasing. In 2010, the number of foreign (inbound) tourist visits amounted to more than seven
million visits and increasing every year until in 2019 there were more than 16 million inbound tourists
visiting Indonesia. In the same period, the number of domestic tourist trips also showed an increasing
trend despite fluctuations during the 2010-2019 period. A tendency of the increasing number of tourist
visits potentially creating business fields around the tourist attraction so that encourage an increase in
the income of the society [2].
Tourism is one of important sectors that needs a set of tools to measure its role in the economy [3].
Taking into account the increasing trend of the number of tourists, the Indonesian government may take
it as a chance to boost its economy through tourism. The acceleration of infrastructure development, the
preparation of skilled workers, and the harmonization of government regulations are need to be
encouraged so that may support the expansion of the Indonesian tourism sector. The preparation of
tourism data is carried out to increase the accuracy of achieving targets as stated in the development
agenda. The availability of measurable macro indicators that shows how much tourism contributes to
the economy and can be compared on a global scale is the basic issue of the importance of calculating
tourism contributions based on international recommendations.
The government has long recognized the urgency of calculating the contribution of tourism.
Ministries and other institutions, in collaboration with BPS, estimated the contribution of tourism
through the shock analysis approach under the input-output (I-O) table framework [4]. Starting with
calculating the magnitude of the shock that was estimated from the consumption and government
spending as well as the investment spending in the tourism sectors, the total impact was obtained which
was then equated with the tourism contribution.
Along with the development of international recommendation standards and manuals, the UN
through the United Nations World Tourism Organization (UNWTO) recommends International
Recommendations for Tourism Statistics (IRTS) and Tourism Satellite Accounts: Recommended
Methodological Framework (TSA: RMF) 2008 as manuals in calculating tourism contributions. Both
refer to the 2008 System on National Account (SNA) manual so that the concepts, approaches, and
recommendations listed in the IRTS and TSA-RMF are consistent with the concepts and approaches
taken in preparing the national accounts. The two manuals show clear mechanisms related to the flow
of tourism expenditure and tourism consumption so that they can finally be derived as tourism
contributions [5,6,7]. In addition, IRTS and TSA-RMF also explain that the contribution of tourism is
calculated through the supply and use table (SUT) framework which describes the balance of supply
and demand for the tourism sectors.
This study explains how BPS improved the calculation of tourism contribution by comparing the
current calculation method based on SUT framework with the previous method using shock analysis
under I-O table approach.
2. Methodology
This study explains how BPS calculates tourism contribution according to recommended international
manuals. The IRTS and TSA-RMF explain that tourism contributions should take into account on how
the provision (supply) of tourism products can be consumed (used), both by tourists and non-tourists.
A comprehensive framework that can explain the balance of supply and use of goods and services is
SUT [8]. The SUT consists of two tables, the first is the supply table which explains how goods and
services are produced by each business field (industry). The supply table also shows the supply of goods
and services originating from abroad (imports) to meet the needs of the domestic economy. While the
second is a use table that shows how goods and services are used in each economic activity. This table
shows the cost structure of each business field in the production process, as well as the portion of goods
and services used in domestic activities and foreign transactions (exports).
The columns in the SUT show the dimensions of the business field (industry). While the rows show
the details of goods and services commodities. From the two tables (supply table and use table), it is
necessary to meet two equilibrium equations.
supply = use

(1)
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The value of goods and services provided from domestic production and imports must equal the value
of goods and services used.
output = input

(2)

The value of goods and services produced must be equal to the value of the goods and services used for
these production activities.
In calculating the tourism contribution, the SUT is further disaggregated according to the tourism
classification. The columns in the supply table and use table are disaggregated into the tourism and nontourism industries. Likewise, the rows are also disaggregated by tourism and non-tourism products [9].
Table 1 shows the classification of tourism products and industries.
Table 1. Tourism Characteristic Consumption Products and Tourism Characteristic Consumption
Activities (Tourism Industries)
Products
1.
2.
3.
4.
5.
6.
7.
8.

Accommodation services for visitors
Food-and beverage-serving services
Railway passenger transport services
Road passenger transport services
Water passenger transport services
Air passenger transport services
Transport equipment rental services
Travel agencies and other reservation
services
9. Cultural services
10. Sports and recreational services
11. Country-specific tourism characteristic
goods
12. Country-specific tourism characteristic
services

Activities
1.
2.
3.
4.
5.
6.
7.
8.

Accommodation for visitors
Food-and beverage-serving activities
Railway passenger transport
Road passenger transport
Water passenger transport
Air passenger transport
Transport equipment rental
Travel agencies and other reservation
activities
9. Cultural activities
10. Sports and recreational activities
11. Retail trade of country-specific tourism
characteristic goods
12. Other country-specific tourism characteristic
activities

Source: Tourism Satellite Account: Recommended Methodological Framework, 2008

The IRTS and TSA-RMF manuals explain that the contribution of tourism is calculated on the basis
of tourist consumption occurring in the domestic economy. In this regard, the consumption of tourists
used in calculating the contribution of Indonesian tourism is internal tourism consumption, which covers
the consumption of inbound tourism during their visit in Indonesia (including the use of Indonesian
airlines) plus consumption of domestic tourism. Internal tourism consumption will then be juxtaposed
with the value of providing tourism products resulting from the disaggregation of SUT so that the size
of tourism contribution can be derived, namely:

561

A Mun’im

a. Gross Value Added Tourism Industry (GVATI)
Sums the total gross value added of all establishments belonging to tourism industries, regardless
of whether all their output is provided to visitors and the degree of specialization of their production
process. It leaves out the value added from other non-tourism industries whose outputs have been
acquired by visitors or by others for their benefit.
b. Tourism Direct Gross Valued Added (TDGVA)
The part of gross value added generated by tourism industries and other industries of the economy
that directly serve visitors in response to internal tourism consumption.
c. Tourism Direct Gross Domestic Product (TDGDP)
The sum of the part of gross value added (at basic prices) generated by all industries in response to
internal tourism consumption plus the amount of net taxes on products and imports included within
the value of this expenditure at purchasers’ prices
Although those three aggregates show the magnitude of the contribution of tourism, the most relevant
indicator in describing the contribution of tourism in a country's economy is TDGDP [7,10]. This
indicator juxtaposes the supply of tourism products with tourism consumption on the respective supplied
tourism products. This means this indicator looks at the side of the tourism product provider industry as
well as tourism consumption which reflects the demand for tourism products. The relationship between
economic aggregates and the three measures of tourism contribution is shown in table 2.
Table 2. Relationship between The Economic Aggregates with The Tourism Contribution
GVATI

TDGVA

TDGDP

√

√

√

√

-

-

-

√

√

Gross value added (at basic prices) generated by
the supply to non-visitors by other industries

-

-

-

Net taxes on products and imports included in the
value of internal tourism consumption (at
purchasers’ prices)

-

-

√

Gross value added (at basic prices) generated by
the supply to visitors by the tourism industries
Gross value added (at basic prices) generated by
the supply to non-visitors by the tourism
industries
Gross value added (at basic prices) generated by
the supply to visitors by other industries

Source: Tourism Satellite Account: Recommended Methodological Framework, 2008

3. Data and Data Source
The main data in the calculation of the tourism contribution is tourism consumption which is collected
from the Domestic Tourism Survey, and the Outbound Survey carried out by the BPS. In addition, the
data of inbound tourists spending are collected from the Passenger Exit Survey (PES) which is then
aligned with the value of service exports originating from the BPS (the Directorate of Expenditure
Account). Those tourist expenditure data explain the size of demand for tourism products. Yet, the data
of tourism supply is derived from the SUT obtained from BPS (the Directorate of Production Account).
4. Empirical Results
Tourism is considered as a broad sector that includes various activities such as economic, ecological,
social, and cultural [11]. Tourism is an important economic and social activity on a local and global
scale. Even at the district level, it has an impact on regional economic development as shown by the
increase of its contribution to regional income [12]. It may promote economic growth directly and
indirectly through its role on other economic sectors [13].
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Tourism activities involve various business fields such as accommodation services, restaurant
services, and transportation services. On the other hand, the demand for this industry not only comes
from the domestic area, but also comes from foreign demand. Table 3 shows the expenditure of inbound
tourism expenditure and domestic tourism expenditure in Indonesia during 2016-2019.
Table 3. Domestic Tourism Expenditure and Inbound Tourism Expenditure in Indonesia, 2016-2019
(Billion Rupiah)
Inbound Tourism Expenditure

Domestic Tourism Expenditure

2016

2017

2018

2019

2016

2017

2018

2019

48,724

60,425

80,397

82,441

232,740

236,764

243,615

264,602

45,165

53,936

76,557

81,594

324,928

340,977

406,654

423,795

335

378

438

503

1,555

1,864

2,342

2,768

3,750

4,271

4,554

4,922

10,433

13,996

18,546

21,724

2,930

3,332

3,549

3,828

7,800

9,144

9,985

11,404

21,496

24,699

32,634

25,351

366,511

414,164

446,762

510,602

995

1,118

1,817

1,430

33,817

37,642

43,790

50,296

32

36

41

46

5,133

5,713

6,572

7,644

10,708

12,117

13,592

15,614

7,867

19,781

24,514

25,990

8,932

9,661

10,551

11,255

76,112

101,442

115,384

120,276

2,202

2,414

2,638

2,911

7,161

8,020

11,023

11,536

32,398

37,995

43,541

49,397

7,533

3,740

7,945

4,256

177,668

210,382

270,309

279,293

1,081,590

1,193,248

1,337,132

1,454,893

Tourism Characteristic Products
Accommodation services
for visitors
Food-and beverageserving services
Railway passenger
transport services
Road passenger transport
services
Water passenger
transport services
Air passenger transport
services
Transport equipment
rental services
Travel agencies and
other reservation
services
Cultural, sports and
recreational services
Country-specific tourism
characteristic goods
Country-specific tourism
characteristic services
Other Consumption Products
TOTAL

Source: Tourism Satellite Account Indonesia, 2016-2019

It can be seen that both inbound tourism expenditure and domestic tourism expenditure continued to
show an increasing trend during 2016-2019. In addition, typical expenditures for both were also
dominated by accommodation services, food-and beverage-serving services, and air passenger transport
services. The share of these three products on the inbound tourism expenditure was about 60-70 percent.
Meanwhile, the portion for the three products on the domestic tourism expenditure was around 80
percent. Another interesting thing, from table 3 it can be shown that the share of souvenirs (tourism
characteristic goods) on the domestic tourism expenditure ranked fourth. This explains the character of
Indonesian tourists who often shop at tourism destination places.
Tourism is a strategic sector where the development of this sector is considered to be able to
encourage the regional economy, including in the ASEAN region [14]. By knowing the size of indicators
related to tourism, tourism development policies can be carried out more directed. In addition to
estimating the demand side of tourism, policy makers also need to look at the potential of their country's
tourism supply. Table 4 shows the development of the supply of tourism products juxtaposed with the
value of the tourism ratio. The tourism ratio is a comparison of internal tourism consumption to tourism
supply. The greater the value of the tourism ratio, the greater the consumption of tourists for these
tourism products. Overall, there was an increase in the value of the ratio of tourism products during
2016-2019. This means that the portion of tourism consumption towards the supply of tourism products
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increased. This may be considered as a prompt indication that the demand for Indonesian tourism
products continues to increase.
Table 4 also shows that there was no tourism product with hundred percent of tourism ratio. Meaning
that not all tourism supplies were consumed by tourists. Part of the tourism supply was also consumed
by non-tourists. For instance, tourism ratio of the railway passenger transport services was about 60-70
percent. This means that around 30-40 percent of the supply of railway passenger transport services
from PT KAI was consumed by non-tourists. In practice, this can be illustrated by the activities of
residents who routinely go to work using this mode of transportation. That could be said that even though
the supply of tourism products is not entirely consumed by tourists, it does not mean that there are no
parties who use them. The supply remains depleted in economic activity even though it is used by nontourists. Table 4 shows that the suggested recommendations on the IRTS and TSA-RMF in measuring
tourism contribution provide flexibility for the data compiler and data user in the analysis of the tourism
sector. Tourism sector also could be seen from supply side, not only from demand perspective.
Table 4. Comparison between Domestic Supply of Tourism Products and Tourism Ratio in Indonesia,
2016-2019
2016
Domestic
Supply
(Billion Rp)

Tourism Characteristic Products
Accommodation
services for
285,474
visitors
Food-and
beverage-serving
753,943
services
Railway
passenger
2,915
transport services
Road passenger
66,147
transport services
Water passenger
28,215
transport services
Air passenger
397,895
transport services
Transport
equipment rental
51,503
services
Travel agencies
and other
6,086
reservation
services
Cultural, sports
and recreational
70,028
services
Country-specific
tourism
522,206
characteristic
goods
Country-specific
tourism
43,468
characteristic
services
Other Consumption
21,445,330
Product
TOTAL

23,673,211

2017
Tourism
Ratio
(%)

Domestic
Supply
(Billion Rp)

2018
Tourism
Ratio
(%)

Domestic
Supply
(Billion Rp)

2019
Tourism
Ratio
(%)

Domestic
Supply
(Billion Rp)

Tourism
Ratio
(%)

98.60

309,095

96.15

329,278

98.40

353,605

98.14

49.09

801,568

49.27

852,314

56.69

909,855

55.55

64.85

3,334

67.23

3,986

69.74

4,744

68.96

21.44

75,438

24.22

81,935

28.19

90,614

29.41

38.03

32,203

38.74

34,936

38.74

38,674

39.39

97.51

447,587

98.05

485,866

98.67

544,057

98.51

67.59

57,861

66.99

64,741

70.44

73,783

70.11

84.88

6,834

84.13

7,633

86.64

8,644

88.96

48.73

79,293

74.78

88,955

78.97

102,233

75.93

16.29

566,273

19.62

612,992

20.54

651,030

20.20

21.54

47,066

22.17

52,147

26.20

57,047

25.32

0.19

23,508,990

0.18

25,678,424

0.20

27,483,189

0.20

5.32

25,935,543

5.41

28,293,207

5.68

30,317,476

5.72

Source: Tourism Satellite Account Indonesia, 2016-2019

Table 5 shows the development of Indonesia's tourism contribution. There are three contribution
measures, GVATI, TDGVA, and TDGDP. All three showed an increasing trend of contributions during
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2016-2019, except for GVATI which had shown a decline during 2016-2018. The decline was caused
more by the growth of the value added of the non-tourism industry which was faster than the value
added of tourism industry. This is indicated by the GVATI level which always grows during this period.
The GVATI shows the contribution of the tourism industry value added to the entire gross value added
(GVA) generated in an economy. This indicator reflects the amount of tourism contribution from the
supply side. This indicator does not pay attention to whether the value added of the tourism industry is
consumed directly by tourists. In other words, the amount of tourism contribution shown in GVATI
better reflects the contribution of the tourism industry. This measures is less relevant to describe the
tourism contribution to the economy due to the lack of its ability to directly link the demand side of
tourism.
On the other hand, the measurement of the tourism contribution under TDGVA and TDGDP also
consider the tourism supply perspective and tourism demand perspective. Therefore, these two measures
are more relevant in measuring the contribution of tourism. The difference between those two measures
is the TDGVA does not include the amount of tax on tourism products. Consequently, the tourism
contribution under TDGVA approach is derived by comparing it with the total of GVA in the economy
(on the basis of the basic price). Meanwhile, the tourism contribution under TDGDP approach is
measured by comparing it with total GDP (GVA plus net tax on products).
During 2016-2019, the tourism contribution from the TDGVA approach increased. It was 4.63
percent in 2016, increased to 4.97 percent in 2019. At the same period of time, the TDGDP increased
from 4.65 percent in 2016 to 4.97 percent in 2019. Table 5 explains that the tourism contribution can be
seen from three approaches. All three measures explain certain specific issues according to the inherent
concept. This provides flexibility for interested particular parties conducting tourism analysis.
Table 5. Indonesian Tourism Contribution, 2016-2019
2016

2017

2018

2019

Value
(Billion Rp)

%

Value
(Billion Rp)

%

Value
(Billion Rp)

%

Value
(Billion Rp)

%

GVATI

849,353

7.10

925,290

7.08

996,892

7.00

1,085,447

7.15

TDGVA

553,404

4.63

609,711

4.67

698,255

4.90

753,973

4.97

TDGDP

576,758

4.65

635,277

4.67

728,791

4.91

786,182

4.97

Source: Tourism Satellite Account Indonesia, 2016-2019

5. Conclusion
To support sustainable economic development policies, the development of the tourism sector is one of
the priority alternatives that can be carried out considering that the sustainability of this sector is not
focused on exploiting natural data sources, but optimizing community creativity and empowering
Indonesia's natural beauty. Through the demand of tourism, Indonesia may gain economic growth [15]
since its natural beauty that could attract the tourist. Indonesia also has a variety of cultures that could
be utilized as a booster in order to attract tourists, especially inbound tourists [16].
The measurement of tourism contributions which is in accordance with international manuals
recommendations will facilitate the comparability of Indonesia's tourism position at the global level.
The IRTS and TSA-RMF manuals have been implemented by BPS in its calculation mechanism of the
contribution of Indonesian tourism which implemented SUT as the framework.
Indonesia's tourism contribution during 2016-2019 showed an increasing trend, in line with the
number of tourist visits and their expenditures. From the view point of supply of tourism product, the
contribution of tourism industries (GVATI) increased during 2016-2019 which means that the tourism
industry in Indonesia tried to fulfilled the demand of tourism. During that time, the contribution of
GVATI was around seven percent. This level was far above the contribution of Indonesian tourism from
the perspective of demand side as reflected by the TDGDP. In 2016 the contribution of TDGDP was
4.65 percent, increasing to 4.97 percent in 2019. One of the reasons for the difference between GVATI
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and TDGDP was that there are tourism products that were not consumed by tourist. Those products were
over supplied and then consumed by non-tourist as daily products. Through this analysis, the policy
maker could identify on what products they should promote more frequent, and which products that
already meet the demand of tourism.
Moreover, the acceleration of Indonesia's economic growth may also be achieved through the
development of the tourism sector. By paying attention to the proportion of tourism expenditure, the
government could determine the interest of tourists of the Indonesian tourism products. Meanwhile, by
paying attention to the supply of the tourism industry, the government could identify the main players
in the tourism industry so that it could be developed in accordance with the demand for tourism products.
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Abstract This study aims to determine the impact of child labor on children's health both in next
7 and 14 years. Using two health indicators, growth in height and lung capacity. Child labor
indicator is using child working hours. Three waves of longitudinal data from the Indonesian
Family Life Survey (IFLS) are used, IFLS-3, IFLS-4, and IFLS-5. In addition to the child labor
variable as the focus of this study, other variables are also used as control. The technique of
analysis used is the Instrumental Variable where the head of the household’s education as the
instrument variable. The robustness check is also performed to ensure the model. The analysis
shows that in next 7 years, child labor has less effect on health. Child labor negatively affects
height growth but does not affect lung capacity. However, in next 14 years child labor negatively
affects health, for both height growth and lung capacity. This is confirmed by the result of the
robustness check, where child labor is preponderant in next 14 years than 7 years.

1. Introduction
Child labor is a global problem that occurs not only in Indonesia but also in all countries in the world.
Child Labor is often defined as work that deprives children of their childhood, their potential and their
dignity, and that is harmful to physical and mental development. It refers to work that: (a) is mentally,
physically, socially or morally dangerous and harmful to children; and (b) interferes with their schooling
by: depriving them of the opportunity to attend school; obliging them to leave school prematurely; or
requiring them to attempt to combine school attendance with excessively long and heavy work according
to ILO [1].
Hildayani [2] ideal child development phase, age 6 to 11 years old, is a phase when a child learn
about the environment and take charge of responsibilities like adult does. The virtues of this period of
age are increased athletic ability, participation in rules-controlled games, able to think logically,
mastering the basic skills of reading, writing, and numeracy, also advancement in self-understanding,
morality, and friendships.
At the age of 11 to 18 years old is a transition phase to maturity. In this phase, physical development
occurs rapidly and puberty leads to sexual maturity. This phase is also called the adolescent phase where
it starts by establishing independence from their own and sets their personal values and goals. The main
objective in adolescent is defining their identity. Ideal conditions above might not be achieved if the
child become a laborer where their time is used to work.
The number of child workers in the Asia Pacific in 2012 is estimated at 77.72 million people with a
prevalence of 9.3 percent. However, in 2016 the number dropped to 62.07 million people with a
prevalence of 7.4 percent. The number of child laborers in Asia Pacific occupies the second largest after
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Africa according to ILO [1]. As for Indonesia, survey on the Child Labor Survey (CLS) held by BPS in
2009 instated that the number of child laborers in 2009 was 1.8 million people or 43.3 percent of working
children or 3 percent of the total child population aged 5-17 years.
Child labor can affect health, although there are many other consequences such as education. As
children aged younger than 14 years old are forced to work, the minimum consequence is the disruption
of their time to go to school or in some cases they may not be able to attend school. This condition is
aggravated by the fact that the health of child laborer is worse compared to regular children who are not
working according Todaro and Smith [3]. Age 5 to 17 years old is referred to be the periods of human
growth and development, both physically and mentally. A working child’s physic is more vulnerable
than the adults because they are still in a growing phase. Working as a child labor can affect the child’s
physical health development because the work’s done can cause accidents or illness.
Research on the health impact of child labor has been carried out in previous studies. However, not
all research results support what Todaro said. Research conducted by Kana, Phoumin, and Seichi [4] on
Whether Child Labor has a Negative Effect on Health and Education. Furthermore research by Sundjo
et al.[5] on Health Consequences for Child Labor in Cameroon found no correlation between child labor
and health. Other research conducted by O'Donnell, Rosati, and Doorslaer[6] on child labor’s health,
proven from rural area in Vietnam found that child labor has impact on health, nevertheless for women
child laborers the risk of disease increases for the next five years. Ahmed and Ray[7] about the health
consequences of child labor in Bangladesh. Farther research by Nicolella and Kassouf[8]on the Effects
and Child Labor on Children's Health in Brazil. In addition there is also Hurst[9] on Health and Child
Labor in the Agricultural Sector. The research mentioned above supports the theory conveyed by Todaro
and Smith about the negative effects of child labor on children's health.
This difference in result is not only on affecting or not but also in the period of time. In short-term,
which is around five to six years, there are differences in outcomes between child labor and health. In a
short-term research by O'Donnell, Rosati and Doorslaer[6]; Beegle, Dehejia and Gatti[10] discovered
that there is correlation between child labor and health. Nevertheless, Nicolella and Kassouf [8]
discovered the correlation between child labor and health in long-term.
The difference between the results of the research above is interesting to be discussed how the results
might be in Indonesia. This study using the Indonesia Family Life Survey (IFLS) data. This study aims
to determine the impact of child labor on children's health both in 7 and 14 years later. The instrumental
variable method is used in the research. Instrumental variable method is used because there is a reverse
causality between child labor’s working hours and health.
This research is expected to provide benefit to various parties. Providing the information on the
characteristics of child labor, the average number of working hours of child labor and others, so that it
can helps policy makers to solve child labor problems. Providing empirical evidence to policy makers
about the impact of child labor on child workers and how much impact child labor has in the next 14
years on health of the children.
2. Method
This evaluation study of the impact of child labor in next 7 and 14 years on health uses micro data, the
Indonesia Life Family Survey (IFLS). Three waves of data from the Indonesian Family Life Survey
(IFLS) are used, IFLS-3, IFLS-4, and IFLS-5. IFLS-3 was held in 2000, IFLS-4 was held in 2007, and
IFLS-5 was held in 2014. The IFLS-3 used as the base of the research on whether in 2000 the children
chosen as the survey sample were child laborers or not (seen from the working hours). About seven
years later known how the impact of health on them using the IFLS-4 data. In addition, for next 14 years
on health, using the IFLS-5 data. Using two health indicators as explained in chapter II. In addition,
robustness checks are also performed to ensure the models are made correctly.
The population in this study is all individuals of all ages that are in the IFLS data. The sample of this
study is the children, as children that has been defined in chapter II is someone aged between 5 to 17
years old. Data selection done by considering various aspects, it was found that the sample in this study
(number of children) in 2000 was 10,024 people. This study uses the same individuals in the three waves
of IFLS. As a result of the design, there will be a reduction in the number of individuals observed. This
might happen due to the possibility that the individual has form his own household or moved out of
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town, as for that individual cannot be interviewed on the next IFLS. In addition, the use of other control
variables also reduced the amount of the sample when the regression is performed.
IFLS is a longitudinal survey. Therefore, the same household will be interviewed in subsequent
surveys. This survey uses a three-stage sampling in which the first stage is taking samples in the
provincial level. The second stage is taking the enumeration area (census block) randomly and in each
enumeration area a household sample is taken. In the first phase 13 provinces are selected which
included 83 percent of the population by considering effectiveness on cost and socio-cultural diversity.
The variables used in this study are summarized in the table 1
Table 1. The operational definitions of the variables used
No
Variable
Category
(1)
(2)
(3)
Outcomes Variable (Health)
1.
Height Growth (2000 – 2007/2014)

Explanation
(4)
Formula for calculating height
𝑇𝐵
−𝑇𝐵
growth: 2007/2014 2000 × 100%
𝑇𝐵2000

2.

Lung Capacity

3.

self health
assessment (health
status)

0 = poor
1 = fair
2 = good
3 = excellent

Variable of Interest
4.
Children's working hours last week (Working
hour)
Instrument Variable
5.
Duration on education of the head of the
household (The head of the household’s
education)

(percentage)
Average individual lung capacity in
2007 and 2014 in cubic centimeters
(cc)
Used on the robustness check

The definition of child
according to SPA BPS 2009

labor

Used as Instrument variable on the
first stage of regression (in years)

Note: the control variables are males, existing of smoking member of the households, city, per capita
expenditure, number of households members, housing scores, father height and mother height

Two kind of data analysis technique methods are used in this study, instrumental variable and ordered
probit.
2.1. Instrumental Variable
The instrumental variable method is used because there is a reverse causality between child labor’s
working hours and health. Children's working hours can affect health and vice versa. In addition,
endogeneity problem might happen when there are other variables outside the model affecting the
independent variable—child labor. If there is no such problem, then the OLS, Ordinary Least Square,
regression estimation method will be more appropriate to use according to Wooldrigde[11]. The stages
in analyzing using instrumental variable are :
2.1.1. First stage regression
First stage regression is done by doing a regression between other variables (z) with the variables of
interest. The z variable in this study is the education of the head of the household and the operational
variable is the duration of education in formal schools. In other words, the education of the head of the
household variable only affects the child’s health variable through child labor. Therefore, first stage
regression must be done between the child labor variable and the education of the head of the household
variable as in the following model:

570

F Hamdani and E Sulistyaningrum

̂
𝐶ℎ𝑖𝑙𝑑
𝐿𝑎𝑏𝑜𝑟𝑖 = 𝛼0 + 𝛼1 𝐻𝑜𝑢𝑠𝑒ℎ𝑜𝑙𝑑 ℎ𝑒𝑎𝑑 𝑒𝑑𝑢𝑐𝑎𝑡𝑖𝑜𝑛 𝑖 + 𝛾𝑗 𝑆𝑗𝑖 + 𝜀𝑖

(1)

In order to proceed to the second stage, the duration of education of the head of the household regression
must significantly affect child labor.
2.1.2. Second stage regression
If the results of the first stage regression is significant, then it can proceed to the second stage regression
where the regression model is as follows:
̂
𝐻𝑒𝑎𝑙𝑡ℎ𝑖𝑗 = 𝛽0 + 𝛽𝑗 𝐶ℎ𝑖𝑙𝑑
𝐿𝑎𝑏𝑜𝑟𝑖 + 𝛾𝑗 𝑆𝑗𝑖 + 𝜇𝑖

(2)

2.1.3. Endogeneity test
Endogeneity test is done to see whether the independent variable (x) has a relationship with other
variables outside the model (u). The endogeneity test used is the Wu-Haussman test. If there is a
relationship between other variables outside the model, then the use of instrumental methods is
appropriate. The endogeneity test is as follows:
1. H0 = exogenous variable
H1 = endogenous variable
2. α = 5%
3. Reject H0 if p-value ≤ α
The expected result is rejecting H0 so that the use of instrumental variable is appropriate. If the test
results do not reject H0 then it is more appropriate to use OLS as a method for estimating β1 (Wooldrigde
2016, 514)
2.1.4. Relevance test

Relevance test is important because the use of instrumental variable (z) must be strongly

correlated with independent variable (x). The relevance test follows the F distribution. As we said before,
weak instrument variable increasing bias. The relevance test is as follows:
1. H0 = Weak instrument variable
H1 = Strong instrument variable
2. α = 5%
3. Reject H0 if p-value ≤ α
In the relevance test expected result is to reject H0, meaning that the instrument variable used is
strong. This means that the z variable can explain the variation of x variable.
2.2. Ordered probit
Probit regression model is used when the dependent variable of the model is categorical, because the
response of the response variable is categorical. Therefore, a cumulative distribution function (CFD)
must be used.
−𝑧2
2

𝐹(𝑆𝑖 ) =

𝑠
1
∫𝑖
√2𝜋 −∞

𝐹(𝑆𝑖 ) =

𝛽1 +𝛽2 𝑋𝑖
1
∫
√2𝜋 −∞

𝑒

(3)

𝑑𝑧
𝑒

−𝑧2
2

𝑑𝑧

(4)

Probit used in this research uses more than two categories. There are four categories: poor, fair, good
and excellent. Regression with ordered probit only interprets the direction and significance does not
interpret the values of β1 according to Cameron and Trivedi[12]. This regression is used for robustness
check as a control of the model used on the main variable. The Probit Model used is as follows:
𝐻𝑒𝑎𝑙𝑡ℎ𝑖 = 𝜃0 + 𝜃1 𝐶ℎ𝑖𝑙𝑑 𝐿𝑎𝑏𝑜𝑟𝑖 + 𝛾𝑗 𝑆𝑗𝑖 + 𝜇𝑖

(5)
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3. Results And Evaluation
3.1. The impact of child labor in next 7 and 14 years later
3.1.1. First Stage of Regression
Table 2 explains the output of data processing for the first step regression between the head of the
household's education and working hours of child labor.
Table 2. First stage regression tables of children's working hours for height growth in next 7 and
14 years.
Dependent Variable=working hour
the head of the household’s
education
Control variable added
N

Parameter Estimation
7 years
14 years
-0.2029612***
-0. 3009813***
(0.0355288)
(0.0554112)
Yes
Yes
3927
2532

Control variables are males, existing of smoking member of the households, city, per capita expenditure,
number of households members, housing scores, father height and mother height
Significance levels are, respectively, 0.5% (***), 1% (**) and 5% (*).
Sources: IFLS-3, IFLS-4 and IFLS-5

The parameter estimation result shows that the head of the household’s education variable
significantly affects children's working hours as well as its direction, where the longer the head of the
household’s education in formal education will reduce the working hours of child labor by 0.20 hours.
This is in line with previous research on working hours of child labor by Dimeji and Carter [13]. Results
that did not differ from the first stage regression for lung capacity indicator, in which the duration on
education of the head of the household significantly affect the children's working hours. These results
indicate that the regression can be proceed to the second stage.
As well as the next 7 years regression, the first stage regression in next 14 years shows no different
from next 7 years. The regression result shows that the duration on education of the head of the
household in formal schools significantly affect children's working hours in a negative direction. The
negative direction means that the higher the duration on education of the head of the household in formal
schools, the lower children’s working hours. Meanwhile, the coefficient shows that on average the
increase of one-year duration on education of the head of the household in formal education will reduce
children's working hours by 0.30 hours (ceteris paribus).
3.1.2. Second Stage of Regression
Second stage regression can only be done if the first stage regression is significant. This second stage
regression provides answers whether there is a relationship / impact between child labor and health
indicators and how much if there is a relationship / impact. The results of regression with instrumental
variables will be compared with OLS regression to get a comparison.
Table 3 explains the output of data processing for the second step regression between working hours
of child labor and height growth and Lung Capacity in the 7 years later.
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Table 3. Second stage regression table for indicators of height growth and lung capacity in the 7
years later.
Instrumental Variable=household
OLS
head education
Variable
Height
Lung
Lung
Height Growth
Growth
Capacity
Capacity
(1)
(2)
(3)
(4)
(5)
working hour
-1.072***
0.365
-0.433***
1.072
(0.307)
(1.892)
(0.0252)
(0.652)
Control
Yes
Yes
Yes
Yes
variable added
N
3927
3646
3927
3646
R-sq
.
0.306
0.109
0.309

Control variables are males, existing of smoking member of the households, city, per capita expenditure,
number of households members, housing scores, father height and mother height
Significance levels are, respectively, 0.5% (***), 1% (**) and 5% (*).
Sources: IFLS-3, IFLS-4 and IFLS-5

The result of the second stage shows the impact of children's working hours on two health indicators
with the t-test at the 5% level indicate that children's working hours in the past significantly affects the
children's height growth. One hour increase of the children's working time in a week on average will
reduce the children’s height growth by 1.072 percent (ceteris paribus). Nonetheless, the result shows
children's working hours does not significantly affect lung capacity in next 7 years.
Table 4 explains the output of data processing for the second step regression between working hours
of child labor and height growth and Lung Capacity in the 14 years later.
Table 4. Second stage regression table for indicators of height growth and lung capacity in
next 14 years
Instrumental Variable=
OLS
household head education
Variable
Height
Lung
Height
Lung
Growth
Capacity
Growth
Capacity
(1)
(2)
(3)
(4)
(5)
working hour
-1.651***
-3.795*
-0.433***
0.200
(0.378)
(1.533)
(0.0318)
(0.133)
Control
Yes
Yes
Yes
Yes
variable added
N
2532
2590
2532
2590
R-sq
0.379
0.135
0.539
Control variables are males, existing of smoking member of the households, city, per capita
expenditure, number of households members, housing scores, father height and mother height
Significance levels are, respectively, 0.5% (***), 1% (**) and 5% (*).
Sources: IFLS-3, IFLS-4 and IFLS-5

The result of the second stage shows the impact of children's working hours on health indicator with
the t-test at the 5% level indicate that children's working hours in the past significantly affects the
children's height growth. One hour increase of the children's working time in a week on average will
reduce the children’s height growth by 1,651 percent (ceteris paribus).
Result shown by the t-test at the 5% level indicates that in next 14 years children's working hours in
the past significantly affects lung capacity. One hour increase of the children's working time in a week
on average will reduce the children’s lung capacity by 3,795 cc (ceteris paribus). In Chapter II explained
that the normal inspiratory and expiratory capacity is 350cc, meaning that reduction in lung capacity in
next 14 years is 1.08 percent if there is an increase in children's working hours.
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3.1.3. Endogeneity test
Endogeneity test used is the Wu-Hausman test. Endogeneity test is performed for all health indicators
which use instrumental variable method. The decision to accept or reject the null hypothesis is made
based on the p-value result given by the test. The null hypothesis in this test is the child working hour
variable which is an exogenous variable. The null hypothesis is rejected if the p-value is less than 0.05.
Test result for both indicators in next 7 and 14 years can be seen in Appendix 1. In next 7 years the
endogeneity test result shows that the null hypothesis for height growth is rejected but the null hypothesis
for lung capacity is not rejected. This means that there is an endogeneity problem on child labor’s height
growth, while for child labor’s lung capacity there is no endogeneity problem. Therefore, it is more
appropriate to use regression with OLS rather than instrumental variable. However, the regression with
OLS shows that children's working hours had no significant effect on lung capacity (see Table 3).
In next 14 years, the endogeneity test result is rejecting the null hypothesis for both health indicators
(Appendix 1). Meaning, there is an endogeneity problem for both child labor’s health indicators.
Therefore, it is more appropriate to use regression with instrumental variable.
3.1.4. Relevance Test
The null hypothesis in this test is the instrument variable which is weak. To gain unbiased estimation
result, in this test the researcher wants the decision obtained is to reject the null hypothesis. The null
hypothesis is rejected if the p-value is less than 0.05.The result indicates that the instrument variables
used are strong (see Appendix 2). This is because the p-value is less than 0.05, so the decision taken is
to reject the null hypothesis for all health indicators both in next 7 and 14 years. The conclusion is the
education of the head of the household is strongly correlated with working hours of child labor, so that
the education of the head of the household is suitable to use as an instrument variable.
3.2. Robustness Check
Robustness check is used to test the validity of the model that has been obtained. This test is to convince
researchers that the conclusions drawn are correct. This Robustness check uses the ordered probit
regression used because this regression independent variable is categorical data about tiered
independent health assessment. Table 5 explains the output of data processing ordered probit regression
between working hours of child labor and health status in 7 and 14 years later.
Table 5. Ordered probit regression working hours of children to health status for the 7 and
14 years later
Health status
Variabel
7 years
14 years
(1)
(2)
(3)
Working Hours
-0.00183
-0.00304*
(.00126)
(0.00144)
Control variable added
Yes
Yes
N
7781
4249
R-sq
.
.

Control variables are male, urban, existing of smoking member of the households, house score,
number of the household members, per capita expenditure
Significance levels are, respectively, 0.5% (***), 1% (**) and 5% (*).
Sources: IFLS-3, IFLS-4 and IFLS-5

It can be concluded that in next 7 years there is no correlation between children's working hours and
health status. The minus sign on the coefficient indicates the greater working hours of child labor, the
probability of becoming healthier is going to zero. Meaning, the children is getting unhealthy. In contrast
to next 7 years, in next 14 years there is significant correlation between child labor and health status.
The minus sign on the coefficient indicates the greater working hours of child labor, the chance of
becoming healthier is going to zero.
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4. Conclusions
Based on the discussion, it can be concluded as follows:
1. In next 7 years, children's working hours negatively significant affect children's growth, but do not
significantly affect lung capacity.
2. In next 14 years, children's working hours negatively significant affect children's health. This is
shown by the higher children’s working hours, both child's growth and lung capacity decreases.
From both two points above child labor is hazardous for children’s future. This is because the impact
of child labor on health cannot be seen in the next 7 years, but will only be seen in next 14 years. This
may not be realized by children or parents of the children, as they thought there is no effect on health
caused by their current activities. Thus, there are effects of child labor on health the government should
prohibit child labor activities and children exploitation in any kind of form. This study found that the
factor of household head's education significantly affect the working hours of children so to reduce the
work hours of child laborers can be done by educating the head of the household about the dangers affect
by child labor through counseling and conference to their parent or household heads.
5. Appendices
1. Result of Endogeneity Test (Wu-Hausmann)
H0 = exogenous variable
H1 = endogenous variable
Dependent
Variable

7 years

14 years

Height
Growth

Lung
Capacity

Height
Growth

Lung Capacity

F table

3,843834

3,844018

3,845150

3,845067

F calculate

4,81448

0,138765

15,592

8,89706

Reject H0

Not Reject
H0

Reject H0

Reject H0

endogeneity
occurs

no
endogeneity

endogeneity
occurs

endogeneity
occurs

Decision
Conclusion

2. Result of Relevance Test
H0 : Weak instrument variable
H1 : Strong instrument variable

Dependent
Variable

7 years

14 years

Height

Lung

Height

Lung

Growth

Capacity

Growth

Capacity

F tabel

3,843834

3,844018

3,845150

3,845067

F calculate

32.6336

30.5495

29.5042

30.5841

Decision

Reject H0

Reject H0

Reject H0

Reject H0

Conclusion

strong
instrument
variable

strong
instrument
variable

strong
instrument
variable

strong
instrument
variable
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3. Robustness Check
Variable
(1)
working hour
male
urban
house score
number of the
household members
existing of smoking
member of the
households
per capita
expenditure
_cons1
_cons2
_cons3
N
R-sq

Health Assessment
7 years
14 years
(2)
(3)
-0.00183
-0.00304*
(.00126)
(0.00144)
0.130***
0.167***
(0.0279)
(0.0359)
-0.0825*
0.00440
(0.0287)
(0.0363)
0.00863
0.0213
(0.00936
(0.0143)
-0.0140*
-0.00228
(0.00461)
(0.00545)
-0.115***
(0.0306)

-0.0669
(0.0410)

-0.000647
(0.000548)
-3.140***
(0.124)
-1.414***
(0.0812)
0.0953***
(0.0803)
7781
.

-0.00114
(0.00097)
-2.409***
(0.129)
-1.039***
(0.116)
0.829***
(0.116)
4249
.
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Abstract. Hotel Occupancy Rate is one of the important leading indicators for calculating the
Accommodation Sub-Category of Gross Regional Domestic Product (GRDP). By the extreme
decline of the Hotel Occupancy Rate data due to COVID-19 and the unavailability of current
data to counting GRDP quarterly, the Hotel Occupancy Rate prediction needs to do with the
appropriate forecasting method. The authors use data from Google Trends as an additional
variable in predicting the Hotel Occupancy Rate using the ARIMAX model and then compares
it with the ARIMA model. The results showed that the ARIMAX model had better accuracy than
ARIMA, with a MAPE value of 9.64 percent and an RMSE of 4.21 percent. This research
concluded that if there is no change in government policy related to social restrictions until the
end of the year, the ARIMAX model predicts the December 2021 Hotel Occupancy Rate of 38.59
percent.

1. Introduction
From March 2020 until now, all regions in Indonesia have been hit by the COVID-19 pandemic,
including Riau Province. As of July 31 in 2021, there were 97,123 confirmed COVID-19 cases in Riau
Province, as shown in Figure 1[1]. With a high spike in cases, the government implemented a
community activity restriction policy to prevent the spread of COVID-19. However, the policy has
disrupted the social and economic activities of the community. This has resulted in Gross Regional
Domestic Product (GRDP) decreasing in various industries, including the hotel industry.
Badan Pusat Statistik (BPS) calculates GRDP quarterly in all industries. The hotel industry in GRDP
is recorded in the Accommodation Sub-Category. To calculate this sub-category, we need one of the
leading indicators, the Hotel Occupancy Rate. BPS collects Hotel Occupancy Rate data with coverage
of star hotels with a release schedule one month after the data collection month ends. During the COVID19 pandemic, this indicator experienced an extreme decline. This condition is in line with the decrease
in tourist visits in several regions[2]. In Figure 2, we can see that the Hotel Occupancy Rate decreased
drastically in April 2020. This is due to Riau Provincial Government issued a policy that refers to the
Minister of Transportation Regulation No. 25 of 2020, which is closing access to airports and seaports
for passenger departures/arrivals from and to neighboring countries (Malaysia and Singapore). This
policy has resulted in a decrease in tourist visits and stays at the hotel. In line with the loosening of the
policy on restricting community activities, the Hotel Occupancy Rate indicator is slowly starting to
increase even though it has not been fully normal until today.
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Figure 1. Riau Province Covid-19 Cases.
HOTEL OCCUPANCY RATE
OF RIAU PROVINCE
60
50
40
30
20
10
0

01 03 05 07 09 11 01 03 05 07 09 11 01 03 05 07 09 11 01 03 05 07
2018

2019

2020

2021

Hotel Occupancy Rate (%)

Figure 2. Hotel Occupancy Rate of Riau Province
The COVID-19 pandemic has caused the Hotel Occupancy Rate indicator to experience an extreme
decline. Meanwhile, the need for availability of the latest data of this indicator for GRDP calculation
has a month lag releases. Based on this issue, a forecasting method is needed to get the latest prediction
numbers and predict extreme data conditions. There are several studies related to forecasting Hotel
Occupancy Rates. Rahma (2021)[3] was predicting West Sumatra Hotel Occupancy Rate using ARIMA.
Silalahi (2015)[4] predicts Hotel Occupancy Rate by comparing the ARIMA method with the Transfer
Function. Ramadiani, et al.(2019)[5] were predicting Hotel Occupancy Rate using Double Exponential
Smoothing in East Kalimantan.
In forecasting, the time series method widely used is Autoregressive Integrated Moving Average
(ARIMA). ARIMA is a suitable statistical method for predicting a variable quickly, simply, cheaply,
and accurately cause it requires only one variable. ARIMA is also known as the Box-Jenkins time series
method that consists of three models that are: Autoregressive (AR), Integration (I), and Moving Average
(MA)[6]. The development of the ARIMA model using additional variables is known as the
Autoregressive Integrated Moving Average with Exogenous Variable (ARIMAX). The ARIMAX
model can be an option if we suspect that other variables can help explain the model characterized by
increasing accuracy values[7].

579

F A Rizalde et al.

A study using the ARIMAX model was conducted by Ayuningtyas & Wirawati (2019)[8]. In their
study, ARIMAX is more accurate than the time series regression method in predicting the Hotel
Occupancy Rate in Indonesia, as evidenced by the smaller RMSE and MAPE values. They use the GT
Index as an exogenous variable because it is related to the current activity that is happening and can help
predict the next period's data release. Based on this research, we use the GT Index to forecast the Hotel
Occupancy Rate in one of the regions, Riau Province. We will compare the ARIMA forecasting method
with ARIMAX to determine the best model for forecasting the Hotel Occupancy Rate of Riau Province.
2. Methodology
2.1 Data
The data used in this study is the Riau Province Hotel Occupancy Rate as a response variable and GT
Index data as an additional variable or exogenous variable:
1. Hotel Occupancy Rate is the level of efficiency and productivity of a hotel in a certain place in a
certain period[9]. Hotel Occupancy Rate is a comparison of the number of room nights used with the
number of available room nights. If the Hotel Occupancy Rate is high, then the hotel accommodation
in an area is in high demand by visitors. On the contrary, if the Hotel Occupancy Rate is low, then
the accommodation in an area is less attractive to visitors[10]. Hotel Occupancy Rate is one of the
leading indicators because it will determine the direction and magnitude of the Accommodation SubCategory. The Hotel Occupancy Rate period used in this study is January 2018 to July 2021.
2. Google Trends was first released in 2006. It is available in a web search statistics graph that displays
the popularity of search topics over a certain period that can show by city, region, or period. Google
trends data have characteristics that are part of the characteristics of big data[11]. The GT index was
obtained from google trends web[12]. The number of keywords that appear is displayed in the form
of an index with a value range of 0-100. A value of 100 indicates that the search was at its peak of
popularity in the selected search period. In this study, GT Index data was used for the period January
2018 to July 2021. Before we decide the right keywords as additional variables to predict Hotel
Occupancy Rate, we carried out several stages of collecting Index data Google Trends:
a. Gather some keywords related to accommodation services.
b. Adjust the search data set by selecting the location of Riau Province.
c. Compare the search interest rate of selected keywords.
d. Testing the correlation between Hotel Occupancy Rate and selected keywords.
Selected keywords are obtained from keywords with the highest index. The index value reflects the
search interest in a particular topic[13]. Searches that have a high relation with a keyword will have
also has a high search interest. To support the selection of keywords, the authors tested the level of
correlation with the main variable, Hotel Occupancy Rate.
2.2 Research steps
There are several stages of research to forecasting by comparing the ARIMA and ARIMAX models, as
follows:
1. Plot time-series data
2. Stationarity test with Augmented Dickey-Fuller (ADF) test. Differencing the data while it is not
stationary
3. Identify the ARIMA model from the PACF and ACF plot
4. From the ARIMA model formed, a significant parameter test is conducted and the selection of the
best criteria with the smallest AIC value and diagnostic model checks on residual.
5. Next, for ARIMAX modeling, do a stationarity test for the exogenous variables used. Differencing
the data while it is not stationary
6. Perform ARIMAX modeling, using the best ARIMA model and stationary exogenous variables
7. Perform significant parameter tests and model diagnostic checks on the residuals from the model
ARIMAX.
8. Forecasting with ARIMA and ARIMAX model
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9. Check forecasting accuracy using RMSE and MAPE to determine the best model in the
identification of forecast results
10. Conclude the results of the analysis.
2.3 Pearson Correlation (Product Moment)
We need additional variables when forecasting with the ARIMAX model. In this study, we use the GT
Index. A correlation test between Hotel Occupancy Rate and selected keywords is needed to know the
relationship between two variables. Correlation analysis can see the strength and the direction between
two variables[14]. The positive correlation indicates the relationship of variables is moving in the same
direction, while the negative correlation indicates the relationship of variables is not moving in the same
direction. One of the correlation coefficients used is the Pearson Correlation (Product Moment), where
the data used in this correlation is at least an interval scale. A strong relationship between two variables
is achieved if the Pearson correlation value is between 0.61-0.80 and the correlation will be very strong
if the correlation coefficient is 0.81-1.00[14].
2.4 Forecasting
Forecasting is a method for predicting some future event. Forecasting can be in the short, medium, and
long term. Short-term forecasting can predict daily, weekly, or monthly for the period to come. The
medium-term can predict for a period of one to two years to come. The long term can predict more than
two years. Forecasting with short and medium-term needs to look at the historical data patterns of the
previous period and identify the model. Statistic methods can use in conducting short and medium-term
forecast[15].
The time series analysis method is an analytical technique in forecasting. One of the methods is the
Autoregressive Integrated Moving Average (ARIMA). The ARIMA method is a more appropriate
method to be used in short-term time forecasting, where the data used must be stationary [16]. The
development of the ARIMA model using additional variables is known as the Autoregressive Integrated
Moving Average with Exogenous Variable (ARIMAX) method. The ARIMAX model can be used, if it
is suspected that other variables can help explain the model by increasing the value of accuracy[7].
2.5 Autoregressive Integrated Moving Average (ARIMA)
In theory, the ARIMA model is one of the best in forecasting time series data. This stage in forecasting
modeling includes a pair of models that meet, estimate parameters, and verifies the model[17]. ARIMA
modeling is composed of three time-series models that are: autoregressive (AR), moving average (MA),
and autoregressive moving average (ARMA). The model can be used if the time series data has met the
assumption of stationarity.
When the data is not stationary, it is necessary to do differencing to make the non-stationary data
stationary[18]. So the general model of ARIMA consists of order p as AR, order d as differencing, and
q as order MA. So the equation model of ARIMA (p, d, q) is as follows [19]:
𝜙𝑝 (𝐵)(1 − 𝐵)𝑑 𝑌𝑡 = 𝜃𝑞 (𝐵)𝑎𝑡

(1)

where:
(1 − 𝐵)𝑑

= differencing

𝜙𝑝 (𝐵) = (1 − 𝜙1 𝐵 − ⋯ − 𝜙𝑝 𝐵𝑝 )

= the parameters of AR

𝜃𝑞 (𝐵) = (1 − 𝜃1 𝐵 − ⋯ − 𝜃𝑞 𝐵𝑞 )

= the parameters of MA

𝑎𝑡

= residual at time-t

After the data used is stationary, we can continue to identify the ARIMA model. We used plots of
the autocorrelation function (ACF) and partial autocorrelation function (PACF) to determine the
possible order of ARIMA models[6]. PACF identifies the AR model and ACF identifies the MA model.
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2.6 Autoregressive Integrated Moving Average with Exogenous Variable (ARIMAX)
ARIMAX is a forecasting model where it is the expansion of the ARIMA model[20]. ARIMAX uses
additional variables in forecasting. Lingga, et al.(2019)[7] forecasted tourist arrivals to tourist attractions
with the GT Index using the ARIMAX model, where the parameters were obtained from the ARIMA
model parameters that had fulfilled all the assumptions tests. In general, the form of the ARIMAX model
(p,d,q) is,
𝜙𝑝 (𝐵)(1 − 𝐵)𝑑 𝑌𝑡 = 𝜃𝑞 (𝐵)𝑎𝑡 + 𝛽1 𝑋1,𝑡 + 𝛽2 𝑋2,𝑡 + ⋯ + 𝛽𝑝 𝑋𝑝,𝑡

(2)

where:
(1 − 𝐵)𝑑 𝑍𝑡

= differencing

𝜙𝑝 (𝐵) = (1 − 𝜙1 𝐵 − ⋯ − 𝜙𝑝 𝐵𝑝 )

= the parameters of AR

𝜃𝑞 (𝐵) = (1 − 𝜃1 𝐵 − ⋯ − 𝜃𝑞 𝐵𝑞 )

= the parameters of MA

𝑎𝑡

= residual at time-t

𝑋𝑝,𝑡

= exogenous variables

𝛽𝑝

= coeficients of exogenous variables

The steps taken in the identification of the ARIMAX model are as follows[7]:
1. Determine additional variables as external variable/exogenous variables
2. Perform ARIMA modeling on the main variables used
3. From the ARIMA model that has been selected, proceed to the ARIMAX modeling stage.
2.7 Stationarity and differencing
In forecasting, the data time series used must be able to satisfy the assumption of stationarity to use
forecasting models. To be able to test whether the data used have met the assumption of stationarity,
we use Augmented Dickey-Fuller (ADF) [20]. The hypothesis of the test is,
𝐻0 : there is a unit root in the data (data is not stationary)
𝐻1 : there is no unit root in the data (data is stationary)
̂

∅−1
̂ is the estimate for the AR parameter and 𝑠𝑑(∅
̂)
The ADF test is formulated as 𝑡𝑐𝑜𝑢𝑛𝑡 = 𝑠𝑑(∅̂ where ∅
)

is the standard deviation of the AR parameter estimate. We reject 𝐻0 if the p-value < α (significant level)
used is 0.05. When the data used does not meet the assumption of stationarity, it is necessary to do
differencing until the data is close to stationary.
2.8 Parameter significant test
To find out the formed model can be used, the parameter significance test is carried out with the
hypothesis:
𝐻0 : Parameters in the model are not significant
𝐻1 : Parameters in the model are significant

Conclusion criteria, 𝐻0 is rejected if p-value < α (significant level) used is 0.05. It can be concluded
that the parameters in the model are significant. If there are many possible models formed and all
parameters are significant, we can use the minimum value of Akaike Information Criteria (AIC) as the
best model selection criteria[20]. The AIC calculation formula is given by equation (3),
𝐴𝐼𝐶 = −2 𝑙𝑜𝑔(𝑚𝑎𝑥𝑖𝑚𝑢𝑚 𝑙𝑖𝑘𝑒𝑙𝑖ℎ𝑜𝑜𝑑) + 2𝑘

(3)

Where k is p+q+1 if the intercept is constant or p+q if the intercept is not constant.
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2.9 Model diagnostics test
To identify whether the obtained model is appropriate for use, it needs to do test the suitability of the
model which includes residual autocorrelation and residual normality tests.
2.9.1 Residual autocorrelation test
To test the residual autocorrelation, the Ljung-Box test statistic can be used, with the hypothesis:
𝐻0 : 𝜌1 = 𝜌2 = ⋯ = 𝜌𝑚 = 0 (there is no autocorrelation until the residue until the m-th lag)
𝐻1 : at least one 𝜌𝑖 ≠ 0 for i=1,2, …, m (at least one lag residue has autocorrelation)
̃2
𝜌

𝑘
The Ljung-Box test is formulated as 𝑄 = 𝑇(𝑇 + 2) ∑𝑚
𝑘=1 𝑇−𝐾, where T is the amount of data, k as the
number of lags, 𝜌̃𝑘 shows autocorrelation of the k-th sample lag and the maximum tested m lag.
Conclusion criteria 𝐻0 is accepted if the p-value > α (significant level) used is 0.05.

2.9.2 Residual normality test
To test the normality of the residuals in the model, one of them can use the Shapiro-Wilk test, with the
hypothesis:
𝐻0 : residual in a normal distributed model
𝐻1 : residuals in the model are not normal distributed
Conclusion criteria, H0 is accepted if p-value > α (significant level) used is 0.05.
2.10 Forecasting accuracy
To determine the best forecasting of the ARIMA and ARIMAX models, we compare the value of Root
Mean Squared Error (RMSE) and Mean Absolute Percentage Error (MAPE). The best model is the one
with the smallest RMSE and MAPE values. RMSE is the root of the sum of the difference between the
actual value and the forecast value then it is divided by the amount of data[21]. MAPE states the
percentage error of forecasting results. MAPE value <10% indicates that the model is better to be used
by a forecasting model [22]. The RMSE calculation formula is given by equation (4)
𝑇

∑ (𝑦 −𝑦̅ )
RMSE = √ 𝑡=1 𝑇𝑡 𝑡

2

(4)

And the MAPE calculation formula is given by equation (5)[15]:
MAPE =

∑𝑇
̅𝑡 )/𝑦𝑡 |
𝑡=1|(𝑦𝑡 −𝑦
𝑇

× 100

(5)

Where:
𝑦𝑡
= actual value of t-th data
𝑦̅𝑡
= forecast value of t-th data
𝑇
= time period
3. Results and discussion
Based on Figure 3, it can be seen the value of Hotel Occupancy Rate Hotels in Riau experienced an
extreme decline in April 2020. The reason was that the Riau Provincial government issued a policy to
close the airport and seaport access for passenger departures/arrivals from and to neighboring countries
(Malaysia and Singapore). The Hotel Occupancy Rate figure began to increase slowly. That is in line
with the easing of government policies regarding social restrictions.
From the results of the visualization of the data plot, it can be seen that the data pattern does not
match the stationary pattern, the form of data not being at a constant mean (mean). Proving the data is
stationary or not, a unit root test can be performed Augmented Dickey-Fuller (ADF).
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Figure 3. Hotel Occupancy Rate Plot
3.1 Stationarity test
From the results of the ADF test, the Riau Hotel Occupancy Rate data showed the p-value (0.266) >
alpha (0.05). That means that 𝐻0 is accepted, it can be concluded that the data Hotel Occupancy Rate in
Riau is not stationary. Therefore, it is necessary to do differencing to stationary the data.
3.2 Differencing
From the results of the ADF test on data that has been differencing first-order, it shows that the p-value
(0.05573) > 0.05. That means that the data is not stationary. We need to do the second-order differencing.
The test results showed a p-value (0.01) < 0.05 and 𝐻0 is rejected. Based on this result, we can continue
the ARIMA identification model with the second-order differencing data.
3.3 ARIMA model identification
The ACF and PACF plots of the second-order differencing data can be used to determine the ARIMA
model formed. The ACF and PACF plots are given in Figure 4:

Figure 4. ACF and PACF plots
The ACF plot shows the lag that crosses the lower limit line on the first lag, meaning there is a
process of moving average order 1 or MA(1). The results The PACF plot shows the lag that crosses the
lower boundary line on the first and second lags, meaning that there is a process of autoregressive order
1 and 2 or AR (1) and AR (2). Due to the second-order differencing, we define d = 2. Then, the ARIMA
model that has been selected is a mixed model of ARIMA (p, d, q). ARIMA models that may be formed
are ARIMA (1,2,1) and ARIMA (2,2,1).
3.4 Parameter significant test
Based on the results of the significant parameter test, the ARIMA (1,2,1) and ARIMA (2,2,1) models
showed that all parameters were significant. It can be indicated by using the p-value of all parameters
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that are smaller than 0.05. The AIC values are 308.53 and 292.67, respectively. Based on the results of
the significant parameter test, both models have significantly overall parameters. We found the smallest
AIC value is given using the ARIMA model (2,2,1). Then the model that will be used for the next stage
of analysis, the parameter coefficient values, and significant parameters are given in table 1.
Table 1. ARIMA (2,2,1) Model Parameter Estimation Results
AR (1)
Est.
Pr (>|z|)
-0.894 < 0.000

AR (2)
Est.
Pr (>|z|)
-0.617 < 0.000

MA (1)
Est.
Pr (>|z|)
-0.999 < 0.000

3.5 ARIMA model diagnostic test
Using the ARIMA model (2,2,1), the results of the diagnostic test model are as follows:

a. Residual Autocorrelation Test (White Noise)
The test results show the p-value > 0.05, then the model residual of the Riau Hotel
Occupancy Rate data has no autocorrelation (white noise).
b. Residual Normality Test
Based on the results of the normality test with the Shapiro-Wilk test, was found the p-value
> 0.05. It was concluded the residual data had a normal distribution.

Residual autocorrelation test values and residual normality of the ARIMA model are given in table 2.
Table 2. ARIMA (2,2,1) Model Diagnostic Test Results
Residual Autocorrelation
Chi-Squared
P-value
29.312
0.2086

Residual Normality
W
P-value
0.97482
0.4879

3.6 Selection of Keywords for Exogenous Variables
After selecting the location set for Riau Province, keyword information related to accommodation
services was collected from January 2018-July 2021 and several popular keywords were obtained:
''hotel'', ''akomodasi'', ''booking'', '' penginapan'', ''homestay''. The graph of the popularity of the five
keywords can be seen in Figure 5,
KEYWORD POPULARITY COMPARISON
FROM GOOGLE TREND INDEX

01 03 05 07 09 11 01 03 05 07 09 11 01 03 05 07 09 11 01 03 05 07
2018
Hotel

2019
Akomodasi

2020
Boking

Penginapan

2021
Homestay

Figure 5. Keyword Popularity Comparison From Google Trend Index
From the graph, it can be seen that the keyword “hotel” has the highest popularity. Furthermore, to test
whether the keyword "hotel" has a strong relationship with the Hotel Occupancy Rate variable, a
correlation analysis was carried out with the five selected keywords with the Hotel Occupancy Rate data.
The results of the correlation analysis with Pearson are given in table 3.
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Table 3. Correlation Analysis Using Pearson Correlation
TPK (%)
1.0000
0.8233
-0.1303
0.5746
0.4627
0.3202

TPK (%)
hotel
akomodasi
boking
penginapan
homestay

hotel

akomodasi

boking

1.0000
-0.1390
0.6625
0.5298
0.4961

1.0000
-0.0538
-0.0085
0.0785

1.0000
0.4874
0.3897

penginapan homestay

1.0000
0.2886

1.0000

From table 3, we know that the keyword "hotel" has a correlation value with the Hotel Occupancy
Rate data of 0.8233. This value can be considered as a very strong correlation. Thus, this keyword is
used as an exogenous variable in ARIMAX modeling.
3.7 ARIMAX model identification
ARIMA (2,2,1) has been fulfilled all assumptions that used to build ARIMAX (2,2,1) modeling with the
addition of an exogenous variable, namely the GT Index with the keyword "hotel" in Riau Province.
Before ARIMAX modeling, the GT Index as an exogenous variable must meet the assumption of
stationarity. ARIMAX modeling is possible if the differencing response variables and exogenous
variables are in the same order. Since the Hotel Occupancy Rate differencing is stationary on the second
order, then the second-order differencing is performed for the GT index data. The results of the
differencing test for the GT index exogenous variable have met the stationarity test where the p-value
(0.01) < 0.05.
Furthermore, the GT index can be used as an exogenous variable in ARIMAX modeling (2,2,1).
After testing the significance of the parameters, we found that the ARIMAX model parameters (2,2,1)
were significant in the model shown in table 4 (p-value < 0.05). The ARIMAX (2,2,1) model can be
continued to the next analysis stage.
Table 4. ARIMAX (2,2,1) Model Parameter Estimation Results
AR (1)

AR (2)

Est.

Pr (>|z|)

Est.

Pr (>|z|)

-0.997

< 0.000

-0.629

< 0.000

MA (1)
Pr
Est.
(>|z|)
< 0.000
0.999

Var Eksogen
Pr
Est.
(>|z|)
0.216

0.00083

3.8 ARIMAX model diagnostic test
Based on the ARIMAX model that has met the significant parameter assumptions, then the residual
assumption test is carried out by testing the residual autocorrelation (white noise) and residual normality.
Using the ARIMAX (2,2,1) results of the test model, the diagnostic model results are as follows:

a. Residual Autocorrelation Test (White Noise)
Based on the L-Jung Box test, the p-value result is > 0.05. That means that the residuals in
the Riau Hotel Occupancy Rate and Google trend data have no autocorrelation (white
noise).
b. Residual Normality Test
Based on the Shapiro-Wilk test, the p-value result is > 0.05. That means that the residual
data of Riau Hotel Occupancy Rate and Google trend are normal distribution.

The residual autocorrelation test values and residual normality of the ARIMAX model are given in table
5. The ARIMAX model (2,2,1) has satisfied the test and then can predict the value of the Hotel
Occupancy Rate in the five next months.
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Table 5. ARIMAX (2,2,1) Model Diagnostic Test Results
Residual Autocorrelation
Chi-Squared
P-value
28.856
0.2256

Residual Normality
W
P-value
0.95714
0.1248

3.9 Forecasting
Using the ARIMA (2,2,1) and ARIMAX (2,2,1) models, the forecasting results for August-December
2021 are obtained and presented in the table below:
Table 6. Result of Forecasting
Period
August 2021
September 2021
October 2021
November 2021
December 2021

ARIMA (2,2,1)
33.80580
33.31278
33.08515
32.84031
32.55239

ARIMAX (2,2,1)
39.43796
38.65795
38.97804
38.81707
38.59013

Based on table 6, we can see that the forecasting results Hotel Occupancy Rate in Riau Province
using the ARIMA model (2,2,1) shows the percentage of Hotel Occupancy Rate decreased from August
2021 by 33.81 percent to 32.55 percent in December 2021. Using the ARIMAX model (2,2,1), the
percentage of Hotel Occupancy Rate increased in August 2021 by 39.43 percent but then decrease in
September 2021 by 38.66 percent. This number continues to decrease by December 2021 to 38.59
percent. This value can be described by the plot of the results for forecasting the Hotel Occupancy Rate
in Riau Province using the ARIMA (2,2,1) and ARIMAX (2,2,1) models in the following figure:

Figure 6. ARIMA and ARIMAX Model Forecasting Results
From the results of forecasting accuracy based on RMSE and MAPE values, ARIMA (2,2,1) and
ARIMAX (2,2,1) models are given in table 7:
Table 7. Comparison Accuracy Value
Model
ARIMA (2,2,1)
ARIMAX (2,2,1)

MAPE
11.05945
9.636742

RMSE
5.251983
4.209775

Based on the results, it can be seen RMSE and MAPE from ARIMAX models (2,2,1) with Index GT
(as an exogenous variable) with the keyword "hotel" in Riau Province has a smaller value than the
ARIMA model (2,2,1). That informs that the best method for predicting the Hotel Occupancy Rate of
Riau Province from August to December 2021 is ARIMAX (2,2,1) because it increases forecasting
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accuracy with a MAPE value of 9.64 percent and an RMSE value of 4.21 percent. These results are in
line with research by Lingga, et al.(2019)[7] which predicts tourist arrivals to tourist attractions with the
GT Index using ARIMAX. In their study, it was shown that the ARIMAX is a better model than the
ARIMA because it can increase accuracy.
4. Conclusion
ARIMAX is an ARIMA model development that can be used properly to forecast the Hotel Occupancy
Rate. By utilizing big data that has been provided by Google, such as Google Trends, using the GT Index
with the right keywords can improve modeling accuracy. Based on the forecasting results, can be
concluded that the ARIMAX model has a better forecasting ability than ARIMA by a MAPE value of
9.64 percent and an RMSE of 4.21 percent. From the results of this study, we suggest using the ARIMAX
method to fulfill the availability of other current indicators. ARIMAX can be applied using other
exogenous variables while still considering the high correlation with other indicators that need to be
predicted.
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Abstract. The existence of forests is threatened with deforestation, which can affect climate
disturbances and environmental decay. This study aims to analyze determinants of deforestation
in Sumatera Island from 2011-2019. The dependent variable is deforestation, and the
independent variables are population density, land fires, road length, GDP of agricultural,
fisheries, and forestry, and GDP of mining and excavation. The results show that there is spatialtemporal heterogeneity in deforestation in Sumatera Island from 2011-2019. Furthermore,
because of the normality violation, the Robust Geographically and Temporally Weighted
Regression (RGTWR) method is used. Analysis shows variables affecting deforestation in
Sumatera Island vary in each province and change annually. Land fires were always significant
in every province and every year from 2011-2019. To overcome deforestation, the governments
need to consider the varying causes of deforestation, more firmly to forestry regulation and
establish cooperation with local communities in managing forest.

1. Introduction
Indonesia has the third-largest tropical forest globally after Brazil and The Democratic Republic of
Congo [1]. Most of the forest is dispersed in Kalimantan, Sumatera, Papua, and Sulawesi. The existence
of forests plays an important role in balancing the environment and brings benefits to humanity. Directly,
forests are a source of a variety of industrial goods and materials. For the communities around the forest,
forests are a source of food and drink, medicine, equipment, shelter, etc. [1]. Furthermore, forests have
another essential benefit of storing biodiversity, climate regulators, CO2 absorption and oxygenator,
waterproofing, etc.
On the other hand, the existence of forests is threatened by the occurrence of deforestation. Based on
the press release of Forest Watch Indonesia in 2020, it was mentioned that since 2000-2017 Indonesia
had lost more than 23 million hectares of natural forest. Kalimantan, Sumatera, and Sulawesi are three
islands in Indonesia with the highest deforestation. Based on the Ministry of Environment and Forestry,
deforestation in the three islands is denominated each year. In 2011-2019, the average annual
deforestation in Kalimantan and Sumatera respectively reached 278 thousand hectares and 268 thousand
hectares. In 2019, deforestation in Kalimantan and Sulawesi declined, but Sumatera has shown a marked
increase in deforestation. Those increases can pose a long-term threat to environmental balance.
Therefore, the study of deforestation in Sumatera is important to be generated. It is because Sumatera is
also one of the islands with considerable forest coverage and plays an important role in the balance of
the environment in Indonesia, also in the world.
Deforestation can disturb forest’s function as a water absorber, then causing floods and droughts in
surrounding areas. Also, deforestation causes the function of forests as climate regulators to be
threatened. The result of the Global Canopy Programme says that deforestation and the use of tropical
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forests are major causes of global greenhouse emissions. It can be lead to an enhanced frequency of
extreme incidents, such as drought and other disasters that also affect energy, food, and health resilience
[2]. Based on data from National Disaster Management Agency, Sumatera flooded hundreds of times
each year, and it has tended to span the last decade. Furthermore, dozens of landslides occur on the
island each year. Such conditions would be costly, especially to the people that live in and around the
areas.
A previous study indicated a spatial pattern of deforestation in Kalimantan began at points around
the coast and spread into the surrounding region [3]. Margono et al. [4] found deforestation in Sumatera
1990 began in three neighboring provinces of Southern Sumatera, Jambi, and Riau. In the following
years, deforestation spread around the region and several other points in Sumatera. It indicates a similar
spatial pattern of deforestation in Sumatera and Kalimantan.
But, much of the spatial research on deforestation focuses solely on remote sensing analysis [5,6].
Remote sensing has a weakness that indicates only the location and vast deforestation, but it cannot
explain the conditions that affect deforestation. In contrast, the socioeconomic and demographic
conditions of a region can also influence deforestation. Economic gritty (mainly forestry sector) and
population density significantly affect the extent of deforestation in the islands [7]. Population growth
would increase the need for such commodities as food production, wood, paper, and so forth. So to meet
these needs requires the addition of land to farms and agriculture [2]. But other factors can also make it
possible to cause deforestation, such as infrastructure building and natural elements as forest fires. In
other literature show that land fires are among the factors behind deforestation [8,9].
Additionally, observation units of the region made it possible to have different characteristics based
on spatial heterogeneity [10]. They are not ruling out the possibility that the causes of deforestation vary
in a region. Besides spatial factors, the time component is also an important dimension of environmental
dynamics [11]. For example, such as Adiningrum et al. [12] shows that not only a diversity effect of
independent variables between location on deforestation in Indonesia from 2013-2016 but also between
time. Margono et al. [4] also explain a shift in the causes of deforestation in Sumatera from 1950 to the
late 1990s.
Based on that background, the goal of this study is to map the widespread of deforestation and
recognize the characteristics of suspected variables affected deforestation in the island of Sumatera from
2011 to 2019, identifying the existence of spatial-temporal effect on the widespread deforestation of the
province in Sumatera from 2011-2019 and analyzing the determinants of deforestation in Sumatera
2011-2019.
2. Materials and Methods
2.1 Theory
According to the Ministry of Environment and Forestry Rule 2017, deforestation permanently changes
forest areas to non-forest areas. While according to the Food and Agriculture Organization (FAO),
deforestation is the conversion of forest areas into non-forested areas (such as land for agriculture,
urbanization, and others). FAO also mentions that the direct cause of deforestation is logging, conversion
of land to agriculture and cattle, urbanization, mining and oil exploitation, acid rain, and forest fires [13].
2.1.1 Robust Regression.
Robust regression is a method that can be used when the error distribution is not normal, or there is an
outlier in the regression model [14–16]. One method of robust regression estimate is the MM estimation.
This estimation combines high breakdown value estimation and M estimation, so it has a high
breakdown point of 50% and an efficiency of up to 95% [14,17,18]. That would be an advantage for the
MM estimation over any other estimation method. The formula from robust regression is similar to
common OLS regression. But to estimates parameter requires a process of iterations and weight function.
2.1.2 Geographically and Temporally Weighted Regression (GTWR).
Geographically and Temporally Weighted Regression (GTWR) is an extension of the Geographically
Weighted Regression (GWR) that not only considers spatial heterogeneity but also accounts for temporal
heterogeneity [11]. The common form of the GTWR model is as follows [20]:
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(1)
Description:
: dependent variable observation i
: intercept observation i
: local regression coefficient observation i, variable k
: independent variable k observation i
k

: error term
: total independent variable
: coordinate and time stamp for observation i

Regression coefficients of GTWR are estimated with Weighted Least Square. One of the key
components of this estimation is the spatial-temporal weight matrix. GTWR parameter estimation in
matrix notation may be written as follows:
(2)
: k+1 vector of local regression coefficient observation i
: nT x (k+1) independent variable matrix, with the first column is intercept.
: column vectors containing dependent variable
: diagonal matrix containing spatial-temporal weight each observation for observation i
2.1.3 Bandwidth.
Bandwidth shows a radius that still affects a particular surveillance location. One method of determining
the optimum bandwidth value is Cross-Validation (CV). Optimum bandwidth value will be obtained at
the minimum CV value produced [21]. Here are modified CV functions to be used in obtaining spatialtemporal optimum bandwidth [11].
(3)
Description:
: estimation value, where observation i are not included in the estimate parameters process.
So, for kernel gaussian function, spatial-temporal weight function would be [11]:
(4)
2.1.4 Robust Geographically and Temporally Weighted Regression (RGTWR).
Robust Geographically and Temporally Weighted Regression (RGTWR) extends GTWR’s method
because of outlier and normality violations [14,22]. Parameter estimation of RGTWR is similar to the
robust method, but the weight function used is a combination of robust regression and spatial-temporal
weight [23]. Here is the phase of the RGTWR with MM estimation method for estimated parameters
[19,23]:
1. Calculating robust regression coefficient with S estimation as follows:
a. Calculating regression coefficients by using Ordinary Least Square (OLS).
b. Calculating error of the OLS.
c. Calculating the scale of S estimation (𝜎̂𝑠 ):
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𝑚𝑒𝑑𝑖𝑎𝑛|𝑒𝑖 −𝑚𝑒𝑑𝑖𝑎𝑛(𝑒𝑖 )|
,
0,6745

𝜎̂𝑠 = {

1
∑𝑛 𝑤 𝑒 2
𝑛𝐾 𝑖=1 𝑖 𝑖

√

,

𝑖𝑡𝑒𝑟𝑎𝑡𝑖𝑜𝑛 = 1
(5)
𝑖𝑡𝑒𝑟𝑎𝑡𝑖𝑜𝑛 > 1

𝑒𝑖 is an error in every iteration. In the first iteration, 𝑒𝑖 is error from the OLS model.
K = constant = 0,199
d. Calculating
e. Calculating weight

:
𝑢

𝑤𝑖 =

2 2

[1 − ( 𝑐𝑖) ]
{
0

𝑖𝑓 |𝑢𝑖 | ≤ 𝑐

𝑓𝑜𝑟 𝑖𝑡𝑒𝑟𝑎𝑡𝑖𝑜𝑛 = 1

𝑖𝑓 |𝑢𝑖 | > 𝑐

𝜌(𝑢𝑖 )

(6)

𝑓𝑜𝑟 𝑖𝑡𝑒𝑟𝑎𝑡𝑖𝑜𝑛 > 1

{ (𝑢𝑖)2

𝜌(𝑢𝑖 ) = {

𝑐2
[1 −
6

𝑢

2

〈1 − ( 𝑖) 〉3 ] 𝑖𝑓 |𝑢𝑖 | ≤ 𝑐
𝑐

𝑐2
6

(7)

𝑖𝑓 |𝑢𝑖 | > 𝑐

c = Tukey constant= 1,547
f. Calculating

with Weighted Least Square and the error component.
-1
β̂S = (X T Wωm X) X T Wωm Y

(8)

𝑾 : diagonal matrix containing spatial-temporal weight
g. Repeat c through f to acquire convergent
value with Iteratively Reweighted Least Square
(IRLS) procedure. At that iteration,

value would change in every iteration.

Where convergent
is estimator acquired from RGTWR with S estimation.
2. Calculating error from S estimation model that has been formed before on step 1g.
3. Calculating the scale of robust estimation ( ) value:
𝑚𝑒𝑑𝑖𝑎𝑛|𝑒𝑖 −𝑚𝑒𝑑𝑖𝑎𝑛(𝑒𝑖 )|
,
0,6745

𝜎̂𝑖 = {
1
√ ∑𝑛𝑖=1 𝑤𝑖 𝑒𝑖2 ,
𝑛𝐾

𝑖𝑡𝑒𝑟𝑎𝑡𝑖𝑜𝑛 = 1
(9)
𝑖𝑡𝑒𝑟𝑎𝑡𝑖𝑜𝑛 > 1

K = constant = 0,199
is a weight function
𝑒𝑖 is an error in every iteration. In the first iteration, 𝑒𝑖 is error from S estimation.
4. Calculating
5. Calculating

:
(10)
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6. Calculating

with Weighted Least Square and the error component.
-1
β̂M M = (X T Wωm X) X T Wωm Y

7. Repeat step 3 through step 6 to acquire convergent
Where convergent

(11)

.

is estimator acquired from RGTWR with MM estimation

2.2 Scope
This study includes ten provinces located in Sumatera. The period used is 2011-2019. The dependent
variable (Y) of this study is deforestation, with data used is the netto vast (in thousands of hectares). The
independent variables used are population density in people/kilometers2 (X1), land fires in thousand
hectares (X2), road length in kilometers (X3), GDP of agricultural, fisheries, and forestry in billion IDR
(X4), and GDP of mining and excavation in billion IDR (X5). Those variables are chosen based on
previous research and the FAO framework [13]. Moreover, a high population will pressure the
environment, especially to meet human needs. Therefore, it is not uncommon for the region to tackle the
demand [2]. Some previous research also claimed that significant population densities affect the genesis
of deforestation [5,7,23–28]. Land fires are also one of the factors that can cause deforestation [8,9].
Infrastructure development can also increase deforestation. The variable that can use to determine the
condition is the road length. Previous studies also suggest that the forest distance factors to the road
significantly impact the chances of deforestation or the replacement of forest land [5,6,23,24,26,27,29–
32]. In addition, increased food demand will increase agricultural production needs. Increasing demand
is also closely associated with the need for land [28,31,33]. The mining sector is also one of the economic
pillars of several regions in Indonesia. It is also linked to an increase in the chances of deforestation
becoming a mining region [3,34]. According to the Kuznets theory, environmental exploitation is
inevitable when a country's economic development is still low. When economic growth is high,
exploitation of the environment will decrease [35]. The land is a key component in the economic
development of a region. So economic development will impact land-use dynamics. Deforestation is the
end result of competition for land use in order to increase people's welfare [36]. At the regional level,
PDRB is one of the indicators that could describe the magnitude of economic development.
All the data used is collected from Statistics Indonesia (BPS), the Ministry of Environment and
Forestry, and the Highways Office. The detailed data sources are:
1. Vast deforestation based on annual publication from Ministry of Environment and Forestry
(Deforestasi Indonesia).
2. Population density is from the website of BPS.
3. Land fire is collected from the publication of BPS (Publikasi Statistik Lingkungan Hidup) and the
Directorate of Forest and Land Fire Control, Ministry of Environment and Forestry.
4. Total length of road based on annual publication from BPS (Statistik Indonesia) and publication from
the Highways Office (Publikasi Kondisi Jalan).
5. GDP of agricultural, fisheries, and forestry based on the website of BPS in each province in Sumatera.
6. GDP of mining and excavation based on the website of BPS in each province in Sumatera.
2.3 Analysis Method
The methods of analysis are descriptive and inferential analysis. Descriptive analysis with a thematic
map illustrates the change and frequency of research variables in the provinces of Sumatera Island from
2011-2019. The inferential analysis used in this research is Robust Geographically and Temporally
Weighted Regression (RGWTR). RGTWR methods can show the impact of the independent variable on
the dependent variable by considering the existence of spatial and temporal heterogeneity on data that
contains either an outlier or a normality violation [14,22]. Alfa (α) used in each test is 10%. Based on
[11,24–31], the inferential analysis steps are as follows:
1. Forming a global regression model with Ordinary Least Square (OLS).
2. Detecting multicollinearity with Variance Inflation Factor (VIF) value [32].
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3. Testing error normality.
4. Testing spatial heterogeneity with the Breusch-Pagan test [33] and identifying temporal
heterogeneity with a boxplot.
5. Choosing optimal spatial-temporal bandwidth [11] with fixed kernel Gaussian function.
6. Because of a normality violation, spatial and temporal heterogeneity on the data, modeling can be
applied by the RGTWR method [19,22,23].
7. In the robust stages, the MM estimator is used for having a high breakdown point and high
efficiency than other robust estimation methods [14,17,18].
8. Generating partial test for RGTWR parameters [34].
9. Making an independent variable signification map based on time and location.
10. Analyzing the result of modeling with RGTWR.
The analysis flowchart can be seen in Figure 1.

Figure 1. Analysis flowchart
3. Results and Discussion
3.1 Descriptive Analysis
3.1.1 Description of Sumatera Island Deforestation in 2011 to 2019.
According to data on the Ministry of Environment and Forestry annual publication, from 2011 to 2019,
the island of Sumatera has always lost extensive forests at high levels. Each year the island records an
average of deforestation of over 250 thousand hectares. The total of deforestation varies in magnitude
from 2011 to 2019. In 2015, Sumatera suffered the highest deforestation, which was recorded at 519,044
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hectares. The provinces of South Sumatera and Riau are provinces that contribute higher to deforestation
than other provinces, with several 290,777 and 135,30,70 hectares, respectively (see Figure 2). Figure 2
also shows that the extent of deforestation in Sumatera tends to show a downward trend. According to
Margono et al. [4], the widespread decline of deforestation is not only a result of system reforms that
have occurred but also because of the increasing thinning of forest reserves.

Figure 2. Total deforestation (hectares) in Sumatera 2011-2019.
When viewed by the province, there are several conditions where the deforestation rate has a negative
sign. For example, in 2014 in Jambi Province, the area of deforestation was recorded at -9,941.4 hectares.
This means that the area of reforestation that occurs exceeds the area of deforestation that occurs in the
province. Similar cases also occurred in Lampung Province in 2016, Bangka Belitung Islands in 2013,
and Riau Islands in 2018. Figure 3 shows that there are only a few provinces from the entire study period
that experienced deforestation in the smallest group.
In general, the three most dominant provinces contributed to deforestation, namely Southern
Sumatera, Riau, and Jambi. In the province of Riau, from 2011 to 2019, deforestation has always been
at a rate of more than 22 thousand hectares, except in 2017 for just 8,679 hectares. Meanwhile, in South
Sumatera Province, the total deforestation since 2011 is more than 430 thousand hectares, and in Jambi
Province, it is more than 280 hectares. If combined with all of Sumatera, total deforestation from 20112019 is over 2 million hectares.

596

A D Putra and S I Oktora

Figure 3. Deforestation (hectares) by the province in Sumatera 2011-2019.
3.1.2 Description of Sumatera Island Population Density 2011 to 2019.
The population is one of the fundamental causes of deforestation. Where the higher the population also
means an increase in the need for land for housing, consumption commodities, and so on. So, to meet
these needs, additional land is needed for plantations and agriculture [2]. Based on data from BPS,
population density in each province on the island of Sumatera always increases every year. Riau Islands
is a province with the highest trend of increasing population density than other provinces. The provinces
of Lampung, Riau Islands, and North Sumatera are provinces with the highest population density than
other provinces. Based on Figure 4, from 2011 to 2019, the population density in Jambi and Riau
Provinces was only in the class of 63.14 to 90.65 people/km.
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Figure 4. Population density by the province in Sumatera 2011-2019.
3.1.3 Description of Sumatera Island Land Fires in 2011-2019.
One of the factors causing the loss of forest cover is the occurrence of land fires, either intentionally or
naturally. Long droughts generally cause land fires that occur naturally as the impact of El-Nino can
cause drought, so it will easily trigger fires. While land fires are due to human intervention, one of which
occurs due to land clearing for plantations or agriculture carried out by burning land.
According to the Ministry of Environment and Forestry, land fires always occur every year on the
island of Sumatera. From 2011 to 2013, the number of land fires on Sumatera Island published by the
Ministry of Environment and Forestry still showed a value of fewer than two thousand hectares per year.
However, in 2014 it began to show an increase in land fires, where the total fire area reached more than
16 thousand hectares. Meanwhile, 2015 was the worst period for land fires on the island of Sumatera. In
that year, the area of land fires that occurred reached 1,048,635.12 hectares. Provinces that contributed
the highest area of land fires in that period were South Sumatera (646,298.8 hectares), Riau (183,808.59
hectares), and Jambi (115.634.34 hectares). These three provinces again contributed to the vast number
of land fires that occurred in 2019 (see Figure 5).
Besides one of the causes of deforestation, land fires also cause several other negative impacts. Most
of these impacts include ecological damage, decreased biodiversity, declining forest economy and soil
productivity, climate change, and smoke pollution that disturbs local communities and even neighboring
countries, as well as disruption of land, river, lake, sea, and air transportation [48].
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Figure 5. Land fires by the province in Sumatera 2011-2019.
3.1.4 Description of Sumatera Island Road Length in 2011-2019.
In addition to land fires, land clearing for infrastructure development (such as road construction) or
economic activity is also one of the causes of forest cover loss. The main function of the existence of
the road is as a liaison between regions. In Sumatera itself, according to a report by the Committee for
the Acceleration of Priority Infrastructure Provision (KPPIP), in 2015, construction began to construct
the Trans Sumatera Toll Road (JTTS). The toll road, which is planned for completion in 2024, will later
have a length of up to 304 km and connect the island of Sumatera from Aceh to Bakauheni. The report
also stated that in 2017, several toll roads had started operating, such as the Medan-Binjai section in
North Sumatera, the Palembang-Indralaya section in South Sumatera, and the Bakauheni-Terbanggi
Besar section in Lampung.
Based on data collected from 2011 to 2019, the total length of roads owned by each province on the
island of Sumatera does not change much every year. The trend of total road length in each province
tends to show an increase every year. However, from 2016 to 2019, the increase in road length in most
provinces on the island of Sumatera was not as much as in previous years. Based on Figure 6, North
Sumatera is the province with the highest total road length compared to other provinces. While the Riau
Islands, Bangka Belitung Islands, and Bengkulu are the three provinces that have the shortest road
length. However, this is quite reasonable considering the three provinces also have the lowest area
compared to other provinces.
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Figure 6. Road length by the province in Sumatera 2011-2019.
3.1.5 Description of Sumatera Island GDP of Agriculture, Fisheries, and Forestry in 2011-2019.
The need for land for economic activities is also one of the causes of deforestation, for example, such as
clearing land for plantations, agriculture, or mining. Palm oil is one of the most widely developed
commodities. Based on the report on oil palm plantations issued by the Financial Services Authority in
2017, almost 70% of the total oil palm plantations in Indonesia are located on the island of Sumatera.
Riau Province in 2014 was the province with the largest oil palm plantation in Indonesia, with an area
of 2.3 million hectares. The measure that can be used to see the sector's role in the economy is the Gross
Domestic Product (GDP).
Based on data from BPS, sector one GDP consisting of agriculture, fisheries and forestry have
increased every year. The provinces of Riau and North Sumatera are provinces that have a total GDP of
agriculture, fisheries, and forestry with a value of more than 94 trillion rupiahs each year. Only in 2011
alone, the GDP of agriculture, fisheries, and forestry in North Sumatera Province were worth less than
94 trillion rupiahs (see Figure 7). Then, the provinces of Riau Islands, Bangka Belitung Islands, and
Bengkulu have the lowest GDP of agriculture, fisheries, and forestry compared to other provinces.
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Figure 7. GDP of agriculture, fisheries, and forestry by the province in Sumatera 2011-2019.
3.1.6 Description of Sumatera Island GDP of Mining and Excavation in 2011-2019.
In addition to the plantation and agricultural sectors, the clearing of forest land for the fulfillment of
economic activities can also occur because of activities in the mining sector. The magnitude of the role
of this sector can be reflected in the GDP of mining and quarrying. Based on data from BPS, the GDP
of this sector in Aceh and Riau Provinces tends to show a downward trend every year. However, based
on the Riau Provincial Government website, the mining sector is still the leading commodity in the
energy and mineral resources sector in the province.
While in other provinces, it has increased every year. If viewed based on the map in Figure 8 below,
only West Sumatera Province experienced a shift in classification classes. Where in 2011 and 2012, the
province had a mining and quarrying GDP value of class 1.2576 to 5.2823 trillion rupiahs, changing
from 2013 to 2019 to class 5.6567 to 25.9954 trillion rupiahs.
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Figure 8. GDP of mining and excavation by the province in Sumatera 2011-2019.
3.2 Deforestation Modelling in Sumatera Island
3.2.1 Global Regression Model of Deforestation in Sumatera with OLS.
The first step in the inferential analysis is to form an OLS regression model. The estimate can be seen
in Table 1.
Table 1. Results of modeling use OLS
Variable
Intercept

Coefficient
-30,8418

ln X1
X2
ln X3
ln X4
ln X5
Adjusted R-squared
F-statistics

-21,3201
0,3146
1,2399
6,2168
7,6666
0,5764
25,22

Standard error
71,9463

t-value
-0,429

p-value
0,6693

6,8244
-3,124
0,00245
0,0402
7,819
1,39 x 10-11
14,3234
0,087
0,9312
10,0277
0,620
0,5370
3,2128
2,386
0,1927
R-Squared
0,6002
SSE
70.651

The model of OLS used is as follows:
𝑌𝑖𝑡 = 𝛽0 + 𝛽1 𝑙𝑛𝑋1𝑖𝑡 + 𝛽2 𝑋2𝑖𝑡 + 𝛽3 𝑙𝑛𝑋3𝑖𝑡 + 𝛽4 𝑙𝑛𝑋4𝑖𝑡 + 𝛽5 𝑙𝑛𝑋5𝑖𝑡 + 𝜀𝑖𝑡

(12)
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Description:
𝑌𝑖𝑡 : deforestation location i, time t
𝛽0 : intercept
𝛽1,2,,..,5 : regression coefficient
𝑋1𝑖𝑡 : population density province i, time t
𝑋2𝑖𝑡 : land fires province i, time t
𝑋3𝑖𝑡 : road length province i, time t
𝑋4𝑖𝑡 : GDP of agricultural, fisheries, and forestry province i, time t
𝑋5𝑖𝑡 : GDP of mining and excavation province i, time t
𝜀𝑖𝑡 : error term
Based on multicollinearity detection using the VIF value, it is found that VIF X4 is more than 10.
Therefore, the X4 variable is removed from the model. In the next model, there are only four independent
variables used. The estimation after the X4 variable is removed from the model can be seen in Table 2.
Table 2. Results of modeling use OLS without X4
Variable
Intercept

Coefficient
-56,2126

ln X1
X2
ln X3
ln X5
Adjusted R-squared
F-statistics

-21,5158
0,3161
9,5940
8,7158
0,57949
31,6614

Standard error
58,9593

t-value
-0,9534

p-value
0,3431

6,7923
-3,1667
0,0021
0,0400
7,8988
0,0000
4,8383
1,9829
0,0506
2,7210
3,2031
0,0019
R-Squared
0,59836
SSE
70.974

The model formed are as follows:
𝑌𝑖𝑡 = 𝛽0 + 𝛽1 𝑙𝑛𝑋1𝑖𝑡 + 𝛽2 𝑋2𝑖𝑡 + 𝛽3 𝑙𝑛𝑋3𝑖𝑡 + 𝛽5 𝑙𝑛𝑋5𝑖𝑡 + 𝜀𝑖𝑡

(13)

Based on the VIF value of the model, there are no variables that have VIF > 10. It can be concluded
no multicollinearity between independent variables. The normality test of the error with the Jarque-Bera
test shows a p-value of 2,2x10-16. Therefore, the error is not normal. Because of the violation of normal
assumption, it makes modeling with OLS irrelevant.
3.2.2 Spatial and Temporal Heterogeneity.
Spatial heterogeneity with the Breusch-Pagan test shows the test statistics of 18,736 with degrees of
freedom=4 and a p-value of 0,0008857. Based on this result, it is inconclusive that there is spatial
heterogeneity between observational locations. The temporal heterogeneity detection with the boxplot
shows that extensive deforestation data varies enormously annually. It indicates a temporal
heterogeneity of deforestation data in Sumatera Island from 2011 to 2019 (see Figure 9).
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Figure 9. Annual boxplot of deforestation in Sumatera 2011-2019.
3.2.3 RGTWR Model of Deforestation in Sumatera Island.
The regression coefficient and the significance produced by RGTWR methods vary in each province
and year. There are 90 model equations established to describe the vast deforestation in each province
and Sumatera Island from 2011 to 2019. One example of the model formed is as follows:
𝑌̂𝑅𝑖𝑎𝑢 2011 = -63,5368 – 23,2352 ln X1* + 0,3511 X2* + 11,1523 ln X3* + 9,1731 ln X5*
*) significant in significant level 0,1
Based on the example of the equation, the coefficient values can be interpreted as follows:
1. The coefficient of X1 means that each increased in population density by 1 percent would decrease
deforestation by 0,232 thousand hectares in Riau in 2011, assuming another variable is constant.
2. The coefficient of X2 means that each increased area of land fires amounting to 1.000 ha would
increase deforestation area by 351,1 hectares in Riau in 2011, assuming another variable is constant.
3. The coefficient of X3 means each increased 1 percent of the road length would increase
deforestation by 0,111 thousand hectares in Riau in 2011, assuming another variable is constant.
4. The coefficient of X5 means that each increased in GDP of mining and excavation by 1 percent
would increase deforestation by 0,091731 thousand hectares in Riau in 2011, assuming another
variable is constant.
With significance level 0,1 forming four groups according to significant variables affected vast
deforestation. The variable significance growths that affected extensive deforestation in Sumatera
almost always shift annually (see Figure 10). The global R2 value acquired from the RGTWR model is
0,6414. Its means that independent variables used in this research were able to explain 64,14% variations
of deforestation on the island of Sumatera in 2011-2019.
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Figure 10. The distribution map of the provincial group book on the island of
Sumatera is based on significant variables using the RGTWR method.
In general, from the coefficient estimates, population densities negatively relate to extensive
deforestation in all the provinces at all periods. The notion that increased population densities could
increase land requirements and thus increase deforestation has been inconsistent with the study results.
The trend of increased population density is incompatible with the widespread decline of deforestation
in Sumatera Island. It has also been shown that population growth can enhance technological progress
and institutional change to reduce pressure on forested areas [7]. An example of the institutional change
in the management of forest areas involves people. Some of the forest regions of North Sumatera have
also applied this where communities manage forested areas. Examples are the village of Singengu,
Mandailing Natal [35], the ecotourism area Tangkahan Mount Leuser National Park [36], and Dairi [37].
The land fires area always has a significant impact on deforestation in each province and each period.
The results suggest that the incidence of land fires consistently contributed to deforestation in Sumatera
Island. These results are inconsistent with Dimobe et al. [8] and Tuffour-Mills et al. [9], which suggests
that land fires are one of the causes of deforestation. Another study also indicated that land fires were
one of the greatest threats to destroying natural forests in Indonesia [38].
Variables of road length are always favorably connected to the extensive deforestation in every
province of Sumatera Island. From 2011 to 2014, this variable significantly affected deforestation in
much of the province of Sumatera Island. But from 2015 to 2019, road length has no longer affected
considerably widespread deforestation.
GDP of mining and excavation always has a positive effect on extensive deforestation in the entire
province from 2011 to 2019. The results correspond to previous studies that identify mining operations
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as a direct cause of deforestation [39]. From 2011 to 2015, the GDP of mining and excavation has always
significantly affected extensive deforestation in every province in Sumatera Island. But in 2016, this
variable began to have no significant impact on several provinces. Then, from 2017 to 2019, the GDP
of mining and excavation showed no significant effect on the extensive deforestation in each province,
except in Riau. Only in Riau, mining and excavation variables have always significantly affected
extensive deforestation from 2011 to 2019. Such conditions coincided with the GDP of mining and
excavation of the highest-value province of Riau. The significant change in the GDP of mining and
excavation in Sumatera is also supported by the declining number of mineral and coal mining business
permits in 2018 and 2019 [40,41].
4. Conclusion
The study results that deforestation on Sumatera Island varies from 2011-2019, with the highest peak in
2015. The largest provinces contributing to the extensive investment growth in Sumatera Island are Riau,
Jambi, and South Sumatera. There is a spatial and temporal heterogeneity of deforestation in Sumatera
from 2011 to 2019. So, modeling with RGTWR can provide more representative results than with the
global regression model. Population densities, road length, GDP of agriculture, fisheries and forestry,
and GDP of mining and excavation in each province change little annually. The area of land fires varied
widely in every province from 2011 to 2019. Provinces that contribute the highest total area of land fires
are Riau, Jambi, and South Sumatera. Using the RGTWR model, forming four significant variable
groups affected extensive deforestation in Sumatera Island from 2011 to 2019. The significance of the
variable is changing over time each year. Forest fires have always significantly affected extensive
deforestation in every province over an entire period of research.
The suggestions that can be made from this research are:
1.
The central government would need to coordinate forest management with local governments,
considering the differences in the characteristics and diversity behind deforestation in the
entire province of Sumatera Island.
2.
Local governments also need to increase cooperation with local communities in managing
forests, thus reducing the persistent pressure on forest areas.
3.
Government should be firmer in enforcing the rules related to land burning and should
cooperate with the people and agents involved in forest sustainability to monitor and prevent
arson or natural wildfires. Considering bushfires have always had a significant effect on
annual deforestation in the provinces of Sumatera Island.
4.
While further research could combine with image analysis, and thus provide stronger support
information on the causes of deforestation.
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Abstract. This study aims to quantitatively uncover multidimensional child poverty in Jakarta
Metropolitan Area, where Indonesia’s capital and its surrounding regions are located. It
comprises 15 indicators in six dimensions of child wellbeing: housing, education, facility, food
and nutrition, child protection, and health. It is a very alarming condition in the region that nearly
one-fourth of children are deprived in at least three dimensions. These children experience, on
average, 0.57 of all possible deprivations, or 3.4 deprivations, which indicates a massive high
deprivation intensity. The overall deprived children are also almost two times larger than the
poor children that suggest the lower monetary child poverty rate doesn’t guarantee to lower the
multidimensional child poverty.

1. Introduction
Poverty is one of the main development issues in developing countries is closely linked to economic,
social, and cultural factors that may undermine social stability, mental and physical health in the overall
population [1]. The post-2015 Sustainable Development Goals (SDGs) aim to eradicate poverty, reduce
inequalities and extend the benefits of sustainable economic development to all, especially the most
vulnerable populations, including children. Therefore, examining poverty especially among the most
vulnerable age group such as children is critical.
Understanding child poverty is key to develop policies that ensure children’s proper wellbeing and
their basic needs are fulfilled. Most analyses often focus on the monetary approach, utilizing income (or
consumption) per capita to determine the poverty status of members of a given household while
assuming their needs are similar and that income is distributed evenly among them. But such an
approach that offers only a limited perspective does not fully reflect on child poverty [2].
Household income level may not directly interpret into improvements of its members’ wellbeing,
particularly children because they have different needs from adults. In most cases, not only because they
are not the decision-makers in their households, but also because their needs are specific and not
automatically fulfilled by higher household incomes. To measure children’s welfare, we need to assess
child poverty using a multidimensional perspective through a broader measure that goes beyond
monetary measurement. Multidimensional child poverty emphasizes the various deprivations
experienced by children in their daily lives [3].
Children are also adults of the future, their opportunities, and development as children will impact
their functioning in the near future [4]. The consequences of poverty are very significant for children.
Falling into poverty with limited access to basic needs in childhood can last a lifetime [5].
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To solve this issue, United Nations Children’s Fund (UNICEF) developing a method to complement
monetary-based poverty with multidimensional deprivation analysis and to produce quantitative
evidence on child poverty called Multiple Overlapping Deprivation Analysis (MODA). MODA adopts
a comprehensive definition of child wellbeing while concentrating on the access of children to various
basic needs which are crucial for their development [6]. It recognizes that a child’s experience of
deprivations is multi-faceted and interrelated and that such multiple overlapping deprivations are more
likely to occur in socio-economically disadvantaged groups, and with greater adverse effects [7].
There are nearly 84 million children age 0-17 with more than 255 million population of all age groups
[8]. Children population contributes to more than 32.9 percent of the country’s population. It’s safe to
state that one-third of Indonesia’s population are children.
In 2016, the poverty rate in Indonesia was 10.86 percent [9]. Poverty among children age group (017) is the highest among other age groups, with 13.31 percent. This figure is relatively high in
comparison to poverty in the productive age group (15-64), with 9.38 percent. While there were only
three out of 10 children, the poor children contributed to around 40 percent of the overall population.
Like any other major city, Indonesia’s capital is one of the regions with the lowest monetary child
poverty rate. While monetary constraints are one of the most important determinants of child
deprivation, not all deprived children monetary poor nor monetary poor children are deprived [10].
Megacities in developing countries face strong disaster risks such as flooding, a lack of drinking water,
or issues around water pollution [11]. Rapid urban growth in the metropolitan area also correlated with
increased water insecurity on health due to informal housing and slums and widespread poverty [12].
Given these striking conditions, there is a limited number of studies conducted in the field of
children’s poverty and deprivation in this country, especially in the metropolitan area where the majority
of its population lives in urban areas. With urbanization currently expediting, it is becoming increasingly
important to understanding deprivation in urban areas [13]. Poor urban populations tend to be
underestimated and are often the indicators used to measure basic deprivations are not providing
decision-makers with the information needed to implement policy to tackle urban deprivations [14].
This study constructs multidimensional child poverty with the application of the MODA framework
to a metropolitan area. It analyses child deprivation in Jakarta Metropolitan Area, using data from the
National Socio-Economic Survey 2016 that contains child-specific indicators of deprivation and
monetary poverty. The study examines the single deprivation, multiple overlapping deprivations, and
intra-region analysis between child deprivation and monetary child poverty.
The study is organized as follows. The next section describes the methodology. The third section
illustrates the results of the study. The fourth section concludes the study. The last section shows the
limitations of the study.
2. Methodology
This paper relies on Indonesia National Socio-Economic Survey (Susenas) data, collected by Statistics
Indonesia. This longitudinal dataset consists of two sets of questionnaires: consumption module
(VSEN16.KP) to calculate monetary poverty and core module (VSEN16.K) to collect welfare
characteristics of selected households. The dataset filtered children that reside in Jakarta Metropolitan
Area (JMA), consists of five out of six regions in DKI Jakarta Province (Central, East, North, West and
North Jakarta), five out of 26 regions in West Java Province (Bogor, Bogor Regency, Bekasi, Bekasi
Regency, and Depok) and three out of eight regions in Banten Province (Tangerang, Tangerang Regency
and South Tangerang).
The procedures of measuring child deprivation using the Multiple Overllapping Deprivation Analysis
(MODA) [15] framework as follows:
a. Select the unit of analysis:
The most commonly used unit analysis is individual or household. In this study, children ages
0–17 are selected as the subject.
b. Define deprivation and specify its dimensions and indicators:
Defining it helps in setting the objectives of the analysis and choosing the most suitable
dimensions. Choosing indicators mainly relies on the availability of the data.
c. Define deprivation cut-offs for each indicator and dimension:
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Children’s well-being differs in every stage of their lives. Adopting N-MODA, look at Table
(1).
d. Select weights for each indicator and dimension:
Union approach is selected to calculate the number of children deprived on the chosen
indicators.
e. Select poverty cut-off:
There are three methods to aggregate the indicators into dimensions:
1. Union approach (0 < 𝑘 ≤ 1)
2. Intersection approach (𝑘 = 𝑑)
3. Intermediate cut-off approach (0 < 𝑘 < 𝑑)
where 𝑘 is a cut-off point and 𝑑 is a number of dimensions. To avoid making an arbitrary
decision, MODA shows the outcomes for all possible cut-off points.
f. For single deprivation analysis, calculate the headcount ratio for each indicator and dimension.
g. Calculate the multidimensional poverty headcount (𝐻):
𝒒𝒌
(1)
𝑯=
𝒏
where 𝐻 is multidimensional child deprivation headcount ratio according to cut-off point 𝑘; 𝑞𝑘
is number of children affected by at least 𝑘 deprivations; and 𝑛 is the total number of children.
h. Calculate the average intensity of deprivation (𝐴):
𝑨=

∑𝒒𝟏𝒌 𝒄𝒌
𝒒𝒌 ∗ 𝒅

(2)

where 𝐴 is the average intensity of multidimensional deprivation according to the cut-off point
𝑘; 𝑑 is the total number of dimensions considered per child; and 𝑐𝑘 is the number of children
deprived multidimensionally.
i. Calculate the adjusted multidimensional poverty headcount (𝑀0 ):
(3)
𝑴𝟎 = 𝑯 ∗ 𝑨
where 𝑀0 is adjusted multidimensional child deprivation headcount ratio among children
affected by at least 𝑘 deprivations. This measure satisfies various of the basic properties of
poverty measures, which means that this poverty measure is sensitive to the breadth of poverty
that is experienced by each child.
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Table 1. Selected dimensions, indicators, and definitions of MODA method
No
(1)
1

Dimension
Indicator
(2)
(3)
Housing
Floor area
Floor material

2

Education

School attendance

Lateness in schooling
3

Facility

Drinking water source
Sanitation
Cooking fuel

4

Food and
nutrition

Calorie consumption
Fat proportion
Breastfeeding

5

Child
protection

Birth certificate
Early marriage
Child worker

6

Health

Insurance
Immunization

Definition
(4)
Age 0-17 that lives in the household with floor area
per capita less than 7.2 m2
Age 0-17 that lives in the household with the floor
made out of non-permanent materials
Age 3-4 that is not attending pre-school
Age 5-6 that is not attending pre-school and/or
primary school
Age 7-17 that is not attending primary or secondary
school
Age 7-17 that did not complete the grade required
for his/her age
Age 0-17 that lives in a household with access to an
unimproved source of drinking water
Age 0-17 that lives in a household that does not
have access to an improved toilet type/sanitation
Age 0-17 that lives in a household that uses natural
source fuel for cooking (e.g. wood, coal, etc.)
Age 0-17 with total calorie consumption per capita
per day less than normal daily calorie consumption
intake
Age 5-17 that have fat B consumption more than 35
percent to its total fat B consumption
Age 0-11 months that did not have exclusive
breastfeeding and/or extra foods or fluids
Age 0-17 that did not have a birth certificate
Age 10-17 that is married, divorced, or widowed
Age 10-17 that is working a minimum of one hour
continuously during the reference week
Age 0-17 that does not have health insurance
Age 12-59 months that did not have full
immunization

3. Results
3.1 Single deprivation analysis: how many children are deprived and what are they deprived of?
The single deprivation analysis describes the results for each of the separate dimensions and indicators
that have been selected for the MODA analysis. It portrays the number of children deprived in a given
dimension as a percentage of specified children age group. It gives a preliminary indication of which
sectors should receive specific attention for children’s well-being development [16, 17].
Based on Figure 1 and Figure 2, the levels of deprivation for the food-nutrition and health dimensions
are similar to children in JMA, with approximately one out of two of children deprived in those
dimensions. The high deprivation level in the health dimension is driven by deprivation level in
immunization and insurance indicators. This is caused by bad immunization coverage (half of the
children do not receive full immunization such as BCG and all three DPT vaccinations by age 23
months) and bad coverage of health insurance with two out of five children deprived. While only 3 out
of 100 children age 0-11 months do not have exclusive breastfeeding, almost one-third of children in
JMA are deprived in calorie consumption per capita indicator.
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Housing

Health

Education

22.49

48.95

25.01

13.14
38.33
Child Protection

Facility

46.86
Food and Nutrition

Figure 1. Number of children deprived in a given dimension as a percentage of
total children in JMA
Source: Author’s calculation, Indonesia Susenas 2016
The levels of deprivation for housing and education are similar, with around one-fourth of children
deprived in the two dimensions. The level of deprivation in the housing dimension is mostly driven by
floor area indicator, where more than one-fifth of children in JMA live in a household with a floor area
less than 7.2 m2 per capita with only 1.3 percent have lived in a house with unimproved floor materials.
With regards to education, the deprivation levels for school attendance and lateness in schooling
(children that did not start their education based on their appropriate age) are relatively mid-low (around
15 percent).
3.2 Multiple overlapping deprivation analysis: to what extent do children face deprivation?
To answer the question, the MODA methodology provides us with a tool to identify deprived children
and their degree of vulnerability [16]. Not only can we identify whether children are deprived or not,
but also if they experience simultaneously multiple deprivations.
Figure 3 displays the distribution of the number of simultaneous deprivations faced by children in
the Jakarta Metropolitan Area (JMA) by area of residence. Approximately 17.3 percent of the children
in the JMA are not deprived in any of the measured dimensions. Most of the deprived children have two
or three deprivations at the same time (28.6 percent and 27.6 percent, respectively). Then, around three
out of four children age 0-17 years old suffer from one to three simultaneous deprivations, reflecting the
depth of multidimensional deprivations among children in the JMA.
Figure 4 shows the specified dimensions contribution percentage of deprivations faced by children
in the Jakarta Metropolitan Area (JMA). In every case, the contribution of every dimension for the
highest dimension is equal.
Nearly two-thirds of the children are deprived in health and food-nutrition dimensions if they are
deprived in one dimension. Approximately one out of two children are deprived in health and foodnutrition dimensions if they are deprived in two dimensions. Then, one-third of the children will be
deprived in these two dimensions if they are deprived in all six dimensions.
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48.55

Health

Immunization (6)

39.24

Insurance

3.56

Child
Protection

Child worker (5)

0.20

Early marriage (5)

11.44

Birth cert.

3.02

Food and
Nutrition

Breastfeeding (4)

19.48

Fat B cons (3)

29.02

Calory cons.

1.30
19.92

Sanitation

17.12

Drinking water

17.37

School lateness(2)

15.84

School attendance(1)

Housing

Educatio
n

Facility

Cooking fuel

1.30

Floor material

21.19

Floor area

0

10

20

30

40

50

Figure 2. Number of children deprived in a given indicator as a percentage of total
children in JMA
Source: Author’s calculation, Indonesia Susenas 2016
where:

Age 3-17 year; (2) Age 7-17 year; (3) Age 5-17 year;
(4)
Age 0-11 month; (5) Age 10-17 year; (6) Age 12-59 month.
(1)

29.35
28.62

27.57 27.75
27.58
22.79

17.81
17.28

16.74

15.68

17.56
17.06

7.77

6.91

6.97

7.48
1.45

1.74

0.17

1.47
0.24

0 Dimension 1 Dimension 2 Dimensions 3 Dimensions 4 Dimensions 5 Dimensions 6 Dimensions

Urban

Rural

Total

Figure 3. Share of children deprived in number of dimensions in JMA by type of
area residence
Source: Author’s calculation, Indonesia Susenas 2016
Figure 4 shows that in JMA, the proportion of children that are deprived in health and food-nutrition
dimensions will decrease as the number of dimension increase. On the contrary, the proportion of
children that are deprived in child protection, education, and housing dimensions will increase overall
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as the number of dimensions goes up. Facility dimension is the only dimension that doesn’t follow the
two trends before, whereas the largest proportion of children that deprived in this dimension if children
in JMA deprived in four out of six dimensions.

6 Dimensions

16.67

16.67

16.67

5 Dimensions

16.63

16.38

18.02

4 Dimensions

13.98

3 Dimensions

14.03
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1 Dimension

8.54
0

16.46

19.61

13.43

19.54

11.56

11.49
10

Housing

15.28

16.67

18.32

20
Education

30
Facility

14.57

17.94

12.57

20.97

8.34

50

Food and Nutrition

20.52

23.69

4.55

32.95
40

16.67

18.03

25.60

14.70

16.67

27.85

1.98
60

70

30.35
80

Child Protection

90

100

Health

Figure 4.Percentage of the deprived children in JMA by number of dimensions
Source: Author’s calculation, Indonesia Susenas 2016
Table 2 shows the estimates of deprivation headcount rate (𝐻), average intensity among the deprived
(𝐴), and the adjusted multidimensional deprivation headcount rate for deprivation intensity (𝑀0), at all
possible thresholds (𝑘). The vast majority of children are deprived in at least one dimension with 82.72
percent, while 54.10 percent are deprived in two or more dimensions.
Table 2. Headcount, average intensity, and adjusted multidimensional child poverty by cut-off
point of the number of dimensions in Jakarta Metropolitan Area
Cut-off
(1)
𝑘≥1
𝑘≥2
𝒌≥3
𝑘≥4
𝑘≥5
𝑘=6

Headcount (𝐻)
(2)
82.72
54.10
26.52
9.46
1.98
0.24

Average intensity (𝐴)
(3)
0.35
0.45
0.57
0.71
0.85
1.00

Adjusted headcount (𝑀0)
(4)
29.17
24.40
15.21
6.68
1.69
0.24

The results also display that, taking a cut-off level of at least 3 dimensions (𝑘 ≥ 3), nearly one-fourth
of children in JMA are deprived in at least three dimensions. These children experience, on average,
0.57 of all possible deprivations, or 3.4 deprivations, which indicates a massive high deprivation
intensity. Then, the adjusted multidimensional deprivation headcount rate for deprivation intensity in
JMA is 15.21 percent.
The adjusted multidimensional deprivation headcount (𝑀0) is the product of the headcount and the
average intensity that allows us to compare the overall multidimensional poverty situation in terms of
both headcount and average intensity comparison and decomposition [18].
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JMA

3.3 Intra-region analysis of multidimensional and monetary child poverty
Monetary and multidimensional child poverty measures should be used together whenever possible
to provide a holistic picture of child well-being [19]. In this study, we calculated the headcount of
monetary child poverty using the specified poverty lines and we compare it to the adjusted headcount
of multidimensional poverty with a cut-off point of at least three dimensions.
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15.21
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11.33
7.73
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Bogor Reg

29.78
11.25
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9.52
13.86

Bekasi

10.00
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North Jakarta
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17.16
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Tangerang Reg
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Figure 5. Headcount of the monetary and adjusted headcount of multidimensional child poverty by
municipality/region in JMA (Source: Author’s calculation, Indonesia Susenas 2016)
Based on Figure 5, the number of deprived children is nearly two times larger than deprived children
in the Jakarta Metropolitan Area (JMA). Almost all regions in JMA have larger deprived children than
poor children, except for Depok, Bekasi, and Bogor in West Java Province. Depok is the only region in
JMA that has deprived children of less than 10 percent. Bekasi has the largest surplus of deprived
children with the gap of only 1.73 percent to its poor children, while Bogor is the only region that has a
similar rate between deprived and poor children in JMA.
Which regions are doing worse? With almost 30 percent of children in Bogor Regency deprived
multidimensionally, this figure is four times larger than the poor children in this region, with more than
20 percent gap between deprived and poor children.
Other regions that did worse than Bogor Regency are West, East, and North Jakarta in DKI Jakarta
Province. While the poor children insignificantly only account for less than three percent of their child
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Banten

DKI Jakarta

West Java

JMA

population, the deprived children account for more than 14 percent of its child population. The deprived
children are 8.7, 6.8, and 4.9 times larger than the poor children, respectively.
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Figure 6. Decomposition of the adjusted child deprivation headcount with cut-off 𝑘 ≥ 3 in
Jakarta Metropolitan Area (JMA) by municipality/regency (Source: Author’s calculation,
Susenas 2016)
Figure 6 shows the decomposition of the multidimensional child poverty index, by various profiling
variables, to show the relative contribution of deprivation in each dimension to the index. The
dimensions of health, food, and nutrition, and facility have the highest relative contribution to overall
multidimensional poverty across JMA.
The main contributor to the relative contribution of deprivation in regions in West Java Province is
the health dimension, except for Bogor and Bogor Regency with facility dimension as their main
contributor. This case also happens in regions in Banten Province of JMA, whereas the health dimension
is the main contributor except for Tangerang Regency where their main contributor is the facility
dimension. In five regions in DKI Jakarta Province of JMA, the highest contributor for West and South
Jakarta is health dimension; housing in North and Central Jakarta; and food-nutrition dimension in East
Jakarta.
4. Conclusions
Child poverty is a multidimensional concept which measures child wellbeing development. Four
primary conclusions can be drawn from this study. First of all, in a single deprivation, health and foodnutrition have the highest figures. Almost one out of two children is deprived in these two dimensions.
This is mostly driven by the vast majority of children who did not receive full immunization (such as
BCG and all three DPT vaccinations by age 23 months), have bad coverage of health insurance, and
unimproved calorie consumption per capita per day. On the other hand, only 3 percent of children did
not have exclusive breastfeeding.
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Secondly, in the extent of child deprivations children faced, the proportion of children that are
deprived in the health and food-nutrition dimensions will decrease as the number of dimension increase.
On the contrary, the proportion of children that are deprived in child protection, education and housing
dimensions will increase overall as the number of dimensions goes up. The facility dimension is the
only dimension that doesn’t follow the previous two trends, whereas the largest proportion of children
that are deprived in this dimension if children deprived in four out of six dimensions.
Thirdly, with taking a cut-off level of at least three dimensions (𝑘 ≥ 3), nearly one-fourth of children
are deprived in at least three dimensions. These children experience, on average, 0.57 of all possible
deprivations, or 3.4 deprivations, which indicates a massive high deprivation intensity. Then, the
adjusted multidimensional deprivation headcount rate for child deprivation intensity is 15.21 percent.
Finally, in terms of the region child poverty analysis, the deprived children are almost two times
larger than the poor children, with only three regions that have the deprived children less than the poor
children. Then, the dimensions of health, food nutrition, and facility have the highest relative
contribution to overall multidimensional poverty in the region.

5. Limitations

This study is vulnerable to a number of limitations. Firstly, the analysis is based on 2016 data, there
is a 5-year lag to the time of the study. However, further study can be conducted using 2020 data to
compare how well current government administration reducing child deprivation in their first five-year
term. Secondly, this study is limited to the sample of children covered by the Susenas, which by
definition a household survey, excludes some of the most vulnerable children who are not living in
regular households. Lastly, the MODA framework can be modified in various ways, hence the
construction of indicators and dimensions is open to debate and improvement.
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Abstract. During the Covid-19 pandemic, many countries in the world are expected to
experience a slowdown or decrease in Human Development Index (HDI) growth including
Indonesia. The disparities in development among regions to be one of the main issues in
Indonesia. The gaps are not only occurring in HDI, but also in Information and Communication
Technology (ICT) facilities between Western Indonesia and Eastern Indonesia. The purpose of
this study is to analyze how Information and Communication Technology affects the Welfare of
the Population in Eastern Indonesia. Research methods use multiple linear regression methods.
The data is sourced from the BPS-Statistics Indonesia which consists of 17 provinces. The results
showed that the percentage of internet users had a positive and significant effect while the
percentage of the poor population had a negative and significant effect on the welfare of the
population in eastern Indonesia. Therefore, the distribution of infrastructure, especially ICT
infrastructure, does not only focus on western Indonesia. Therefore, it is expected that the
population welfare gap will be reduced. The increasing use of the internet during the Covid-19
pandemic can be used as an opportunity to be used as a bridge for the distribution of information,
communication, and digital-based economic development in order to achieve equitable welfare,
especially in eastern Indonesia.

1. Introduction
The COVID-19 pandemic that hit many countries in the world including Indonesia caused various
impacts on human life. One of the impacts felt is on the achievement of the Human Development Index
(HDI). HDI is an important indicator used to measure success in efforts to build the quality of human
life. However, during the Covid-19 pandemic, some countries in the world are expected to experience a
slowdown or decrease in HDI growth. In similar, Indonesia's HDI growth in 2020 also experienced
slowing growth compared to previous years [1]. In 2020, the national HDI figure was 71.94, an increase
of only 0.02 points compared to 2019 with 71.92.
In addition, there is still a disparity in development between regions to be one of the main issues in
Indonesia. In the National Medium Term Development Plan 2020-2024, territorial development is one
of the national priorities aimed at resolving the problem of disparity. Regional development targets that
are the priority of the current government are the equalization of inter-regional development (Western
Indonesia dan Eastern Indonesia) increasing the competitive advantage of regional growth centers,
improving the quality and access of basic services, competitiveness and regional independence, and
synergy of regional space utilization [2]. Therefore, it is expected that the development gap between
regions and in various aspects can be resolved, including gaps in human development [1].
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In Figures 1a and 1b, it can be seen that in the last five years, in general the development of HDI in
34 provinces in Indonesia has increased, but there is still a disparity in HDI achievement rates between
western Indonesia and eastern Indonesia. Variations in the HDI numbers of western Indonesia are in the
range of 67 to 80 and above (there are provinces that fall into the medium, high, and very high category),
while the variation in HDI in eastern Indonesia is in the range of 58 to 75 and above (there are provinces
that fall into the low, medium, and high categories).

(a)

(b)
Figure 1. Human Development Index (HDI) by Province in Western Indonesia and Eastern Indonesia
2016-2020
Source: BPS-Statistics Indonesia (processed)
The equitable development of the region continues to be improved. The outer region of Java Island,
especially eastern Indonesia, is driven to grow higher than the Java Island while maintaining the
momentum of growth in Java Island. In the next 30 years, the role of Outside Java Island and Eastern
Indonesia is expected to increase to 48.2 percent and 25.1 percent of the national economy [3].
Human Development Index (HDI) is a global indicator developed by the United Nations
Development Program (UNDP). HDI is an index measuring national socioeconomic development, based
on combining measures of education, health, and adjusted real income per capita [4]. The HDI appears
to be a well-balanced indicator of welfare, close to the semantic center of the structure. HDI can be used
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as a proxy to see the level of welfare of the population [5]. BPS-Statistics Indonesia explains that HDI
measures the success in efforts to improve the quality of human life, determines the development ranking
of a region/country, measures the government's performance, as well as the allocator for determining
the General Allocation Grant (DAU). HDI is a very important indicator where in the 17 SDGs goals,
there are three targets that are closely related to human development, namely the third goal, the fourth
goal, and the eighth goal. Those goals are to ensure healthy lives and promote well-being for all at all
ages; ensure inclusive and equitable quality education and promote lifelong learning opportunities for
all; promote sustained, inclusive and sustainable economic growth, full and productive employment and
decent work for all [6].
The level of population welfare can be influenced by three main factors: income per capita, poverty,
and income inequality [4]. A previous study about the determinants of the disparity in population welfare
level in Indonesia using HDI as a proxy found that the percentage of poor people and the Gini coefficient
have a negative effect on HDI values between 34 provinces in Indonesia, while GRDP per capita and
the ratio of health spending to Regional Government Budget (APBD) have a positive effect on HDI [5].
A previous study about the determinants of the disparity in population welfare level in Indonesia using
HDI as a proxy found that the percentage of poor people and the Gini coefficient have a negative effect
on HDI values between 34 provinces in Indonesia, while GRDP per capita and the ratio of health
spending to Regional Government Budget (APBD) have a positive effect on HDI [7][8][9]. Capital
expenditures are based on regional needs for facilities and infrastructure, both for the smooth
implementation of government tasks and public facilities. Increasing the quality of public services will
simultaneously affect the level of public welfare.
The era of human development today faces challenges along with the advancement of information
technology, namely the era of digital society including in Indonesia. Information and Communication
Technology (ICT) is growing very rapidly, especially in the telecommunications industry that occurred
over the past few years. This is characterized by a shift from the use of fixed-wire phones to the use of
mobile phones and the rapid use of the internet through mobile phones. In 2015 the percentage of the
population using the internet was only 21.98, a figure that increased almost 2.5-fold to 53.73 percent by
2020 [10]. The phenomenon of increased internet use occurs both in urban and rural areas in Indonesia.
Telecommunications has eliminated distance boundaries and reduced the differences between
communities in urban and rural areas. Time differences, location distances, and heterogeneity of
population characteristics are no longer barriers in the speed of information dissemination [11].
One of the unique findings is that at the beginning of the Covid-19 pandemic, namely in March 2020
internet usage increased by 53.73 percent (increased by 6.04 percent) when compared to the previous
year, which was 47.69 percent. [10]. In addition, currently the use of the internet is not only used to
communicate and search for information, but also used for economic activities [2].
Economic activity is inseparable from the use of ICT infrastructure. ICT infrastructure is a major
driver for economic growth in various countries. Indonesia is the largest island nation in the world.
Infrastructure development, including ICT infrastructure is still uneven. The acceleration of
infrastructure development in eastern Indonesia has been done in a better direction but the information
infrastructure gap between the Western Region of Indonesia and eastern Indonesia still exists [12].
The telecommunications sector has a very important role to improve the efficiency of economic
activities, trade, administration, improving the effectiveness of social services, emergencies, distributing
more evenly the social, cultural and economic benefits of development outcomes to whole communities
and countries [13].
On the other hand, the development of information technology is closely related to the development
of a region related to exploration of the relationship between the use of ICT and development in Africa
[14]. Indonesian Ministry of National Development Planning had studied about the development of
eastern Indonesia. They found that the improvement of communication facilities is positively correlated
with regional development and business activities of a region [12].
In this study we use the internet as a proxy in measuring the level of ICT infrastructure in a region.
The use of ICT (one of which is the use of the internet) which is increasing during the Covid-19
Pandemic, becomes an opportunity as well as a challenge for the government in improving population
welfare. This study aims to provide an overview of the development of HDI and the percentage of
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internet users in eastern Indonesia and analyze the influence of ICT on population welfare in eastern
Indonesia.
2. Methodology
2.1. Data Coverage
The data used in this study is secondary data obtained from the BPS-Statistics Indonesia in eastern
Indonesia in 2020. The data used in the form of cross sections data on several variables include, Human
Development Index (HDI), percentage of internet users, percentage of poor population, capital
expenditure, and per capita income.
The analytical methods used in this study are descriptive analysis and inference analysis. Descriptive
analysis is useful for describing HDI and percentage of internet users as well as other variables in the
form of thematic maps. Meanwhile, inference analysis is useful for knowing the effect of independent
variables on dependent variables. In this study, HDI was a dependent variable and the rest was an
independent variable. Inference analysis in this study used multiple linear regressions
2.2. Multiple Linear Regression
Regression analysis is one of the data analysis techniques that is often used to study the relationship
between several variables and predict a variable [15]. A multiple linear regression model is an equation
that states the relationship between one dependent variable and one or more independent variables [16].
Therefore, the multiple linear regression model formed is as follows:
𝐻𝐷𝐼𝑖 = 𝛼 + 𝛽1 𝐼𝑁𝑇𝑖 + 𝛽2 𝑃𝑅𝑖 + 𝛽3 𝐵𝑀𝑖 + 𝛽4 𝑃𝑃𝐾𝑖 + 𝜀𝑖
Note:
i
α
HDI_i
INT_i
PR_i
BM_i
PPK_i

(1)

: 1,2,3, …, N province in Western Indonesia
: Interception
: Human Development Index
: Percentage of internet users
: Percentage of poor population
: Capital expenditure
: Per capita income

3. Results and Discussions
3.1. Overview of HDI and Other Variables
Figure 2a shows HDI in eastern Indonesia presented in the form of thematic maps. Dark brown areas
indicate areas with high HDI, orange areas indicate areas with moderate HDI, and yellow areas indicate
areas with low HDI.
In 2020, East Kalimantan Province is the province with the highest HDI in Eastern Indonesia with a
value of 76.24. The magnitude of the HDI value is not spared from the performance of each dimension
of the HDI constituent. There are three constituent dimensions of HDI, namely longevity and healthy
living, knowledge, and a decent standard of living. East Kalimantan province in 2020 has a Life
Expectancy of 74.33 years, a school-length expectation rate of 13.72 years, an average length of
schooling of 9.77 years, and per capita expenditure as a viable standard of living proxy of 11.73 million
per year. This achievement can be realized, one of which is thanks to government support that makes
improving the quality of human resources as the first goal in the regional spending revenue budget [17].
The province in eastern Indonesia that has the lowest HDI in 2020 is Papua Province. Judging from
the dimensions of IPM forming in Papua Province in 2020, including Life Expectancy of 65.79 years,
the old school expectation rate of 11.08 years, the average length of school 6.69 years, and per capita
expenditure of 6.954 million per year. The quality of human resources in Papua Province is low because
of the mindset of people who prioritize ceremonies and parties rather than education. In addition, the
character of the community that tends to be quickly satisfied makes the productivity of the community
less optimum.
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Figure 2b shows the percentage of internet users in eastern Indonesia presented in the form of
thematic maps. Dark brown regions show regions with a high percentage of internet users, orange
regions show regions with moderate percentages of internet users, and yellow regions indicate regions
with low percentages of internet users.
In 2020, East Kalimantan Province is the province with the highest percentage of internet users in
eastern Indonesia with a value of 66.24 percent. Meanwhile, the province with the lowest percentage
of internet users in eastern Indonesia in the same year was Papua Province. Based on data from the BPSStatistics Indonesia, East Kalimantan had an ICT development index of 6.26 in 2019 and became a
province of medium ICT development index category. Papua province in the same year had an ICT
development index of 3.33 and became a province with low ICT development index. ICT development
index is a measure of ICT development that can be compared between time and between regions. The
higher ICT development index indicates ict development in the region is optimal otherwise, low ICT
development index reflects the development of ICT development index in the region is less than
optimum.
Based on Figure 2a and Figure 2b it is known that the province with a high percentage of internet
users is the province with the highest HDI as well. Not only that, the province with a low percentage of
internet users is the province with the lowest HDI. Therefore, it can be stated that the percentage of
internet users affects the magnitude of HDI in eastern Indonesia. This is reinforced through research
conducted by [18] and [19] which states that the increase in internet users has a significant effect on
human development in West Africa.

(a)

(b)

Figure 2. HDI and Percentage of Internet Users in Eastern Indonesia 2020
Source: BPS-Statistics Indonesia (processed)
Other variables that are suspected to also affect HDI in the eastern region of Indonesia are the
percentage of the poor population and capital expenditure. Other research conducted states that in
Central Java Province, poverty has a negative and significant effect on HDI [20]. In other words, the
lower the poverty, the higher the HDI.
Figure 3 shows the percentage of poor people in eastern Indonesia in the form of thematic maps.
Dark brown areas indicate areas with a high percentage of poor population, while areas in orange and
yellow indicate areas with a percentage of moderate and low poor populations.
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Figure 3. Percentage of Poor People in Eastern
Indonesia 2020
Source: BPS-Statistics Indonesia (processed)
In 2020, Papua Province is the province with the largest percentage of poor people in eastern
Indonesia with a value of 26.64 percent. The provinces with the highest poverty tend to have difficultto-reach topography that hinders population mobility, distribution of goods and services, as well as basic
community services such as energy and health facilities. Natural disasters and prolonged conflicts have
also exacerbated poverty in the region. In addition, poverty is also affected by the ineffective use of
special funds in order to accelerate human development [21].
South Kalimantan is the province with the lowest percentage of poor people in eastern Indonesia in
the same year with a value of 4.38 percent. South Kalimantan province has a flagship program in poverty
alleviation called Gerbangmas-Taskin. The flow of savings and loan funds for the efforts conducted by
Gerbangmas-Taskin succeeded in powering the economy of the community [22].
In addition, government spending is suspected as one of the factors that affect HDI. The amount of
expenditure incurred by the government is a measure of how much attention the government has to
improve the quality of human resources [23]. One of the government expenditures is capital expenditure.
Mirza [20] and Sasana [24] stated that capital expenditure has a positive and significant effect on HDI.
Figure 4 shows capital expenditure in eastern Indonesia in the form of thematic maps. Dark brown areas
indicate areas with high capital expenditures, while areas that are orange and yellow indicate areas with
moderate and low capital expenditures.

Figure 4. Capital Expenditures in Eastern Indonesia
2020
Source: BPS-Statistics Indonesia (processed)
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The capital expenditure, per capita income, and regional native income partially and simultaneously
have a positive and significant effect on the HDI [25]. Figure 5 shows the condition of per capita income
in eastern Indonesia in the form of thematic maps. Dark brown areas indicate areas with high per capita
incomes, while areas that are orange and yellow indicate areas with moderate and low per capita
incomes.
In 2020, East Kalimantan is the province with the highest per capita income in eastern Indonesia with
a value of 124.662 million rupiah. This is because the natural resources in East Kalimantan are very
abundant plus the number of residents is not much. Based on data from the BPS-Statistics Indonesia,
the population of East Kalimantan in 2020 amounted to 3664.7 thousand people with a high Gross
Regional Product, which amounted to 472.864 trillion rupiah. This is inversely proportional to East Nusa
Tenggara which is the province with the lowest per capita income. East Nusa Tenggara’s population in
2020 is higher than the population of East Kalimantan, but not followed by a high Gross Regional
Product.

Figure 5. Per Capita in Eastern Indonesia 2020
Source: BPS-Statistics Indonesia (processed)
The Influence of ICT and Other Variables on The Welfare of Population in Eastern Indonesia
Based on the explanations discussed earlier, the percentage of internet users and the variables
involved in this study is suspected to improve the welfare of the population in eastern Indonesia which
is projected with HDI values. Inference analysis is used to analyze the percentage of internet users and
other variables on HDI in eastern Indonesia. The results of multiple linear regression estimates are
selected as presented in Table 1.
Table 1. Estimation of Multiple Linear Regression
Independent Variable

Coeficient

Prob.

Interception

66.865

0.002

Percentage of Internet Users

0.245

0.023*

Percentage of Poor People

-0.203

0.087*

Capital Expenditure

0.217

0.776

Per Capita Income
R-squared
alpha = 10%

-1.07

0.424
0.77
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The equation can be written as follows:
𝐻𝐷𝐼𝑖 = 66,865 + 0,245𝐼𝑁𝑇𝑖 − 0,203𝑃𝑅𝑖 + 0,217𝐵𝑀𝑖 − 1,07𝑃𝑃𝐾𝑖

(2)

The estimate shows an R-squared value of 0.77. This shows the percentage of internet users, the
percentage of the poor population, capital expenditure, and per capita income is able to explain HDI in
eastern Indonesia at 77 percent. The rest was explained by other variables not involved in the study.
Based on Table 1 when viewed partially shows internet users have a positive and significant effect
on HDI in eastern Indonesia. If there is an increase of one percent of internet users, it will increase HDI
in eastern Indonesia by 0.245 percent if other variables are considered constant. The internet use can
improve the welfare of the population [26].
Increased internet use, especially during the Covid-19 Pandemic, is a golden opportunity. This is
because inevitably people have to master the use of technology. The existence of a policy of limiting
activities outside the home so that the use of technology is one of the alternative steps in doing these
activities even though it does not have to be on site.
Based on data from the BPS-Statistics Indonesia, the number of internet users has increased in most
provinces in eastern Indonesia. For example, the number of internet users in Papua Province always
increased in 2015 to 2019. In 2015, internet users in Papua Province amounted to 8.98 percent. In 2019,
internet users in Papua province amounted to 21.70 percent.
The government is currently working on a sky toll program. The Langit Toll Program is a concept of
accelerating growth and equitable development, availability of telecommunications network
infrastructure and communication in connecting all regions of Indonesia. Based on Presidential
Instruction No. 9 of 2020 on accelerating the development of the welfare of Papua Province and West
Papua Province, the government strives to always make efforts in improving various developments in
Papua. Efforts are made such as the promotion of tourism and local products typical of the land of Papua
through the Indonesian Proud National Movement (Gernas BBI) and the Proud Movement of Travel in
Indonesia [27].
The Gernas BBI program can encourage national branding of superior local products so as to create
jobs and boost economic growth. In addition, the program is considered able to accelerate digital
transformation and national creative industries that can encourage micro, small, and medium enterprises
to the digital ecosystem.
Internet use is not only able to improve welfare in urban areas, but also applies in rural areas. The
internet use can improve the food and nutrition of smallholder farmers in Ghana. Therefore, efforts to
improve internet connectivity across the country are indispensable as they greatly help affect the wellbeing of rural households [28].
Currently, the Ministry of Communication and Informatics through the Information Technology
Accessibility Agency has built about 9 signal reinforcement stations in remote papua, precisely in
Puncak Jaya Regency and Mamberamo Raya Regency. This effort is done so that the area is connected
to internet access. In the early stages, the internet is prioritized in supporting the field of education,
health, and better public services [29].
When viewed from the side of the poor population, the percentage of the poor has a negative and
significant effect on HDI in eastern Indonesia. If there is an increase of one percent of the poor
population, it will reduce HDI in eastern Indonesia. Increasing the poor population can reduce the
welfare of the community [18]. This is because the poor people sometimes still have difficulty in making
ends meet. In addition, children born in poor families, some of them prefer to help their parents rather
than attend school so that their knowledge and skills are inadequate.
Papua province is one of the areas that are difficult to reach in eastern Indonesia so that economic
activity and growth are difficult to develop. In addition, there are still some areas in Papua Province
experiencing isolation and away from civilization, such as mountainous areas so that the welfare of
papuan people is uneven.
Improving the welfare of people in eastern Indonesia, the role of the government is needed. Roles in
question such as allocation, distribution, and stabilization. The role of the Government in providing
assistance should be done evenly so that the welfare of the community increases. But based on Table 1
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shows that capital expenditure has no significant effect on the welfare of people in eastern Indonesia.
The district government spending has a positive but insignificant effect in reducing the amount of
poverty. If people are still living poor, it will interfere with their welfare [30].
With regard to per capita income, Sakamoto (in [31]) income distribution between provinces or
between city districts shows a fairly high income gap. This is due to several factors such as geographical
conditions and inadequate human resource conditions.
4. Conclusion and Recommendation
In 2020 the condition of HDI and the percentage of internet users in eastern Indonesia is still uneven
although in general every year has increased. In addition, the percentage of internet users has a positive
and significant effect on the welfare of the community while the percentage of the poor people has a
negative and significant effect on the welfare of the community. Therefore, the expansion of
infrastructure, especially ICT infrastructure, not only focuses on the Western Region of Indonesia, but
also the Eastern Region of Indonesia. Because ICT also affects human development. That way it is
expected that the welfare gap of the population will shrink.
The increasing use of the internet during the Covid-19 pandemic can be used as an opportunity to be
used as a bridge for the distribution of information, communication, and digital-based economic
development in order to achieve equitable welfare, especially in eastern Indonesia. Based on the
background and results of the discussion, the author submits some suggestions. First, the central
government should cooperate with local governments in addressing the uneven welfare of the people in
Indonesia, especially in the eastern region of Indonesia by involving factors that can affect welfare. If
you have held previous programs should be evaluated about the implementation of the program.
Whether the program has been successful or not, whether the program has run effectively and efficiently,
and so on. In further research it is advisable to add independent variables that affect the welfare of people
in the eastern region of Indonesia. This is because the independent variables used in this study do not
adequately describe the welfare characteristics of people in the area.
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Abstract. Most people with disabilities in Indonesia still live in vulnerable, backward, or poor

conditions due to restrictions, obstacles, difficulties, and reduction or elimination of the rights of
persons with disabilities. In realizing prosperity for all Indonesian people, it should be fair and
not contain discriminatory elements, including persons with disabilities. For this reason, a
measure of the achievement of the welfare of persons with disabilities is needed as evaluation
support material in making plans and policies. This study aims to obtain the welfare factors of
persons with disabilities and compile them into the Welfare Index of Persons with Disabilities
(WIPD). The construction of the WIPD was carried out using the exploratory factor analysis
method. Based on the results, 20 indicators formed five factors, namely accessibility, housing
and access to information, physical and spiritual well-being, social relations and sanitation, and
economic well-being. From the WIPD scores, it is known that there is a gap in WIPD
achievement between the Western and the Eastern Region of Indonesia. For this reason, the
government needs to prioritize inclusive development in provinces with very low and low WIPD
achievements.

1. Introduction
Prosperity is a goal that is to be achieved by all countries in the world, including Indonesia. As stated in
the Pembukaan UUD 1945, one of the objectives of the Indonesian state is to promote the general
welfare based on social justice for all Indonesian people. General welfare in the Opening of the 1945
Constitution can be interpreted as realizing social welfare for all Indonesian people. According to Law
No. 11/2009 Article 1 Paragraph 1, social welfare is a condition of meeting citizen's material, spiritual,
and social needs to live decently and develop themselves to carry out their social functions. Meanwhile,
social justice is a right for every citizen, including equal treatment both in the eyes of the law and in the
fulfillment of fundamental rights such as the right to life, education, health, work, family building, and
the right to freedom of expression and opinion. Reflecting on this, in realizing welfare for all Indonesian
people should be fair and does not contain discriminatory elements, not least for people with disabilities.
Disability is a social issue that is still a problem in Indonesia. Limitations that people with disabilities
often cause the group to be discriminated against and considered to have no independence and only
depend on others. Therefore, people with disabilities are often considered a burden to families and
communities. Suppose people with disabilities are allowed to have the same access as non-disability in
terms of education, employment opportunities, politics, and other fields. In that case, people with
disabilities can likely compete with non-disability. That is in line with a statement by the International
Labour Organization which states that the exclusion of persons with disabilities from the workforce can
result in a loss of Gross Domestic Product (GDP) of three to seven percent [8].
According to data from the Badan Pusat Statistik (BPS), based on the Inter-Census Population Survey
(SUPAS) in 2015, the percentage of people with disabilities aged 10 years and over in Indonesia
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amounted to 8.56 percent. The figure cannot be said to be minor, considering that if people with
disabilities cannot live independently, then people with disabilities will only be a burden to the state.
According to Prasetyo [13], the poverty status of people with disabilities is influenced by internal and
external factors, causing the subpopulation of the population is very vulnerable to being marginalized
to compete in the job market. The ILO states that in every country, people with disabilities are classified
as more susceptible to poverty, measured by traditional economic indicators such as GDP and in nonmonetary aspects such as living standards such as education, health, and living conditions. About 82
percent of people with disabilities live below the poverty line in developing countries and often face
limited access to education, health, training, and decent work [8].
One of the considerations of the establishment of Law No. 8 of 2016 on Persons with Disabilities is the
fact that most people with disabilities in Indonesia still live in vulnerable, underdeveloped, or poor
conditions due to restrictions, obstacles, difficulties, and reduction or disappearance of the rights of
persons with disabilities. This condition is reflected through the lack of public facilities that are friendly
to people with disabilities, access to challenging education, and the lack of companies that employ
people with disabilities. Based on the results of the National Socioeconomic Survey (Susenas) in March
2019, 12.26 percent of people with disabilities in the 7-12 year age group did not attend school, 30.62
percent in the age group of 13-15 years, and the largest percentage was in the 16-18-year-old group of
51.01 percent. In addition, BPS states that people with disabilities have the lowest Literacy Rate [3]. In
terms of employment, according to research conducted by LPEM FEB UI [10], in Indonesia, only 56.72
percent of people with mild disabilities participate in the labor force. The labor force participation rate
of people with severe disabilities is known to be even lower, which is only 20.27 percent. In contrast,
the non-disability participation rate in the labor force is 70.40 percent. According to Yeo and Moore
[19], the reasons that may make it difficult for people with disabilities to enter the workforce are
discrimination against persons with disabilities, such as institutional discrimination, physical
environmental discrimination, and social discrimination.
The improvement of disability problems is caused by socio-cultural factors, economic factors, and
weak policies and law enforcement in favor of the disability community [7]. To realize equal rights and
opportunities for persons with disabilities towards a prosperous, independent, and non-discrimination
life, the President of the Republic of Indonesia passed Law No. 8 of 2016 on Persons with Disabilities.
In-Law No. 8 of 2016 written the implementation and fulfillment of the rights of persons with disabilities
based on respect for dignity; individual autonomy; without discrimination; full participation; diversity
of people and humanity; equality of opportunity; equality; accessibility; the growing capacity and
identity of the child; inclusive; special treatment and special protection.
As previously explained, the protection and fulfillment of rights for persons with disabilities can
improve the living conditions of persons with disabilities, with the protection of the rights of persons
with disabilities, can increase the participation of persons with disabilities more actively in society to be
able to participate in the development of the state. In addition, the protection and fulfillment of the rights
of persons with disabilities are also critical in forming people with disabilities who are independent and
prosperous. A measure of the achievement of the welfare of persons with disabilities is needed that can
be used as an evaluation support material in making planning and policies to improve the welfare of
persons with disabilities. There has been much research conducted on people with disabilities both in
the national and international scope. However, up to now there has been no research or government
agency that forms a single indicator that can measure the well-being of people with disabilities. Because
the welfare of persons with disabilities concerns many aspects of life, it is considered necessary for a
single indicator to measure the well-being of persons with disabilities. The purposes of this study are to
know the overview of welfare of person with disabilities in Indonesia, to know the well-being of persons
with disabilities factors in Indonesia at 2018, to know the level of persons with disabilities by province
in Indonesia, and to know the uncertainty analysis of the disability welfare index.

2. Methodology
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2. 1. Persons with Disabilities
Previously disability was only viewed in the medical context, but now the view on people with
disabilities has shifted to a social context [18]. In this study, the definition of persons with disabilities
used refers to defining according to Law No. 8 of 2016 on persons with disabilities. In-Law No. 8 of
2016, persons with disabilities are defined as any person who experiences physical, intellectual, mental,
or sensory limitations over a long period who interacts with the environment can experience obstacles
and difficulties to participate fully and effectively with other citizens on equal rights.
2. 2. Welfare
Welfare is plural or multidimensional, so there are various views on welfare. Welfare is a state when the
fulfillment of basic needs and the realization of the values of life, for that it can be said that welfare is
another terminology of the quality of human life [5]. In its development, welfare is not only about
meeting needs but also the fulfillment of rights for every citizen [15]. The rights of persons with
disabilities were declared through CRPD by the United Nations (UN) in 2007 in New York, where the
Indonesian state signed the convention. The rights of persons with disabilities are further regulated in
Law No. 8 of 2016.
The framework used in this study refers to the research of Monsalve, Morán, Alcedo, Lombardi,
Schalock, and Gómez [11] as follows.
Personal
Development

Selfdetermination

Interpersonal
relationships

Social Inclusion

WIPD

Rights

Emotional
Wellbeing

Physical
Wellbeing

Material
Wellbeing

Figure 1. Framework
2. 3. Method of Collecting Data
The data used in this study includes data from 34 provinces in Indonesia which are secondary data
sourced from raw data of the Village Potential Data (Podes) 2018, National Socioeconomic Survey
(Susenas) Kor, and Socio-Cultural and Educational Module (MSBP) 2018.
2. 4. Analysis Method
The analytical method used in compiling the Disability Welfare Index in this study is exploratory factor
analysis (EFA). Exploratory factor analysis was chosen because there is no (or unknown) standard
theory that explains the well-being factors of persons with disabilities and their relation to previous
indicators of disability well-being. Here are the measures on the well-being index of persons with
disabilities adopted from the steps of drafting a composite index according to the OECD [12]:
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1. Establishment of theoretical framework and selection of indicators
2. Normalization
The normalization step is done to make the indicators used to be comparable. In this study, the
normalization method used is the min-max method. The value of the range to be obtained ranges
from 0 to 1.
If the indicator is in line with the disability's well-being index:
𝑥𝑖𝑗 ′ =

𝑥𝑖𝑗 − 𝑚𝑖𝑛𝑗 (𝑥𝑖 )
𝑚𝑎𝑥𝑗 (𝑥𝑖 ) − 𝑚𝑖𝑛𝑗 (𝑥𝑖 )

(1)

If the indicator is in the opposite direction to the disability's well-being index:
𝑥𝑖𝑗 ′ = 1 −

𝑥𝑖𝑗 − 𝑚𝑖𝑛𝑗 (𝑥𝑖 )
𝑚𝑎𝑥𝑗 (𝑥𝑖 ) − 𝑚𝑖𝑛𝑗 (𝑥𝑖 )

(2)

3. Multivariate analysis
Multivariate analysis is done to know the structure of the dataset. In this study, the multivariate
analysis method used is factor analysis.
4. Weighting and aggregation
In this study, the weight counting method was equal weighting on indicators. This method can be
said to be very simple in calculating the weight of indicators. The formula used in calculating equal
weighting in indicators is as follows.
𝑏𝑖 =

(3)

1
𝑝

After the weight for each indicator is calculated, the aggregation of each indicator is calculated with
the following formula.
𝑖

𝐼𝑛𝑑𝑒𝑥𝑗 = ∑ 𝑏𝑖 𝑥𝑖𝑗 ′

(4)

1

5. Categorization and visualization
The index produced in the previous stage will be categorized into several groups using the natural
breaks method and presented in the thematic map form.
6. Uncertainty analysis
Uncertainty analysis is done to measure the resilience of the index that has been formed. The
uncertainty analysis draws on Salvati and Carlucci's [14] and Tate [16] research. Before doing
uncertainty analysis, first compiled a composite index with several different scenarios. In this study,
different scenarios are used based on the following weighting methods.
Scenario 1: equal weighting on indicators
Scenario 2: unequal weighting on indicator adapts weighting of Indeks Perilaku
Ketidakpedulian Lingkungan Hidup (IPKLH) 2018
Scenario 3: unequal weighting in indicators refers to Salvati and Carlucci's research, 2014
Scenario 4: unequal weighting in indicator refers to the weighting of the Indeks Pembangunan
Desa 2018
Scenario 5: equal weighting on factors
Scenario 6: unequal weighting on factors
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3.

Result and Discussion

3. 1. Overview of Welfare of Person with Disabilities in Indonesia
The study used 28 indicators related to the well-being of people with disabilities that were selected based
on the research framework and adjusted to data availability. The overview of eight indicators that
represent each dimension based on the framework will be explained below.
Table 1. Overview of Welfare of Person with Disabilities in Indonesia
Indicator
(1)
Percentage of persons with disabilities aged 0-17
years who have a birth certificate
Percentage of people with disabilities age 15+
working
Percentage of people with disabilities who get
treatment
Percentage of people with disabilities who
watch TV
Percentage of villages that have easy or very
easy access to reach the hospital
Mean years of schooling with disabilities age
15+
Percentage of people with disabilities age
19+ who are married
Percentage of people with disabilities who are
victims of crime

Minimum Maximum
(2)

(3)

Mean
(4)

Standard
Deviation
(5)

46.21

100.00

82.83

13.52

23.48

50.14

34.66

6.49

23.92

49.05

35.56

6.02

28.41

88.57

65.50

12.37

16.21

94.65

60.18

21.58

3.56

8.30

5.03

1.04

43.42

64.51

53.18

5.41

0.19

3.42

1.64

0.75

Based on Table 1, most people with disabilities under the age of 17 in Indonesia already have a birth
certificate. The percentage indicator of persons with disabilities under 17 years of age represents the
dimension of rights that describe the right of children with disabilities in obtaining self-identity and
recognition before the law. However, the disparity in birth certificate ownership for persons with
disabilities is relatively high, illustrated through a standard deviation of 13.52. Furthermore, the material
welfare dimension is represented by the percentage indicator of people with disabilities over 15 years
who are working. This indicator illustrates the ability of people with disabilities to meet their daily
needs. On average, the percentage of people with disabilities who work can be pretty low, only 34.66
percent, with a minimum achievement of 23.48 percent. The physical well-being dimension is
represented by the percentage of people with disabilities who received outpatient care during the monthbefore-survey period and hospitalization a year before the survey. The average percentage of people
with disabilities receiving care is only 35.56, meaning most people with disabilities do not get treatment.
The minimum achievement of this indicator is only 23.92 percent. The percentage indicator of people
with disabilities watching TV represents a dimension of self-determination. This indicator describes
access to information for people with disabilities. On average, the percentage of people with disabilities
who watch TV broadcasts is only 65.50 percent. The standard deviation of people with disabilities who
watch TV can be pretty high at 12.37.
One of the aspects covered in the social inclusion dimension is accessibility for people with
disabilities to live independently and participate fully in all aspects of life. The dimension of social
inclusion is represented by the percentage indicator of villages having easy or very easy access to
hospitals. This indicator has a high disparity of 21.58. That is, the achievement of this indicator is uneven
between provinces in Indonesia. The mean years of schooling (MYS) of people with disabilities
represent the self-development dimension. The achievement of this indicator is very low. The average
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achievement of this indicator is 5.03 years. Based on the data, it is known that most people with
disabilities do not finish their education at the junior high school level. That illustrates the achievement
of MYS for people with disabilities is still far from the target of the 12-year compulsory learning
program stipulated in the Regulation of the Minister of Education and Culture of the Republic of
Indonesia Number 19 of 2016 concerning the Smart Indonesia Program. The percentage of people with
disabilities over the age of 19 who are married represents the dimension of interpersonal relationships.
On average, 53.18 percent of people with disabilities over the age of 19 are married. The dimension of
emotional well-being is represented by the percentage of people with disabilities who are victims of
crime. This indicator illustrates a sense of freedom from various forms of crime. The maximum
achievement of the crime victim indicator is 3.42 percent, while the minimum achievement is 0.19
percent.
3. 2. Well-Being of Persons with Disabilities Factors in Indonesia at 2018
Factor analysis is carried out on indicators that are suspected to affect the well-being of people with
disabilities. Factor analysis reduced indicators by paying attention to the values of Kaiser-Meyer-Olkin
(KMO), Bartlett's test of sphericity, Measure of Sampling Adequacy (MSA), and communalities. The
process of factor analysis is carried out by the process of discarding (dropping) and entering (add)
indicators until it meets the provisions of KMO values, Bartlett's Test of Sphericity, MSA, and
communalities. After the process of dropping and add variables repeatedly obtained results with the
acquisition of KMO value of 0.74. KMO value is an illustration of the adequacy of the sample in
conducting factor analysis. Based on an assessment by Kaiser and Rice [9], a KMO value of 0.74 means
that the data is sufficient to be used in factor analysis. From the results of the analysis of these factors,
Bartlett's test of sphericity with a p-value of 0.00 (p-value<0.05) means that the correlation matrix
between the indicative is not an identity matrix or in other words indicators are correlated. Furthermore,
each indicator that has an MSA value of less than 0.5 (<0.5) is issued one by one, so that only the
remaining indicators have an MSA value greater than 0.5 (>0.5). Similarly to communalities values,
only indicators with communalities values above 0.5 are maintained. From the process, there are 8
indicators that are reduced so that 20 indicators of reduction results are obtained.
If the conditions in conducting factor analysis have been met, then the following factor analysis is
carried out. In the process of factor analysis, it is necessary to determine the number of factors that will
be formed. In this study, the number of factors was determined using the help of scree plot based on
more than one eigenvalue. Based on determining the number of factors using eigenvalue, the number
of factors formed is five factors. After determining the number of factors to be formed, then the next
thing to note is the loading factor of each indicator. The loading factor value describes the correlation
between the indicator and each factor formed. The resulting loading factor value still shows multiinterpretive results for some indicators. That is, it is still difficult to determine the indicator into the right
factors. Therefore, it is necessary to rotate to facilitate the grouping of indicators to their respective
factors. In this study, the type of rotation factor used is varimax rotation. The results of the rotation are
then grouped into each factor based on the most considerable loading factor value.
Of the five factors formed based on the factor analysis results, the cumulative total of unexplained
variance is 81.291 percent, while other factors describe the rest. Factor 1 has an eigenvalue of 7.539 and
is able to account for 26.639 percent of the total variance. Factor 1 consists of the percentage of people
with disabilities aged 0-17 years who have birth certificates, the percentage of people with disabilities
who get treatment, the percentage of people with disabilities with decent drinking water, the percentage
of people with disabilities who use electricity as the main source of lighting, the percentage of villages
that have easy or very easy access to reach the police station. Based on its forming indicators, factor 1
is related to the accessibility of persons with disabilities in various aspects of life. For that, factor 1 is
named the accessibility factor. Meanwhile, factor 2 is called the housing and access to information factor
because factor 2 is formed from indicators that describe the feasibility of residence and access to
information for people with disabilities. This factor consists of the percentage of people with disabilities
living in dwellings with decent walls, the percentage of people with disabilities living in dwellings with
decent floors, and the percentage of people with disabilities who watch TV. The housing and information
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factor consists of three indicators that explain 15.297 percent of the total variance and have an
eigenvalue of 4.830.
Furthermore, factor 3 has an eigenvalue of 1.478 and is able to explain 14.557 of the total variance.
Factor 3 consists of the percentage of people with disabilities who exercise, the percentage of people
with disabilities who visit the library, and the percentage of people with disabilities who watch the show.
Sports indicators are related to the physical health of people with disabilities, while indicators of visits
to the library and watching performances are related to the fulfillment of spiritual needs for disabled
people. Therefore, factor 3 is named the physical and spiritual well-being factor. Factor 4 consists of
four indicators that are able to explain 13.679 percent of the total variance and have an eigenvalue of
1,356. Factor 4 consists of the percentage of persons with disabilities aged 15 years and above who
work, the percentage of persons with disabilities who have proper sanitation, the percentage of persons
with disabilities aged 10 years and above who attend meetings, the percentage of persons with
disabilities aged 19 years and above who are married. For that reason, factor 4 is named the social
relationship and sanitation factor. Factor 5 consists of two indicators: the percentage of people with
disabilities with ownership of their own residential buildings and the Mean Years of Schooling (MYS)
of people with disabilities aged 15 years and above. Both indicators forming factor 5 can be attributed
to the financial ability of people with disabilities. Therefore, factor 5 is named the economic well-being
factor. This economic well-being factor has an eigenvalue of 1,055 and can account for 11,118 percent
of the total variance.
3. 3. Level of Welfare of Persons with Disabilities by Province in Indonesia
After the indicators of reduction results have been grouped into five factors using factor analysis, the
following process is to calculate the weight for each indicator. Calculation of indicator weights is done
using the equal weighting method on the indicator. Weight count using the equal weighting method is
done using equations (3). These indicators are further multiplied by their respective weights to be
aggregated into the well-being index of persons with disabilities. The resulting index has a range of
values from 0 to 100. Suppose the index value is getting closer to 100 means the better the level of
welfare of people with disabilities in the province. Similarly, if the index value is more relative to the
value of 0, it means that the worse the level of welfare of people with disabilities in the province. Here
is the Index of Welfare of Persons with Disabilities results by provinces in Indonesia from highest to
lowest.
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RIAU
GORONTALO
JAMBI
BALI
JAWA TENGAH
DI YOGYAKARTA
SULAWESI UTARA
KEPULAUAN RIAU
ACEH
NUSA TENGGARA BARAT
KEPULAUAN BANGKA BELITUNG
SUMATERA BARAT
KALIMANTAN TIMUR
SULAWESI TENGAH
JAWA BARAT
SUMATERA SELATAN
LAMPUNG
DKI JAKARTA
JAWA TIMUR
BENGKULU
BANTEN
SUMATERA UTARA
KALIMANTAN SELATAN
KALIMANTAN UTARA
KALIMANTAN TENGAH
SULAWESI SELATAN
MALUKU UTARA
SULAWESI TENGGARA
KALIMANTAN BARAT
MALUKU
SULAWESI BARAT
PAPUA BARAT
NUSA TENGGARA TIMUR
PAPUA

67.72
67.41
67.33
67
66.57
66.32
65.83
65.1
65.02
64.82
63.93
63.68
63.6
63.27
62.16
62.07
61.8
61.22
60.63
59.63
59.58
58.88
56.38
56.05
55.8
55.56
54.92
51.86
50.9
47.81
47.73
46.72
38.42
27.52
0
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Welfare Index of Person with Disabilities in Indonesia

Figure 2. Welfare Index of Person with Disabilities (WIPD) by Province in Indonesia
According to Figure 2, it can be known that the ten provinces with the highest Disability Welfare
Index (WIPD) scores in Indonesia include Riau Province, sGorontalo, Jambi, Bali, Central Java, DI
Yogyakarta, North Sulawesi, Riau Islands, Aceh, and West Nusa Tenggara. Seven of the ten provinces
with the highest disability welfare index score in Indonesia are located in Sumatra, Java, and Bali, which
include the Western Region of Indonesia. Meanwhile, the ten provinces with the lowest Disability
Welfare Index score in Indonesia are occupied by Papua, East Nusa Tenggara, West Papua, West
Sulawesi, Maluku, West Southeast Sulawesi, North Maluku, South Sulawesi, and Central Kalimantan.
From Figure 2 it can be seen that the Achievement of the Papua Province Disability Welfare Index is
the lowest among all provinces in Indonesia, which is only 27.52. In contrast, the province with the
highest achievement of the Disability Welfare Index was occupied by Riau Province, with an index
achievement of 67.72. There is a considerable range between the acquisition of the Disability Welfare
Index score obtained by Riau Province with the score obtained by Papua province, which is 40.20. That
is, there is a considerable inequality in the welfare of people with disabilities in Indonesia. If the
acquisition of the Disability Index score in Indonesia is presented in the form of thematic maps, the
following results will be obtained.
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Figure 3. Distribution Map of WIPD in Indonesia
In Figure 3 each province in Indonesia is grouped into five groups using the natural breaks method.
Based on the grouping, there are 2 provinces with very low categories of Disability Welfare Index, 5
provinces with low categories, 4 provinces with moderate categories, 8 provinces with high categories,
and 15 provinces with very high categories. Papua and East Nusa Tenggara provinces became provinces
with the achievement of the Disability Welfare Index which fell into the very low category with
consecutive index achievements of 27.52 and 38.42. Five provinces that fall into the low category
include West Papua with an index score of 38.42; West Sulawesi with an index score of 47.73; Maluku
with an index score of 47.81; West Kalimantan with an index score of 50.90; and Southeast Sulawesi
with an index score of 51.86.
From the thematic map, it can be seen that the Western Region of Indonesia shows a pretty good
achievement of the Welfare Index of Persons with Disabilities. On the other hand, the achievement of
the Disability Welfare Index tends to be low in eastern Indonesia. This can be proven through the
categorization of the Disability Welfare Index, where of the seven provinces that fall into the low and
very low categories all are in eastern Indonesia. This shows the inequality of the welfare of people with
disabilities between eastern and western Indonesia.
3. 4. Uncertainty Analysis of The Disability Welfare Index
In the preparation of composite indexes, several stages are subjective, ranging from indicator selection,
transformation methods, weight counting, to aggregation methods. For that, a measure is needed that
can describe the durability of the composite index that has been formed. One method that can be used
to measure the durability of a composite index is uncertainty analysis. In this study, uncertainty analysis
was conducted using six scenarios (see point 2.4.) with scenario 1 as the baseline scenario. The six
scenarios were created by focusing only on the weight counting method. The uncertainty analysis used
in this study refers to Salvati and Carlucci's research (2014) as well as the Tate study (2013).
Table 2. Spearman correlation matrix of inter scenario rankings
Scenario 1

Scenario 2

Scenario 3

Scenario 4

Scenario 5

Scenario 6

Scenario 1

1.000

0.983

0.992

0.890

0.638

0.778

Scenario 2

0.983

1.000

0.987

0.828

0.594

0.715

Scenario 3

0.992

0.987

1.000

0.879

0.594

0.747

Scenario 4

0.890

0.828

0.879

1.000

0.590

0.818

Scenario 5

0.638

0.594

0.594

0.590

1.000

0.889

Scenario 6

0.778

0.715

0.747

0.818

0.889

1.000
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Based on Spearman correlation matrix presented in Table 2, it is known that scenario correlation
coefficient 6 is always above 0.7. However, when compared again, scenario 1 has a higher correlation
coefficient than scenario 6. According to Salvati and Carlucci [14], the most stable scenario is one that
maximizes the correlation coefficient with other scenarios. Therefore, based on Spearman correlation
analysis, Spearman found that scenario 1 is the most stable scenario.
Table 3. Average ranking changes per scenario
Scenario 1
Scenario 2
Scenario 3
Scenario 4
Scenario 5
Scenario 6

Scenario 1

Scenario 2

Scenario 3

Scenario 4

Scenario 5

Scenario 6

0.000
1.294
0.882
3.529
5.882
4.353

1.294
0.000
1.000
4.412
6.353
5.471

0.882
1.000
0.000
3.824
6.353
4.941

3.529
4.412
3.824
0.000
6.059
3.882

5.882
6.353
6.353
6.059
0.000
2.941

4.353
5.471
4.941
3.882
2.941
0.000

Average

3.188
3.706
3.400
4.341
5.518
4.318

In the analysis of the average ranking changes, the most stable scenario is the scenario that is able to
minimize the average ranking change between people. According to the results presented in Table 3, the
scenario that has the smallest average ranking change is scenario 1. That is, the best-case scenario choice
based on the average ranking change is in line with the best-case scenario choice based on Spearman
correlation analysis of between scenarios rankings. To that end, the best scenario based on Spearman
correlation analysis and average ranking changes is scenario 1, namely the equal weighting method on
indicators.
Tate [16] also conducted uncertainty analysis in his research by utilizing coefficient of variation (CV)
and median ranking of the overall scenario. CVs are used to describe ranking variability between people.
For that, the value of the CV is expected to be as small as possible because the smaller the VALUE of
the CV means the smaller the variation between the people and the better the resistance of the composite
index compiled. Referring to ESRI [6], the accuracy of the index ranking distribution is said to be high
if the CV is worth below 12 percent, moderate precision if the CV ranges from 12 percent to 40 percent,
and is said to have low precision when the CV is worth above 40 percent. The CV and median ranking
of the overall scenario are further presented in scatter plots as follows.

Figure 4. Scatter plot between CV and median ranking
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Through the scatter plot between the CV and the median ranking in Figure 4 it can be seen that
most of the median ranking falls into the category of medium and high precision. In more detail, based
on the results of the calculation obtained that there is 35.29 percent of the median ranking that has a CV
above 40 percent or in other words has low precision. At the same time, there are 26.47 percent of the
median ranking that falls into the category of moderate precision or has a CV ranging from 12 percent
to 40 percent. Furthermore, there are 38.24 percent of the median ranking that has a CV below 12 percent
or in other words has high precision. Based on the results of calculating the correlation between CV and
median ranking using the Pearson method obtained a correlation value of -0.806. Pearson's correlation
results showed a negative relationship between index ranking and index variability. In other words, the
higher the level of well-being of people with disabilities in an area, the greater the index uncertainty.
Similarly, the lower the level of well-being of people with disabilities in an area, the higher the level of
a precision composite index formed.
4. Conclusions and Suggestions
Several conclusions can be drawn from this study on the welfare of people with disabilities in Indonesia.
Here are those conclusions.
1. The condition of provinces in Indonesia based on indicators related to the welfare of people with
disabilities can be said to be less good and uneven. Three indicators with achievements that can be
said to be bad include the percentage of people with disabilities aged 15 years and over who work,
the percentage of people with disabilities who get treatment, and the mean years of schooling with
disabilities. Meanwhile, the three indicators with the highest variability include the percentage of
people with disabilities aged 0-17 years who have birth certificates, the percentage of people with
disabilities who watch TV, and the percentage of villages that have easy or very easy access to reach
the Hospital (RS).
2. Based on the eight dimensions of the framework of the Disability Welfare Index, 28 indicators that
represent the eight dimensions are selected. Of the 28 indicators, according to the factor analysis
results, 20 indicators that describe the well-being of people with disabilities make up 5 factors. The
five factors are accessibility, housing and access to information, physical and spiritual well-being,
social relations and sanitation, and economic well-being.
3. The highest WIPD achievement in Indonesia was occupied by Riau Province with an index
achievement of 67.72, while the lowest achievement was occupied by Papua Province with an index
achievement of 27.52. Based on the results of the grouping of provinces in Indonesia, 2 provinces
fall into the very low category, 5 provinces fall into the low category, 4 provinces fall into the
moderate category, 8 provinces fall into the high category, and 15 provinces fall into the very high
category. From the results of the WIPD score, it was found that there was inequality in the
achievement of the disability welfare index between the Western Region of Indonesia and the Eastern
Region of Indonesia.
4. Based on the results of uncertainty analysis among the six scenarios that have been made, the scenario
of calculating the welfare index of persons with disabilities with the equal weighting method in the
indicator is the best scenario in this study.
According to the results of this study, the advice that can be given is as follows.
1. a. The government needs to pay more attention to indicators with low achievement, including the
percentage of people with disabilities who work, get care, and the mean years of schooling. In
addition to requiring supporting facilities, public awareness is also needed to help improve the
quality of people with disabilities. So, efforts are required from both the government and the
community in helping to improve the quality of people with disabilities either through education
or training.
1. b. The government needs to prioritize development in provinces with very low and low Disability
Welfare Index achievements, the majority of which are in eastern Indonesia, so that they are
expected to realize the welfare of people with disabilities that are evenly distributed in Indonesia.
2. a. For further research, other indicators are expected to be added in describing the welfare of people
with disabilities, such as the percentage of people with disabilities who are traveling or having
vacation and the percentage of people with disabilities who are victims of crime. In addition,
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future studies can also use the uncertainty analysis method with Monte Carlo simulations. It is
also expected that in future research can be done index calculation at a lower level so that more
appropriate decisions can be taken.
2. b. It is expected that the calculation of this WIPD can be done periodically so that it can be used to
monitor the development of the welfare of people with disabilities in Indonesia.
5. Appendices
Appendix A. KMO and Bartlett’s Test
KMO and Bartlett's Test
Kaiser-Meyer-Olkin Measure of Sampling
Adequacy.
Bartlett's Test of
Approx. ChiSphericity
Square
df
Sig.

0.740
668.135
190
0.000

Appendix B. The graph of eigenvalue-component number

Appendix C. Factor analysis result

Component
1
2
3
4
5

Total
7.539
4.830
1.478
1.356
1.055

Total Variance Explained
Initial Eigenvalues
Rotation Sums of Squared Loadings
% of
Cumulative
% of
Variance
%
Total
Variance
Cumulative %
37.693
37.693
5.328
26.639
26.639
24.151
61.844
3.059
15.297
41.937
7.390
69.233
2.911
14.557
56.494
6.781
76.014
2.736
13.679
70.173
5.277
81.291
2.224
11.118
81.291
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Abstract. Crime is one of the consequences of fluctuations in the economic condition of a
country. Crime incidents harm many parties. The number of criminal acts increased in 2019,
especially in Sumatra and Java Island. Most provinces experienced an increasing number of
criminal acts, one of them was East Java. East Java contributed more than a quarter of the number
of crimes throughout Java Island. The number of criminal acts is count data with overdispersion
because its variance is higher than its average. This study aims to analyze the number of criminal
acts by applying Geographically Weighted Negative Binomial Regression (GWNBR). The result
shows that GWNBR formed two regional groups based on significant variables. The four
independent variables namely the unemployment rate, the number of poor people, the Gini ratio,
and the police population ratio have a significant effect on all districts/cities. However, the mean
year of schooling shows a significant effect only in certain districts/cities. The GWNBR is the
best model in modelling the number of criminal acts in East Java.

1. Introductions
Humans have a series of basic needs that must be fulfilled, one of them is the need for security. Security
is one of the human rights guaranteed by law. Due to this reason, the government is responsible for
ensuring community security and safety and controlling society. To achieve this, the government has
launched a series of targets and policies in the 2015-2019 RPJMN, namely realizing a safe, peaceful,
and united Indonesia. One of them is to protect and protect the community, prevent crime, and solve the
crime.
Crime is one of the consequences of fluctuations in the economic condition of a country. The state is
estimated to be capable to increase the population's per capita income growth by around 1 percent per
year if it can reduce the crime rate to 10 percent [1]. Meanwhile, the ability of each individual to meet
the needs of life is at different levels. It potentially creates society gaps, one of which is that individuals
with insufficient income to meet their daily needs will take other ways to earn additional income,
including using illegal methods.
The Police Headquarters Operations Control Bureau noted that there were 269,324 criminal acts in
2019. The crimes occurred in Java and Sumatra, ranging from 2.8 percent to 11.9 percent. While the rest
spread to other regions ranging from 0.3 percent to 2.8 percent. One of the areas experiencing an increase
in the number of criminal acts is East Java Province. In 2019, 26,985 crimes occurred in the province.
This number shows an increase of 690 cases compared to the previous year, even contributing 29.32
percent of criminal acts on the island of Java. This increase in the number of criminal acts causes the
risk of people becoming victims of crime to increase and the time interval for the occurrence of criminal
acts to increase rapidly.
Based on data from the Central Statistics Agency for East Java Province in 2019, the number of poor
people is 4,112.25 thousand people, a decrease of 0.61 percent compared to the previous year. Not only
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that, but the Open Unemployment Rate (TPT) in East Java also decreased by 0.08 points to 3.92 percent
[2]. These two indicators are a signal of an improvement in the socio-economic conditions of the
community. The number of criminal acts in the same year increased. This phenomenon shows that some
factors have influenced the number of criminal acts in East Java.
A study [3] researched criminal acts in East Java Province in 2015 using the GWNBR method. The
results of the study divided 38 districts/cities in East Java into three groups. The first group consists of
14 districts/cities where the variables TPT, Gini ratio, and Mean Year Schooling (MYS) significantly
affect the crime numbers. Furthermore, the second group that consists of seven regencies/cities, the TPT
variable, the percentage of the poor population, the Gini ratio, and the RLS have a significant effect on
the crime's number. Meanwhile, in the third group (17 other districts/cities) only the open unemployment
rate and the Gini ratio were significant in the model. However, the research [3] does not consider the
existence of multicollinearity. The violation of non-multicollinearity causes the estimated regression
coefficient to be inaccurate and it produces a large standard error. [4] A similar study, focusing on
property crimes also conducted using two methods, namely GWPR and GWNBR. There are eight
regional groups formed from the GWPR model and two regional groups from the GWNBR model based
on the significant independent variables. In terms of performance, the GWNBR model (AIC = 369.21)
is better than the GWPR model (AIC = 614.37). However, this research only focuses on property crimes
so that it is not able to capture other criminal phenomena. In addition, both previous studies only
involved factors that motivated the perpetrators. Whereas other factors can lead to crime, namely the
absence of an effective guardian as described in Routine Activity Theory [5].
The data on the crime that occurred is the count data or count data. The model that becomes the
benchmark for the count data is the Poisson model [6]. The use of the Poisson regression model allows
for overdispersion, which is a condition where the variance value is greater than the average. One
technique to overcome the overdispersion state is the negative binomial model. Negative binomial
modelling will produce a global regression, even though criminal acts between regions can vary due to
different socio-demographic characteristics. Global statistics are usually single values. Meanwhile, local
statistics have multiple values where the statistical values can differ between regions [7]. Therefore, this
study aims to describe the crimes in East Java Province, find out the suitable spatial model for modelling
crimes in East Java Province, and find out the variables that influence it.
2. Theoretical Review
2.1 Crime
Crime is synonymous with unlawful acts that harm the victim. In addition to having an impact on
victims, crime also affects social life. A high crime rate indicates an unsafe area that can cause unrest.
Therefore, it is necessary to monitor the development of the crime rate from time to time as the basis for
formulating well-targeted policies.
The crime rate resulting from the recording of criminal acts describes the condition of security and
public order (Kamtibmas) and the level of vulnerability of an area.The crime can be classified based on
some characteristics such as the target of the crime, the seriousness of the crime committed and how the
crime is done [8]. Based on these criteria, crimes are grouped into crimes against life, crimes against the
physical, crimes against decency, crimes against the liberty of people, crimes against property
rights/goods with violence, crimes against property rights/goods, crimes related to narcotics, crimes
related to fraud, embezzlement, and corruption, and crimes against public order.
The crime that occurs in a country is an accumulation of criminal acts committed by a person. A
person has the opportunity to commit a crime as a result of failure to meet the needs of life with income
earned from daily work. For that, someone will seek additional income through criminal activity. In
addition, the existence of inequality creates opportunities for criminal acts to occur. [9] argues that
inequality leads to crime by placing low-income individuals near high-income individuals who have
things worth taking away.
2.2 Poisson Regression
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Poisson regression is the standard model that becomes the reference for modelling count data [6]. The
Poisson regression model uses a log link function, namely 𝒍𝒏 (𝝁𝒊 ) = 𝜼𝒊 . The relationship between the
independent variable and the dependent variable in Poisson regression is defined as follows:
(1)
𝑙𝑛 (𝜇𝑖 ) = 𝛽0 + 𝛽𝑖 𝑥𝑖
with 𝛽𝒊 as regression’s coefficient.
2.3 Overdispersion
Overdispersion is a condition when the resulting variance value is greater than the average value in the
Poisson regression model. The overdispersion can be identified through the resulting dispersion
parameter, namely theta (θ). A theta value equal to 1 indicates an equidispersion, a theta value less than
one indicates an underdispersion, and a theta value greater than one indicates an overdispersion. The
dispersion can be tested by dividing the deviance and Pearson Chi-Square values by the degrees of
freedom.
2.4 Negative Binomial Regression
Negative binomial regression is one of the regression models that can be used to model count data. The
negative binomial regression model uses a dispersion parameter so that the variance value is greater than
the average value. The negative binomial model is a combination of the Gamma distribution and the
Poisson distribution, so we need an 𝜶 dispersion parameter to obtain a negative binomial regression
model. With a dispersion parameter value used, this model can overcome the symptoms of
overdispersion that occur in Poisson regression. The relationship between the independent variable and
the dependent variable in negative binomial regression is defined as follows:
(2)
′
𝑦𝑖 = 𝜇𝑖 + 𝜀𝑖 = 𝑒 𝑥𝑖 𝛽 + 𝜀𝑖
with 𝜀𝒊 as error on the i-th observation and 𝛽 as the value of regression’s coefficient.
2.5 Spatial Autocorrelation
Spatial dependencies reflect the observation value in an area depending on the observation value of the
nearest neighbouring region. The relationship between these observation values can be calculated by
spatial autocorrelation. The spatial autocorrelation can be tested using the Moran Index. Moran index is
the oldest index used to identify spatial autocorrelation formulated as follows [10]:
𝐼=

𝑛 ∑𝑖 ∑𝑗 𝑾𝑖𝑗 (𝑥𝑖 − 𝑥̅ )(𝑥𝑗 − 𝑥̅ )
𝑊 ∑(𝑥𝑖 − 𝑥̅ )2

(3)

with
𝑛 : the number of observations
𝑥𝑖 : the observation value of the 𝑖-th region
𝑥𝑗 : the observation value of the 𝒋-th region
𝑥̅ : the average value of 𝒏 regions
𝑾𝒊𝒋 : weighting matrix of the 𝒊-th and 𝒋-th region
𝑾 : the sum of all values in the weighting matrix
2.6 Spatial Heterogeneity
Spatial heterogeneity is a common problem related to changes in spatial structure caused by
differences/instability of independent variables in each unit of spatial analysis. Spatial heterogeneity is
also associated with the heteroscedasticity that occurs due to missing variables or other forms of
misspecification. It causes errors with non-constant variances [11]. This Research applied the BreuschPagan test for testing the spatial heterogeneity with the following formula:
1
2
𝐵𝑃 = 𝑓 𝑇 𝑍(𝑍 𝑇 𝑍)−1 𝑍 𝑇 𝑓 ~ 𝜒(𝑘−1)
2

(4)
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𝒆𝟐

̂𝒊
with 𝒇 = (𝒇𝟏 , 𝒇𝟐 , … , 𝒇𝒏 )𝑻 obtained from 𝒇𝒊 = (𝝈𝒊𝟐 − 𝟏) and 𝒆𝒊 = 𝒚𝒊 − 𝒚

where
𝒆𝟐𝒊 : the squared error for 𝒊-th observation
𝒁: 𝒏 × 𝒑 sized matrix containing standardized vector for each observation’s region
𝜎̂ 𝟐 : the dependent variable’s variance
2.7 Optimum Bandwidth
The Optimum bandwidth selection affects the resulting parameter coefficients. Bandwidth is a
"smoothing parameter" because the higher the bandwidth value, the greater the smoothing.
Oversmoothed models will produce homogeneous parameter values, while under smoothed models tend
to yield heterogeneous parameter values [7]. Three ways to get the optimum bandwidth value are usersupplied bandwidth, minimizing the CV value, or minimizing the AIC value.
2.8 Geographically Weighted Negative Binomial Regression (GWNBR)
Geographically Weighted Negative Binomial Regression (GWNBR) is a statistical method used to
model overdispersion count data and contain spatial heterogeneity. The GWNBR model will produce
local parameter estimates so that each observation area has a different parameter value. The formula for
the GWNBR model is as follows [12]:
𝑝

(5)

𝐸[𝑦𝑖 ] = 𝜇̂ 𝑖 = 𝑒𝑥𝑝 {𝛽0 (𝑢𝑖 , 𝑣𝑖 ) + ∑ 𝛽𝑘 (𝑢𝑖 , 𝑣𝑖 )𝑥𝑖𝑘 + 𝜃(𝑢𝑖 , 𝑣𝑖 )}
𝑖=1

where:
𝑦𝑖 : the value of 𝑖-th observation
𝑥𝑖𝑘 : the value of 𝑘-th independent variable observation at the observed location (𝑢𝑖 , 𝑣𝑖 )
(𝑢𝑖 , 𝑣𝑖 ): the point location of 𝑖-th observation
𝛽𝑘 (𝑢𝑖 , 𝑣𝑖 ): regression coefficient of the 𝑘-th independent variable for each location (𝑢𝑖 , 𝑣𝑖 )
𝜃(𝑢𝑖 , 𝑣𝑖 ): dispersion parameter for each location (𝒖𝒊 , 𝒗𝒊 )
3. Methodology
This study covers 38 districts/cities in East Java Province in 2019. The data used in this study is
secondary data sourced from various publications compiled by the Central Statistics Agency of East
Java Province. Based on the literature review and the data sources used, the variables used in this study
are as follows:
Table 1. The variable and data source
Code

Variable

𝑌
𝑋1

Crime numbers
The open unemployment rate

𝑋2

The number of poor people
(in thousands)
Mean year schooling
Gini ratio
Population to police ratio

𝑋3
𝑋4
𝑋5

Data Source
Statistik Politik dan Keamanan Provinsi Jawa Timur 2019
Laporan Eksekutif Keadaan Angkatan Kerja Provinsi Jawa Timur
2019
Provinsi Jawa Timur Dalam Angka Tahun 2020
Statistik Pendidikan Provinsi Jawa Timur 2019
Website BPS Provinsi Jawa Timur
Statistik Politik dan Keamanan Provinsi Jawa Timur 2019

The descriptive analysis is presented using graphs and tables to explore statistics and thematic maps
to describe the distribution of crime and the variables that influence it. The inferential analysis is done
by forming a spatial model that can explain the influence of the independent variables in this study. The
steps taken are as follows:
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1. Describing the suspected variables that influencing the number of criminal acts in East Java
Province in 2019.
2. Testing for multicollinearity.
3. Establishing a Poisson regression model.
4. Performing dispersion testing.
5. Establishing a negative binomial regression model.
6. Identifying spatial effects in the form of spatial autocorrelation and spatial heterogeneity.
7. Determining the optimum bandwidth and form a spatial weighting matrix.
8. Forming the GWNBR model.
9. Testing the significance of the parameters simultaneously.
10. Testing the significance of the parameters partially.
11. Grouping districts/cities according to significant variables.
12. Evaluating the model results.
4. Results and discussion
4.1 The Crimes Overview in East Java
The number of crimes (total crimes) by district/city in East Java Province is presented in Figure 1. Based
on Figure 1, information is obtained that the three areas with the highest number of crimes are Surabaya
City (3,980 incidents), Malang Regency (3,337 incidents), and Jember Regency (1,721 incidents).
Meanwhile, the three areas with the lowest number of crimes are Pacitan Regency with 93 incidents,
followed by Madiun City with 162 incidents, and Mojokerto City with 202 incidents.
The figure shows that most of the crimes occurred in the central and eastern regions, indicated by the
red color which tends to be dense, indicating areas with high to very high crime incidence. This is
because the central region is an area with high economic activity and many factories such as Surabaya,
Gresik, Sidoarjo, Kertosono, Jombang, and Malang. The eastern regions such as Jember, Banyuwangi,
Pasuruan, Probolinggo, Situbondo, and Bondowoso land distribution routes connecting Java Island to
Bali and other parts of Central Indonesia. Hence, those areas are at high risk of criminal acts.

Figure 1. Thematic map of the distribution of crime in East Java Province in 2019
The thematic map of the variables that affect the number of criminal acts in East Java Province is
presented in Figure 2. The distribution of the variable open unemployment rate can be observed in Figure
2a. The solid dark blue represents the area with high value of the open unemployment rates. This area
covers districts/cities with high economic activity and industrial centres such as Gresik, Surabaya,
Sidoarjo, and Pasuruan. The three regions with the highest open unemployment rates are Malang City
(6.04 percent), Surabaya City (5.87 percent), and Bangkalan Regency (5.84 percent). Meanwhile, the
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three regions with the lowest open unemployment rates are Pacitan Regency (0.95 percent), Sumenep
Regency (2.17 percent), and Pamekasan Regency (2.32 percent).
Figure 2b shows the distribution of the number of poor people in East Java Province. Areas with a
high number of poor people spread across the north, south, and Madura Island. The three regions with
the highest number of poor people are Malang Regency with 246,600 people, Jember Regency with
226,570 people, and Sumenep Regency with 211,980 people. While the areas with the lowest number
of poor people are occupied by urban areas, namely Mojokerto City with 6,630 inhabitants, Madiun City
with 7,690 inhabitants, and Batu City with 7,890 inhabitants. This visualization shows a different pattern
in the distribution of criminal events described previously. In some areas, the high number of poor
people is not always accompanied by a high crime rate.
Furthermore, Figure 2c shows the distribution pattern of the mean year schooling (MYS) for the
population of East Java province which tends to be high in urban areas. The three regions with the
highest RLS are Madiun City (11.08 years), Mojokerto City (10.68 years), and Malang City (10.46
years). Meanwhile, areas with low MYS are the horseshoe area and Madura Island. The three regions
with the lowest MYS are Sampang Regency with 5.86 years, followed by Sumenep Regency with 6.11
years, and Bangkalan Regency with 6.28 years.

(a)

(b)

(c)

(d)
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(e)
Figure 2. Variable thematic map: a) Open Unemployment Rate; b) Number of Poor People (in
thousands); c) Mean Year Schooling; d) Gini Ratio; e) Population to Police Ratio
The Gini ratio shows various values for each district/city (Figure 2d). Observing deeply at the Gini
ratio, a fairly high inequality still occurs in some areas in the western part of East Java Province. The
highest Gini ratio is in Nganjuk Regency at 0.42, followed by Surabaya City at 0.41, and Pacitan
Regency at 0.40. While the lowest Gini ratio is in three regions, namely Mojokerto Regency, Sampang
Regency, and Probolinggo City with a Gini ratio value of 0.27.
The distribution of the population to police ratio is presented in Figure 2e. The population to police
ratio in the central and western regions is lower than in the east. The three areas with the highest
population to police ratio are Malang Regency with 1:2.185, Jember Regency with 1:2.098, and
Probolinggo Regency with 1:2.022. Meanwhile, the three regions with the lowest population to police
ratio are Mojokerto City with 1:212, Madiun City with 1:236, and Blitar City with 1:259.
4.2 Modelling the variables influencing crime incidents in East Java
Multicollinearity checking was carried out as an initial step in modelling to ensure that the variables
used were not correlated with each other. The results of multicollinearity checking show the value of
VIF < 10 for all variables. The VIF value for each independent variable is presented in Table 2.
Table 2. VIF value of the independent variable
𝑋1

𝑋2

1.598762 2.71171
Source: R-studio

𝑋3

𝑋4

𝑋5

1.64982

4.58364

4.76973

This result proves that there is no significant linear relationship between the independent variables.
Thus, it can be concluded that the non-multicollinearity assumption is satisfied and the five independent
variables can be used in the analysis.
The next step is modelling the relationship between the dependent variable and the independent
variables. As already mentioned, the dependent variable is count data, so the first model used is the
Poisson regression model. The test results of the Poisson regression parameters are presented in table 3.
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Table 3. Poisson regression parameter estimation coefficient
Variable

Coefficient

Std. Error

Z-value

P-value

(Constant)
-1,251
0,00847
0,00069
0,02644
𝑋1
0,00001
0,006326
𝑋2
0,00077
0,0286
𝑋3
0,01862
8,993
𝑋4
0,000002
0,000462
𝑋5
Source: processing results with R-studio
Note: *) Significant at the 5 percent significance level

-14,77
37,85
32,12
36,67
48,30
22,36

<2e-16*
<2e-16*
<2e-16*
<2e-16*
<2e-16*
<2e-16*

Based on Table 1, it is known that the five variables have a z-value greater than the value 𝑍𝛼/2 =
1,96 and p-value less than 0.05. These results indicate that the five independent variables have a
significant effect on crime in East Java Province in 2019. After the Poisson regression model is formed,
overdispersion checks are carried out. The results of overdispersion checking show the value of the
dispersion parameter, the ratio between the deviance and degrees of freedom, resulting in a value of
171.925 and a p-value of 0.00002709. The calculation results show that with a confidence level of 95
there is overdispersion. Thus, the Poisson regression model is no longer appropriate to use.
One alternative model that can be applied to model overdispersion of count data is negative binomial
regression. The negative binomial regression model has certain dispersion parameters so that it can
overcome the overdispersion case. The results of modelling with negative binomial regression are as
follows:
Table 4. Estimated coefficient of negative binomial regression model parameter
variable

coefficient

Std. Error

(Constant)
1.588050
1,12745
0.362824
0,08780
𝑋1
0.080400
0,00251
𝑋2
0.003207
0,09645
𝑋3
5.483709
2,41120
𝑋4
0.000477
0,00028
𝑋5
Source: processing results with R-studio
Note: *) Significant at the 5 percent significance level

Z-value

p-value

1,409
4,132
0,834
1,276
2,274
1,674

0,1590
0,0000*
0,4045
0,2021
0,0230*
0,0942

The variable open unemployment rate (TPT) and the Gini ratio variable (GINI) have a z-value greater
than the value 𝑍𝛼/2 = 1,96 and a p-value less than 0.05. These results indicate that the two variables
have a significant effect on crime in East Java Province in 2019, while the other variables are not
significant.
The next stage is a spatial exploration to identify the existence of spatial effects in the form of spatial
autocorrelation and spatial heterogeneity. Spatial autocorrelation examination with Global Moran's I test
resulted in a value of 0.181 with a p-value of 0.037. These results indicate that there is a spatial
autocorrelation and a positive value for the variable number of crimes in East Java Province. After
testing the spatial autocorrelation, it is continued with spatial heterogeneity testing to test the spatial
variation of crime in East Java Province. Tests were carried out using the Breusch-Pagan test. The test
resulted in a test statistic of 17.756 with a p-value of 0.003268. The value of the resulting test statistic
2
is greater than the value of 𝜒(0,05;5)
=11,0705 with the p-value is smaller than 0.05, so it can be concluded
that there is a spatial effect in the form of spatial heterogeneity between regions. Thus, the negative
binomial global regression model is not appropriate to use. Due to this problem, the GWNBR is applied
to accommodates the different parameter values in each region
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To perform modelling with GWNBR, a spatial weighting matrix is required. A spatial weighing
matrix is obtained by determining the optimum bandwidth value. The optimum bandwidth value is
obtained by minimizing the CV value. The kernel weighting function used in this study is a fixed
bisquare kernel because the observed area is uniformly distributed. After the spatial weighting matrix is
formed, a model is formed using the GWNBR method. For the 38 districts/cities observed, the modelling
produces 190 parameter coefficients (𝛽̂𝑗 (𝑢𝑖 , 𝑣𝑖 )).
After the model is formed, the simultan and part test are applied. Simultaneous testing was carried
out by comparing the deviance value of the GWNBR model of 7,442.46 to the value of
2
𝜒(0,05;5)
=11,0705. Thus, at the 5 percent significance level, it can be concluded that there is at least one
parameter that significantly influences the number of criminal acts in East Java Province in 2019. After
simultaneous testing shows significant results, then partial testing is carried out. The test is carried out
by comparing the resulting z-value to the value of 𝑍𝛼/2 = 1,96. If the resulting z-value is greater than
1.96, it means that the variable has a significant effect on the number of criminal acts partially. The test
results show that the variables of the open unemployment rate, the number of poor people (in thousands),
the Gini ratio, and the ratio of the population to the police have a significant effect in all regions, while
the mean year schooling variable has a significant effect in certain areas, but has no significant effect in
other areas. A summary of the parameter coefficients for the GWNBR model is presented in Table 5.
Table 5. GWNBR model parameter summary
Minimum
Theta
(Constant)
The open unemployment rate (𝑋1 )
The number of poor people (in thousand) (𝑋2 )
Mean year schooling (𝑋3 )
Gini Ratio (𝑋4 )
Population to police ratio (𝑋5 )
Source: Processing results with R-studio

4,214445
0,017318
-0,055210
0,000206
0,139038
0,005730
0,000152

Maximum
4,218581
0,018208
-0,051417
0,000295
0,141319
0,005956
0,000158

Average
4,216119
0,017711
-0,053092
0,000250
0,140145
0,005858
0,000155

The variable open unemployment rate significantly influences the number of criminal acts in all
districts/cities in East Java Province. On average, every one percent increase in the open unemployment
rate will reduce the number of criminal acts by 𝑒𝑥𝑝 (−0,053092) = 0,9482 times cases. Coefficients
with high values are found in the west and east regions, while for the middle region they have moderate
to low coefficient values as shown in Figure 3a. The open unemployment rate variable harms crime,
meaning that when the open unemployment rate increases, it decreases crime. This is because
unemployment in East Java Province is dominated by educated unemployed and aged 15-24 years [2].
Educated unemployed are the high school and college graduates who are still unemployed. Some of the
unemployed activities in this group are by choice, not by compulsion. They decide to be unemployed
because of a preference to get jobs that match their skills. They generally come from prosperous families
so that they can achieve a high level of education. Due to this fact, they still get guarantees, the family
economic support, satisfying their basic needs while unemployed. Based on the age characteristics,
unemployment is dominated by young people (15-24 years). In this age group, most of them are not yet
the head or the breadwinner of the family. So that, there is no strict responsibility to fulfil the economic
needs of the family.
The variable number of poor people significantly affects the number of criminal acts in all
districts/cities in East Java Province. On average, every 1,000 people increase in the number of poor
people will increase the number of criminal acts by 𝑒𝑥𝑝 (0,00025) = 1,0002 times cases. The highvalue coefficients generally can be found in the northern region and parts of Madura Island. However,
the moderate-value coefficients dominate the southern region, while the low-values coefficients
dominate the eastern part of East Java province, as shown in 3b. This result is in line with the previous
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study [13], in which when the number of poor people increases in a given year, it will lead the number
of criminal acts to increase. The crime motivated by a person's poverty aims to meet the needs. This is
also similar to the research [14] that states that short term poverty will not lead someone into crime, but
in the long term, it will increase crime. The sudden and short-term poverty will not make someone
commit a crime, because they are still trying to earn an income for some time. However, long-term
poverty is possible to cause stress so that individuals will adopt criminal acts.
The mean year of schooling is significant only in some areas. On average, every one-year increase
in the mean year schooling will increase the number of criminal acts by 𝑒𝑥𝑝 (0,140145) =
1,1504 times. Figure 3c shows that the western and eastern regions have a high-value coefficient, while
the south-central regions have a moderate-value coefficient, and the north-central regions mostly have
a low-value coefficient. This fact shows that crime begins to involve residents who are pursuing higher
education both as victims and as perpetrators of criminal acts, as found in the research [15]. Supporting
this phenomenon, a theory [16] explained that as far as schools can educate their pupils to become good
citizens and treat people well, education can reduce the tendency of a person to commit crimes. Opposite
to this theory, there are many “white-collar” crimes such as fraud, forgery, and embezzlement done by
highly educated people in Indonesia. This phenomenon is motivated by the declining moral education,
considering that schools tend to emphasize their pupils to master certain scientific practices and skills
without equipped them with an understanding of morality [17].

(a)

(b)

(c)

(d)
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(e)
Figure 3. Thematic map of the distribution of parameter coefficient estimates: a) Open unemployment
rate; b) Number of poor people (in thousands); c) Mean year schooling; d) Gini ratio; e) Population to
police ratio
The mean year of schooling is significant only in some areas. On average, every one-year increase
in the mean year schooling will increase the number of criminal acts by 𝑒𝑥𝑝 (0,140145) =
1,1504 times. Figure 3c shows that the western and eastern regions have a high-value coefficient, while
the south-central regions have a moderate-value coefficient, and the north-central regions mostly have
a low-value coefficient. This fact shows that crime begins to involve residents who are pursuing higher
education both as victims and as perpetrators of criminal acts, as found in the research [15]. Supporting
this phenomenon, a theory [16] explained that as far as schools can educate their pupils to become good
citizens and treat people well, education can reduce the tendency of a person to commit crimes. Opposite
to this theory, there are many “white-collar” crimes such as fraud, forgery, and embezzlement done by
highly educated people in Indonesia. This phenomenon is motivated by the declining moral education,
considering that schools tend to emphasize their pupils to master certain scientific practices and skills
without equipped them with an understanding of morality [17].
The Gini ratio variable significantly influences the number of criminal acts in all districts/cities in
East Java Province. On average, every 0.1 unit increase in the Gini ratio will increase the number of
criminal acts by 𝑒𝑥𝑝 (0,005858) = 1,00058 cases. Coefficients with high values are found in the west
and east regions, while the middle region is dominated by moderate to low coefficient values as shown
in Figure 3d. The Gini ratio reflecting inequality is the main problem that triggers crime. The previous
study [18] explains that personal inequality happens because of welfare inequality between regions,
economic discrimination in the political sphere, and poverty. Income inequality in an area will cause
social jealousy, which triggers people to commit crimes [19].
The population to police ratio variable significantly influences the number of criminal acts in all
districts/cities in East Java Province. On average, each increase in the ratio of the population to the
police by one unit will increase the number of criminal acts by 𝑒𝑥𝑝 (0,000155) = 1,000155 times
cases. The population to police ratio is the ratio of one police officer to a certain number of residents. If
the higher the value of this ratio, the greater the responsibility of the police. The population to police
ratio has a significant effect on the incidence of crime in East Java Province. This result is motivated by
the fact that most districts/cities do not have the ideal ratio of 1:350, except Kediri, Blitar, Mojokerto,
and Madiun [20]. A previous study [21] concluded the same result in which there was a positive
relationship between the number of police officers and crime, which is motivated by the insufficient
number of police officers to secure and eradicate crimes. Crime generally occurs not only in one area
but also can move to other areas. This fact sometimes causes difficulties for the police to arrest the
criminals, as stated in [22] that the number of existing police personnel is still insufficient to reduce and
prevent crime.
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Table 6. Grouping of districts/cities based on significant variables
No

1

2

Districts/cities
Pacitan, Ponorogo, Trenggalek, Tulungagung, Blitar,
Pasuruan, Sidoarjo, Mojokerto, Jombang, Nganjuk,
Madiun, Magetan, Ngawi, Bojonegoro, Tuban, Lamongan,
Gresik, Bangkalan, Sampang, Pamekasan, Sumenep, Kota
Pasuruan, Kota Mojokerto, Kota Madiun, Kota Surabaya,
Kota Batu
Kediri, Malang, Lumajang, Jember, Banyuwangi,
Bondowoso, Situbondo. Probolinggo, Kota Kediri, Kota
Blitar, Kota Malang, Kota Probolinggo

Significant
variables

𝑋1 , 𝑋2 , 𝑋3 , 𝑋4 , 𝑋5

𝑋1 , 𝑋2 , 𝑋4 , 𝑋5

As the final stage of the analysis, Table 6 presents the results of regional grouping based on the
parameter coefficient values and the partial test. Variables that have a significant effect in all regions
are the open unemployment rate, the number of poor people in thousands, the Gini ratio, and the
population to police ratio. Meanwhile, the variable of mean year schooling is significant only in some
areas.
Regional grouping depends on the mean years of schooling which performs a significant difference
for each area. Figure 4 shows that the mean years of schooling has no significant effect in eastern
regions. A former study [23] found that the effect of education on crime follows an inverted U pattern
which means that the highest chance of a person committing a crime occurs when a person reaches
secondary education, but a lower or higher education level reduces a person's chances of committing a
crime.

Figure 4. Thematic map of the grouping of districts/cities
in East Java Province according to significant variables.
The formation of two regional groups shows that the factors that influence crime in each region are
different. Thus, the government needs to consider this in making policies to reduce crime in its territory.
To find out a better model in explaining the effect of the independent variables used on the number
of crimes in East Java Province, a comparison of the AIC values was carried out. The comparison of the
AIC values of each model is as follows:
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Table 7. Comparison of AIC values
Model
Poisson Regression
Negative binomial regression
GWNBR

AIC
5818,60
540,44
540,05

Table 7 shows that the GWNBR model has a smaller AIC value than the negative binomial global
regression model and the Poisson global regression model. Thus, it can be concluded that the GWNBR
model can explain the effect of the variable open unemployment rate, the number of poor people, the
mean year schooling, the Gini ratio, and the population to police ratio on the number of crimes better
than the Poisson global regression and the negative binomial global regression.
5. Conclusion
Based on the results and discussion, the following conclusions are obtained:
1. The Crime in East Java Province tends to form a cluster but varies between regions, in which the
middle and eastern parts of this province are dominated by a moderate to a high number of crimes.
However, the western areas of East Java province, mostly have a low number of crimes.
2. GWNBR model forms two groups based on the significant variables, the mean years of schooling.
Mean Years of Schooling has no significant effect in the eastern part of East Java Province, which
is dominated by lower Mean Years of Schooling. The U pattern of education effect on crime
stated that the opportunity of commiting a crime reduces for lower or higher eduation level.
3. Based on the value of AIC, the GWNBR model has the best performance in modelling the crimes
in East Java 2019.
This research provides some suggestions as follows:
1. Although the open unemployment rate can reduce the number of criminal acts in 2019, it must be
supervised and controlled wisely. The local governments in each district/city must strive to
provide job opportunities that are suitable with the competence of highly educated graduates.
2. Higher education does not guarantee a person not to commit a crime. Government efforts are still
needed to improve public education quality, especially moral education in areas where the mean
years of schooling has a significant effect on increasing the number of criminal acts, such as
Surabaya City, Sidoarjo Regency, the western part of East Java Province, and Madura Island
3. Based on the security point of view, it is necessary to distribute police personnel evenly and
proportionally to the total population in each district/city, to reduce the population to police ratio.
In addition, intensive patrols are needed to provide wider protection for the community.
4. Future research may enhance the analysis by applying other methods that can overcome the
symptoms of overdispersion, for example, the generalized Poisson regression. In addition, further
exploration and analysis of the spatial effects on the effect of lower education in crime numbers
due to the U pattern effect.
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Abstract.Many population-based surveys such as the National Socio-Economic Survey
(Susenas) are built with complex sampling assumptions, namely probabilistic, stratified, and
multistage sampling, with unequal weights for each observation. This complex design must be
taken into account in order to have reliable results when doing modeling. The model that is often
used when using survey data is logistic regression. The purpose of this study is to determine a
logistic regression model with a complex sample design, and to show how it is estimated using
a package survey from the R software. As an illustration, the 2019 Susenas data of East Java
Province will be used as an application to correct the influence of the sample design in estimating
risk factors related to the chances of children 7-18 years old in poor households continuing their
education. The results show that the variables of gender and mother's education significantly
affect the continuity of the education of children 7-18 years old in poor households.

1. Introduction
Research using survey data such as the National Socio-Economic Survey (Susenas) by the BPSStatistics Indonesia, Indonesian Demographic and Health Survey (IDHS) by the National Population
and Family Planning Board (BKKBN) has become a common thing for researchers today because of the
easy access to data from the survey results. Researchers in analyzing the survey data usually have
research questions to be answered and appropriate analytical methods that will be used if the data used
is selected using simple random sampling. However, there are problems in the analysis when the data
used is collected through a complex survey design involving stratification, clustering, multistage
sampling, and determining unequal opportunities in sample selection. Suppose a sample is taken using
a clustering method, observations from the same group will be correlated and in order to obtain an
unbiased estimator, it is necessary to weight the sample to adjust the influence of the cluster. Ignoring
the sampling method in analyzing data can lead to inaccurate results (Cassy, et al. 2016). Some authors
evaluate the adverse consequences if they ignore the sampling scheme in statistical analysis (Pessoa and
Silva, 1998). That means that to make valid conclusions for a population where the sample comes from,
appropriate statistical methods are needed to analyze complex survey data.
One survey that uses a complex sample design is Susenas. Susenas includes data relating to socioeconomic conditions of the community including health, education, fertility, family planning, housing
conditions and other socio-economic conditions. Susenas data presents a lot of data in the form of
categories. One of the statistical methods commonly used in predicting results from categorical data
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from one set of covariates is logistic regression model. Logistic regression model is a member of the
generalized linear model (GLM) class and is an appropriate model for studying the relationship between
binary response variable Y , which represent success ( Y = 1 ) or failure ( Y = 0 ), and a collection of

(

covariates x = x1 ,, x p

)

T

. Assuming the response variable Y has a Bernoulli distribution, the model

can be written as follows:

  ( x) 
g ( x ) = ln 
 =  0 + 1 x1 +
1
−

x
(
)



+  p xp

(1)

or equivalently

 ( x) =

exp (  0 + 1 x1 +

1 + exp (  0 + 1 x1 +

+  p xp )

+  p xp )

(2)

,  p is an unknown parameter that will be estimated and  ( x ) = P (Y = 1| x ) is a
probability of success.
The model parameters are estimated by the maximum likelihood method which assumes that the
observations are mutually independent and identical distributed. However, under a complex sample
design, the independent assumption between observations is usually not fulfilled. The parameters
estimation by the maximum likelihood method can produce incorrect standard error values and
consequently the hypothesis test results also become incorrect. Therefore, it is necessary to adjust a
standard logistic regression method that considers complex sampling designs in order to produce valid
conclusions (Pessoa & Silva, 1998; Hosmer & Lemeshow, 2000; Lee & Forthofer, 2006).
Some studies in health science analyze data derived from complex sampling designs and use various
types of software (Chinomona and Mwambi, 2015; Baume and Franca-Koh, 2011; Mutuku et. al., 2013;
Zango et. al., 2013). This paper focuses on presenting a logistic regression model framework for
complex sampling design using R.
As an application to the logistic regression model for this complex survey data, category data will be
used whether the education of children aged 17-18 years in poor households continues or not from
Susenas in March 2019. Susenas data is collected through a complex survey design that involves
stratification, clustering, multistage sampling, and determination of unequal opportunities in sample
selection so that when you want to model data from Susenas, you should choose a method that has
considered the sampling design as has been implemented in the survey package on the R software
(Lumley, 2010; Lumley, 2015). Therefore, the aim of this study is to apply a logistic regression method
that has considered the influence of the sampling design to model the educational continuity status of
children aged 7-18 years in poor households and the variables that influence it in East Java in 2019.
where 0 , 1 ,

2. Logistic regression with complex survey
Hosmer (2002) and Lee and Forthofer (2006) state that ordinary logistic regression model is not
appropriate to use if data are obtained from complex sampling designs. Suppose that a finite population
U = 1, 2, , N  is divided into h = 1, 2, H strata. Each strata is further divided into j = 1, 2, , nh
primary sampling units (PSU), each of which is constituted by i = 1, 2,, nhj secondary sampling unit
(SSU), each comprehending nhji elements. If it is also assumed that the observed data consists of n 'hj
SSU selected from n 'h PSU in the stratum h . The number of overall observations is
H

n 'h n 'hj

n =  nhji

(3)

h =1 j =1 i =1
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Each sampling unit has a corresponding sampling weight which is inverse of its probabilities in the
sample, denoted by:

whjik =

1

 hjik

for the hjik -th unit.

(4)

In addition, suppose that Yhjik denote the binary response variable, x hjik denote the covariate matrix and

 denoted the regression coefficient. Thus in general, the survey logistic regression model is given by

 P (Yhjik = 1| xhjik ) 


T
(5)
log it P (Yhjik = 1| xhjik ) = ln 
 = x hjik 
1
−
P
Y
=
1|
x
(
)
hjik
hjik




So under a complex sampling design, the parameters  of the logistic regression model are estimated





by the maximum pseudo-likelihood method are also known as weighted maximum likelihood which
combines sampling design and sampling weights that are different in estimation of the  (Hosmer and
Lemeshow, 2000; Lee and Forthofer, 2006 Archer, Lemeshow and Hosmer, 2007; Lumley, 2004). The
main idea of this method is to define a function that approaches the likelihood function of finite
population samples with the likelihood function formed by the observation sample and the known
sampling weight (Hosmer and Lemeshow, 2000; Lee and Forthofer, 2006; Archer, Lemeshow and
Hosmer, 2007; Lumley, 2004). In this case, the pseudo-log-likelihood is given by
H

n 'h n 'hj



l p (  ) =  whjik yhjik ln  P (Yhjik = 1| x hjik ) 
h =1 j =1 i =1

k



+ (1 − Yhjik ) ln 1 − P (Yhjik = 1| x hjik ) 

(6)

where whjik is the weight of the observation hjik . The maximum pseudo-likelihood estimator of  is
obtained by deriving the pseudo-log likelihood function in order to  and equal is to zero,

( ) =

d
l p ( ) = 0 .
d

Under a complex sampling design, there is no form that can directly calculate variance estimators.
Thus, to obtain variance estimators with maximum pseudo-likelihood, methods such as Taylor
linearization (also known as delta method), Jackknife and bootstrap replication (Hosmer and Lemeshow,
2000; Lee and Forthofer, 2006; Lumley, 2004) are used. In this paper, R is used with a package survey
where this package applies methods such as Taylor linearization (Lumley, 2010). The variance estimator
from which this method is produced is

()

−1
−1
Var ˆ = ( X ' DX ) S ( X ' DX )

where X

(7)

is the covariate matrix, D = WV is the diagonal nxn matrix with elements

whjik x Pˆ (Yhjik = 1| xhjik ) 1 − Pˆ (Yhjik = 1| xhjik ) , and S is a pooled estimator within-stratum of the

covariance matrix where the value is

n 'h n 'h
S =  (1 − f h )
 ( z hj.. − z h... )( z hj.. − z h... ) '
n 'h − 1 j =1
j =1
H

(

)

(

(8)

)

where z hjik = whjik x Pˆ Yhjik = 1| xhjik 1 − Pˆ Yhjik = 1| xhjik  , being the sum for all the n 'hj sampled
units in PSU j in the stratum h given as z hj .. =



n 'hj
i=1

z hjik and specific mean in the stratum as
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n'
1
n 'h
z . The correction factor is given by (1 − f h ) , where f h = h is the ratio of the

j =1 hj ..
n 'h
nh
number of PSU observed by the total number of PSU in the stratum h .
Hypothesis testing for the significance of the regression coefficients and the test for the goodness of
model fit also need to be modified to incorporate the sampling design and different weighting of
observations. Evaluations of covariate contributions are now made with an adjusted Wald test (Lee and
Forthofer, 2006), with test statistics as follows (Hosmer and Lemeshow, 2000; Lee and Forthofer, 2006;
Lumley and Scott, 2014)
zh =

F=

s − p +1
W
sp

()

(9)

−1

W = ˆ T Var ˆ  ˆ


where s =



H
h =1

n 'h − H is the total number of selected PSU minus the number of strata and p is the

number of covariates. The F statistics above is distributed as a F-distribution with p and ( s − p + 1)
degrees of freedom, so p − value = P  F ( p, s − p + 1)  F  .
Also, in order to obtain valid inferences using this type of design, we introduced Pearson’s test
statistic, such as the Rao-Scott adjustments. Alternatively another test statistic can be used that has
included a sampling plan such as the adjusted Wald statistics (Hosmer and Lemeshow, 2000; Lee and
Forthofer, 2006). We also use Akaike Information Criterion (AIC) and Bayesian Information Criterion
(BIC) to compare models (Archer, Lemeshow, and Hosmer, 2007; Lumley and Scott, 2015), and
likelihoods from Lumley and Scott (2014) to measure goodness of fit which considers a complex
sampling frame.
3. Methods
Susenas is one of the surveys held regularly by BPS every year. Susenas collects data relating to the
socio-economic conditions of the community, which includes the conditions of health, education,
fertility, family planning, housing and other socioeconomic conditions. Since 2015, Susenas has been
implemented twice a year, in March for district/city estimates, and in September for provincial estimates.
The total number of households in the 2015 Susenas sample is 300,000 households for district/city
estimates in March and 75,000 households for provincial estimates in September.
The 2019 Susenas sample was selected using the two stages one phase stratified sampling method
where the first stage was to choose 25% population census block with Proportional to Size (PPS)
probability, with the size of the number of SP2010 households in each stratum. The second stage is to
choose a number of census blocks according to systematic allocation in each urban/rural strata per
district/city per welfare stratum. The third stage is to select 10 households that are updated by systematic
sampling with implicit stratification according to the highest education that is completed by the head of
household.
Table 1. Susenas sampling scheme.
Phase

Unit

1

Census
Block

Unit number of
stratum h
Population Sample

Sampling
methods

Nh

n 'h

PPS WR

n 'h

nh

Systematic

Probability of
sampling
selection

Z hi Z h
1
n 'h

Sampling
fraction

n 'h

Z hi
Zh

nh
n 'h
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Phase

Unit

2

Households

Unit number of
stratum h
Population Sample
m
M up
hi

Sampling
methods

Probability of
sampling
selection
1
M hiup

Systematic

Sampling
fraction

m
M hiup

In this study, the unit to be analyzed is children aged 7-18 years in poor households in East Java in 2019
with a total sample of 1451 children.
The method used in this paper is logistic regression with survey data applied to identify the factors
that influence children 7-18 in poor households whether their education continues or not. Table 2 shows
the variables used in this study.
Table 2. List of response and explanatory variables.

Variables

Response variable:
- Continuity status

Explanatory variable:
- Gender
- Mother’s education
-

Number of household member

Remarks
0 = Not continue,
1 = Continue
0 = Female, 1 = Male
0 = Secondary below,
1 = Highschool above
0 = ≤ 3, 1 = > 3

To find a fit model with data used multiple logistic regression models. The last model used only
contains real variables related to women's EBI status to a significance level of 5%. After that, the odds
ratio (OR) is calculated. Because of the complex nature of data sampling, all analyzes are carried out
using survey packages from R software (Lumley, 2015) where all design features such as stratification,
grouping and weighting are explicitly recorded using the svydesign function. To describe the model, by
determining the predictor and the connecting function used, the svyglm function is used. To test the
goodness of the model follow what has been done and explained in Lumley (2010).
4. Results
4.1. Descriptive
The sample of this study was 1451 children aged 7-18 years from poor households in East Java in 2019.
Of the 1451 children, there were still around 9.6% whose education did not continue. Of the total 9.6%,
1% of those who have not/never been in school are and 8.5% of those who are no longer in school. In
terms of gender characteristics, women are less likely to discontinue than men and men are more likely
to continue their education than women. Table 2 also shows the relationship between several household
characteristics and the sustainability of children's education in poor households. From the characteristics
of the mother's education, the percentage of children whose education did not continue was greater than
that of mothers with lower education (97.1%). Likewise with the characteristics of the number of
household members, the greater the number of household members, the greater the percentage of
children whose education does not continue will be even greater.
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Table 3. Percentage of education continuity of poor household children aged 7-18 by
individual and household characteristics
Characteristics
Gender
- Male
- Female
Mother’s education
- Secondary and below
- Highschool above
Household member
- <=3
- >3

Education continuity
Not continue
Continue

Total

49,6
50,4

52,2
47,8

52,0
48,0

97,1
2,9

91,8
8,2

92,3
7,7

13,7
86,3

8,9
91,1

9,4
90,6

4.2. Logistic regression estimate
In order to be able to explore the effect of these variables on the sustainability of children's education,
an estimation of a binary logistic regression model has been carried out in which the dependent variable
is the sustainability of education, namely "yes" if education continues and "no" if education does not
continue. This study has a limited sample used, namely children aged 7-18 years in poor households.
In this paper all covariates in Table 2 are included in the analysis. Table 3 shows the results of logistic
regression estimation with complex sampling. The results of the processing found that the variables that
significantly affected the sustainability of children's education in poor households were gender and
mother's education. Taking into account gender, male children will have a tendency to remain in school
1.03 times compared to female children. With an odds ratio of around one, it can be said that there is no
significant difference between men and women in poor households in terms of education sustainability.
When viewed from the characteristics of the household, namely maternal education, children from
poor households with a mother's education of high school and above compared to children with a
mother's education of junior high school have a tendency of 1.09 times for the continuation of their
child's education. Apart from mother's education, household characteristics are also represented by the
number of household members. The results show that the tendency of children with more than 3
household members to continue their education is 1.06 times compared to children with fewer household
members (less than equal to 3).
Table 4. Logistic regression estimate with complex sampling.
Variables

Coefficients

Standard error

p-value

OR

Intersep

0.8996

0.0415

0.0000

2.4587

Jenis kelamin

0.0342

0.0182

0.0603

1.0348

Pendidikan ibu

-0.0845

0.0194

0.0000

0.9190

Jumlah art

0.0629

0.0399

0.1149

1.0650

5. Conclusions
Complex sampling frames are already widely used for population-based surveys such as Susenas.
However, the complexity of the methodology because it involves gradual stratification, grouping, and
sampling is still not well understood by observers in various fields of applied science. From this paper
it can be shown that it is possible to obtain reliable results and more efficient estimators by using an
appropriate method that can correct for the influence of the sample design. Furthermore, this paper and
the availability of open source software such as R should encourage scientists to use more easily
accessible survey data.
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From the applied side, the results of this study indicate that the variables that influence the
sustainability of children's education in poor households are gender and mother's education where
mother's education has a very significant effect. In order to get optimal results in efforts to eradicate
poverty, it is better if poverty reduction programs related to education are carried out by taking into
account the needs of each poor household, for example the number of children who go to school,
especially girls so that later they can become mothers who pay attention to their children's education.
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Abstract. Youth unemployment in Indonesia has continued to remain at a high level relative to
other age categories for several years. The case of Indonesia’s youth unemployment is grave
with the presence of a low workforce participation rate, informal employment, and higher
unemployment rates in young people compared with adults. Due to the lack of research on a
country-wise view of youth unemployment, this study focuses on providing a much better
understanding of the youth unemployment problem in emerging countries, especially Indonesia.
The main aim of the paper is to bridge the research gap on youth unemployment with reference
to microeconomic determinants, such as educational background and participation in training.
This study utilized the August 2019 data of SAKERNAS (Survei Angkatan Kerja Nasional) and
analyzed the data using the logistic regression method. Logistic regression is a special
econometric model where the dependent variable is considered categorical and dichotomous
(binary); in this case, it was unemployed (1) or working (0). The study found that training
participation has a negative correlation with youth unemployment, while educational attainment
generates mixed results.

1. Introduction
Over the last two decades, there has been a growing concern about youth unemployment and the
transition from school to work, as an increasing number of young people are likely to be unemployed
when they first start looking for work in Indonesia. As a home to the world’s third-largest youth
population, which accounts for approximately 25.1% of the total population [1], [2], Indonesia faces
significant issues regarding unemployment, the most concerning of which is the high level of youth
unemployment in recent years. Despite declining substantially over the past few years, youth
unemployment in Indonesia has remained at a high level compared to the other age categories [1], [3].
In 2018, Indonesia’s youth unemployment rate was 15.84% while the youth unemployment rate of
its neighboring countries was as follows: Malaysia 11.18%, Philippines 6.76%, Singapore 8.61%,
Cambodia 1.28%, Vietnam 6.95%, Myanmar 3.87%, and Timor Leste 10.48% [4]. Moreover,
Indonesia’s open unemployment rate was 7.07% in August 2020, while the youth unemployment rate
was 15.86%, 4.17 times higher than the adult unemployment rate of 3.81% (BPS 2020). The ILO
categorized this ratio of youth-to-adult unemployment rate as an extreme figure [5]. This phenomenon
is similar to what occurred a few years ago in Europe, where the youth unemployment rate was twice as
high as the adult unemployment rate [6], [7].
Currently, Indonesia is experiencing a demographic bonus, which means that the country has a
potentially large workforce. However, as the world has been divided into two demographic structures:
some countries have benefited from the demographic dividend, while others have been confronted with
an aging population [8], [9]. The demographic bonus can be an opportunity if the younger generation is
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provided proper education and facilities to improve their self-quality [10]. Therefore, Indonesia has been
attempting to enhance its human resources to foster future leaders so that the demographic dividend
becomes a blessing instead of a curse.
Nonetheless, if youth unemployment is not absorbed by employment opportunities, this demographic
gift could turn into a demographic disaster [11]. Unemployment among young people indicates
unutilized labor potential and negatively affects potential growth. For that reason, it is important to
address youth unemployment in preparation for the demographic windfall. Many studies have found
that spells of unemployment experienced during one’s early career have profound effects on future labor
market outcomes and earnings. For example, youth unemployment reduces the likelihood of future
employment [12], [13] and lowers wages throughout people’s later careers [12], [14]–[17].
According to BPS-Statistics Indonesia, of the 135 million workforce, 90 percent of them have never
attended certified training; similarly, the profile of 7 million Indonesian unemployed, 91 percent of
whom have never attended certified training1. Moreover, the figure of youth unemployment rate always
higher than open unemployment rate in the last decade and becomes more severe in the last few years
(see Figure 1 in Appendix). It also can be seen from the unemployment rate by age group 15-29 years
old comprised for 52.82% from total [1]. In addition, Young unemployed are dominated by those with
vocational education at 35.61%, followed by those with high school education of 32.27%, and those
with junior high school education as many as 14.01%. These problems are several reasons that youth
unemployment causes should be investigated more deeply in Indonesia.
This study seeks to provide a much better understanding of the youth unemployment problem in
Indonesia, intending to address the absence of studies discussing youth unemployment in the context of
Indonesia as a country. This is one of the latest attempts to identify, investigate, and analyze the causes
of youth unemployment in Indonesia. Moreover, this study intends to reveal the unique factors of youth
unemployment in Indonesia; especially, it will fill the literature gap regarding Indonesia and help
improve people’s overall understanding of youth unemployment in emerging countries. The aim of this
study is mainly to investigate whether young Indonesians who have undertaken training and received
better education are less likely to be unemployed, compared with their counterparts who have not
undertaken training and have a poor education. Two hypotheses were thus formulated for this study:
Hypothesis 1: Young people who have not undertaken training are more likely to be unemployed.
Hypothesis 2: Young people who have received a poorer education are more likely to be unemployed.
2. Literature review
To contextualize this study within the wider context of the literature, it will review fundamental studies
on (i) the Indonesian labor market, (ii) the economic and population structure change in Indonesia, (iii)
the concept of youth unemployment, (iv) the factors related to the youth unemployment, and (v) the
empirical evidence on youth unemployment.
2.1. The Indonesian labor market
Indonesia’s labor force is concentrated in a narrow range of occupations, with many workers having low
levels of education and working in low-skilled jobs. The majority of the employed population has a
junior high school diploma or less and continues to work as agricultural laborers, production laborers,
or low-skilled service sector workers [18]. Given the limited opportunities in career progression for lowskilled workers, as mentioned earlier, the trend is likely to worsen labor market segmentation.
Furthermore, the limited availability of workplace training, the limited scale of collective bargaining,
and the limited use of productivity-based pay structures are likely to deteriorate this trend. [19]–[21].
Additionally, rural labor force participation is higher than urban labor force participation, and urban
unemployment is higher than rural unemployment particularly [22]. If current trends continue, lower
labor force participation and higher unemployment are possible future consequences.
Indonesia faces problems on the labor supply side as well as on the demand side, as stated by the
Indonesian Ministry of Manpower [23]. To explicate, the major labor market issues in Indonesia are
1

https://www.feb.ui.ac.id/blog/2021/09/18/seri-kuliah-umum-mekk-feb-ui-peranan-program-kartu-prakerjadalam-mendukung-pemulihan-ekonomi-di-masa-pandemi-covid-19/
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changes in the industrial structure, informal sector expansion, and limited employment opportunities.
On the supply side, weaknesses in the labor force’s education and skill profile have hampered
productivity gains and a faster convergence with global productivity norms [18]. Whereas on the demand
side, slower rates of economic growth and job creation have limited the expansion of high-quality jobs
and slowed the pace of structural transformation [22], [24].
2.2. The economic and population structure change in Indonesia
During the 1970s, Indonesia maintained high economic growth, largely due to the rapid expansion of
oil production and a sharp increase in oil prices after 1973. However, when oil prices began to fall after
1982, the Indonesian economy slowed. According to Hidalgo et al. [25], growth is likely to be volatile
for countries that produce commodities at the periphery of “The Product Space”, where natural resources
are plentiful and commodities are produced with rudimentary technology. Following the oil windfalls,
to address this issue, Indonesia underwent a structural transformation and became a more balanced,
outward-oriented industrializing economy.
The growing economy and changing employment patterns have been closely linked to the structural
transformation of the economy [26], [27]. The Indonesian population has shifted from agriculture to
industry or services, from rural to urban areas, and from informal to formal employment. The rural
population has declined significantly over the last three decades, falling from 74% in 1985 to 46% in
2014 [26]. Furthermore, as more labor leaves the agricultural sector and moves to the industrial and
service sectors, more labor enters formal employment.
Indonesia’s growth sectoral composition has shifted away from agriculture and toward industry and
services, according to De Silva and Sumarto [28]. Looking back over the last two decades (1996–2015),
Indonesia had a unique economic transition from agriculture to services, even before the industrial sector
matured [26], [28]. This indicates that the manufacturing sector’s productivity per worker had declined,
as a drop in its share of Gross Domestic Product (GDP) was not accompanied by a drop in its share of
employment.
2.3. The concept of youth unemployment

Source: ILO [5]

Figure 2. Concept of Labor Force Participation Using ICLS 19th

Several definitions are available for young people. However, first, it should be noted that although
official statistics tend to focus on the group aged 15–24 (the United Nations (UN), International Labor
Organization (ILO), and World Health Organization (WHO)), there is debate about the various
definitions of “young people” [29]. Most of them describe the youth as people between the ages of 15
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and 24 years (the UN, ILO, and WHO), while the BPS-Statistics Indonesia use the term “pemuda” to
denote young people, which they consider to be Indonesian citizens aged 16 to 30 years, based on the
Law No. 40 of 2009. Moreover, the paper uses the International Conference of Labor Statisticians
(ICLS) 19 for defining unemployment (see Table 1). Unemployed people are people who do not have a
job and are actively seeking a job, creating a business, or not searching for a job because they have
already been accepted for a job but will not started it within a month. Having taken all definitions into
consideration, the word youth in this study will delineate people aged between 15 and 30 years and the
youth unemployment is stated as of young people aged 15 to 30 years who are without an occupation
and are enthusiastically searching for a job/preparing a business/already have a job but will not started
it within one month.
2.4. Factors related to youth unemployment
The magnitude and causes of unemployment have piqued the public’s interest, and the plight of
unemployed graduates has been highlighted as a result. This has arisen due to not only the widespread
prevalence of the problem but also the negative effects that the state of unemployment has on the
individual [30]. One of the most important role transitions in young adulthood is entering the labor
market. The absence of high school diplomas, poor reading skills, low intelligence quotient (IQ) scores,
and insufficient family resources have all increased the probability of unemployment in the human
capital area. [17].
The connections between individual-level variables—such as age, education and skill level, workrelated experience, and employment period—and unemployment are not indisputable but differ across
time and social frameworks [31]. Taken at a more general level, clearly, the educational resources and
technical skills of a population can affect both economic growth over some time and the degree of
adaptability of an economy to changing macro forces [32]. Education, in particular, has the potential to
increase the number of workers in formal employment. This can boost productivity while also
broadening the tax base of the country, potentially boosting overall employment and growth [33].
Education boosts a country’s competitiveness at the macro level [34]. A country with a well-educated
workforce may be able to attract more competitive production phases with higher value added.
Education can also help reduce unemployment and underemployment on a micro level (individual level).
It can help workers improve their skills and knowledge, allowing them to use more advanced
technologies [35], [36]. This could lead to increased market efficiency and, consequently, more longterm growth. The development of a more skilled labor force may also help avoid unit costs for lower
skilled workers, thus attracting more foreign direct investment and higher wages. [33].
Life skills and financial services training includes the knowledge of how to save, take out a loan,
start a business, and enter the labor force. Youth graduates are expected to have a greater ability to adapt
to the job market and improve their overall academic performance. However, evidence on the
effectiveness of training programs for those who are unemployed is mixed [37], [38]. In the literature,
there are several examples of successful programs, both training programs and those targeting young
people, that deliver positive results [39]. In Denmark, some studies suggest strong positive returns for
some forms of training [40]. Furthermore, training programs have been more successful in middle- and
low-income countries; this could be because the investments in these programs are especially beneficial
to the most vulnerable population groups that they target, that is, low-skilled and low-income people
[41]. Martin and Grubb [42] found consistently negative results for training programs for young people.
Correspondingly, Kluve [43] and Card et al. [44] also reached similar conclusions that programs targeted
at young people are less likely to have positive impacts. Furthermore, Betcherman et al. [45] suggested
that training programs targeting young people were relatively less successful in more tightly regulated
labor markets.
2.5. Empirical evidence on youth unemployment
Debates on youth unemployment have many pros and cons. These relate to the operational definition of
youth unemployment, as well as its implications in labor market studies and dynamics. [29]. Most studies
have studied the relationship between youth unemployment and macro-level data, such as inflation,
Gross Regional Domestic Product (GRDP), aggregate demand, young people’s wages, the size of the
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youth labor force, and minimum wages [12], [46]–[51], as aggregate data were easier to access than
individual-level data. Nevertheless, some studies utilizing microeconomic variables, such as sex, marital
status, skills, location, and education level have been performed [52]–[54].
Moreover, the previous studies mostly used multinomial logistic regression [52], [55]–[57], while
others used logistic regression [58], [59]. Nonetheless, these had different temporal ranges and scopes.
Several studies also used qualitative techniques and descriptive analysis [60]–[62]. Regarding Indonesia,
most studies have focused on unemployment in general and used the macroeconomic variables [63]–
[67]. Some studies have discussed youth unemployment and applied microeconomic variables; however,
these only covered the provincial level and utilized outdated data [148][58], [59], [68].
3. Data and Methodology
This research uses the latest cross-sectional data from the 2019 National Labor Force Survey (NLFS) or
SAKERNAS conducted by BPS-Statistics Indonesia. BPS-Statistics Indonesia conducts two SAKERNAS
surveys each year, one in February and the other in August, to collect information on individual and
household characteristics. However, these surveys differ in terms of the level of estimation provided:
SAKERNAS February provides only province-level estimations, while SAKERNAS August provides up
to district/city level estimations. These surveys employ internationally accepted definitions of labor
market status (including unemployment) and provide information on a rich variety of topics concerning
the relationship of respondents to the world of work.
This study will apply the sample of SAKERNAS August 2019. The sample consists of approximately
200,000 households in 34 provinces of Indonesia. The significant advantage of analyzing raw data was
that we were able to investigate a variety of special subgroups that cannot be studied using the published
summaries. Moreover, the study will pay special attention to youths who are not enrolled in school, as
the problems and experiences of unemployed young people in school and out of school are distinct and
must be studied separately.
Furthermore, the social and economic problems of unemployment may be more significant for those
who are not in school than those who are. Moreover, the paper separately analyzes young men and
women, as the problems and experiences of young men are likely to differ significantly from those of
young women of the same age. Additionally, the study also distinguishes between the following regions:
Java and non-Java. Even after including only out-of-school young people, the sample consists of
134,901 individuals. This is large enough to make statistically reliable estimates of unemployment
among young people. However, this study could not access the combination of individual and household
characteristics because the raw data does not provide the household identity number (IDRUTA);
therefore, the individuals cannot be classified by household. This limitation means that the study can
examine the relationship between only individual characteristics and youth unemployment.
3.1 Model Specification
Logistic regression is used to describe data and to explain the relationship between one dependent
binary variable and one or more nominal, ordinal, interval or ratio-level independent variables. Logistic
regression is a special econometric model where the dependent variable is categorical and dichotomous
(binary); in this case, it is unemployed (1) or working (0). Since the study used a binary qualitative or
categorical variable, the utilization of logistic regression is considered as one of the most appropriate.
The model used in this study is a modified model used by Miller [69], Andrews and Bradley [70],
Bradbury, Garde and Vipond [71], Qayyum [53], and Msigwa and Kipesha [52], with the following
specifications:
𝑌𝑈𝑁𝑖 = 𝛼 + 𝛽1 𝐸𝐷𝑈𝐶𝑖 + 𝛽2 𝑇𝑅𝐴𝐼𝑁𝑖 + 𝛾𝑗 𝑍𝑖𝑗 + 𝜀𝑖
(1)
Where,
𝑌𝑈𝑁𝑖 = 𝑦𝑜𝑢𝑡ℎ′ 𝑠 𝑤𝑜𝑟𝑘𝑖𝑛𝑔 𝑠𝑡𝑎𝑡𝑢𝑠 (𝑢𝑛𝑒𝑚𝑝𝑙𝑜𝑦𝑒𝑑 = 1 𝑎𝑛𝑑 𝑒𝑚𝑝𝑙𝑜𝑦𝑒𝑑 = 0)
𝐸𝐷𝑈𝐶𝑖 = 𝑒𝑑𝑢𝑐𝑎𝑡𝑖𝑜𝑛𝑎𝑙 𝑎𝑡𝑡𝑎𝑖𝑛𝑚𝑒𝑛𝑡 (𝑑𝑢𝑚𝑚𝑦)
𝑇𝑅𝐴𝐼𝑁𝑖 = 𝑡𝑟𝑎𝑖𝑛𝑖𝑛𝑔 𝑝𝑎𝑟𝑡𝑖𝑐𝑖𝑝𝑎𝑡𝑖𝑜𝑛 (𝑦𝑒𝑠 = 1, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒 = 0)
𝑍𝑖𝑗 = 𝑐𝑜𝑛𝑡𝑟𝑜𝑙 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒𝑠 (𝑔𝑒𝑛𝑑𝑒𝑟, 𝑚𝑎𝑟𝑖𝑡𝑎𝑙 𝑠𝑡𝑎𝑡𝑢𝑠, ℎ𝑜𝑢𝑠𝑒ℎ𝑜𝑙𝑑 ℎ𝑒𝑎𝑑, 𝑓𝑎𝑚𝑖𝑙𝑦 𝑚𝑒𝑚𝑏𝑒𝑟, 𝑢𝑟𝑏𝑎𝑛, 𝑟𝑒𝑔𝑖𝑜𝑛)
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Table 1 shows the one categorical dependent variable and eight independent variables. The
independent variables are divided into two types: interest and control variables. Interest variables are
independent variables that are the focus of this research, while control variables are an experimental
element that is constant and unchanged throughout the investigation.
Table 1. List of Dependent and Independent Variables
Variable
Working status
Education

Type
Dependent variable
Interest Variable

Description
Employed(reference=0),and unemployed (=1)
No Education= not yet completed primary
school; Primary Education= reference
(elementary, junior high school, and
equivalent); Secondary education= senior high,
vocational high school, and equivalent;
Tertiary education= higher education
Training
Interest variable
No(reference); Yes
Gender
Control variable
Female (reference); and Male
Marital Status
Control variable
Otherwise (reference); and Married;
Head of household Control variable
No (reference), Yes
family member
Control variable
Number of family member
Urban
Control variable
Rural (reference=0) ; urban
Region
Control variable
Java; non-Java (reference=0)a
a
non-Java includes Sumatera, Bali and Nusa Tenggara, Sulawesi, Maluku, and Papua.
In this paper, the education variable is divided into four categories: no education, primary education,
secondary education, and tertiary education. Primary education (contains people who have finished
elementary, junior high school and equivalent) becomes benchmark because basic education in
Indonesia is 12 years; however, mean years of schooling in Indonesia is 8.34 in Indonesia [72].
Hypothesis 2 argued that people with lower education will potentially become unemployment compared
to people with higher education, primary education is chosen to become reference in this paper to
support this. Meanwhile, hypothesis 2 proposed that people who participating in training will have more
chance to get job opportunity than people who do not participate; therefore people with no experience
attending training become benchmark in this study.
The model is easier to understand when expressed in terms of probabilities, i.e., odds ratios. An odds
ratio greater than one indicates an increase in the probability of employment, while a value less than one
indicates a decrease in the probability of employment. We obtained estimates of the relative odds (odds
ratios) associated with a specific category of an interest covariate, such as using the following equation:
(2)
Here 𝛬(.) indicates the logistic cumulative distribution function.
The logit model will be transformed into a marginal effect value to determine the magnitude of the
change in probability (Pi) caused by each change in the regressor. The parameters in the form of
marginal effect in the logit model are as follows:
𝜕𝐹(𝑥′𝛽)
𝜕𝑥

𝑒𝑧

= (1+𝑒 𝑧)2 𝛽𝑖

(3)

where 𝜕𝐹 (𝑥′𝛽) = 𝜕𝑦 = 𝜕𝑃 is the change in y value or change in likelihood, 𝜕𝑦 is the change in x value,
𝑧 = 𝛽0 + 𝛽1 𝑋𝑖 , and 𝛽𝑖 is the coefficient of the explanatory variable i.
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4. Result and Discussion
4.1 Descriptive statistics
Table 2 describes the independent variables of the model, including training participation, education
attainment, gender, location, marital status, household head, and region. According to the August 2019
data of SAKERNAS, 89.14% of the youth are employed in both formal and informal employment sectors,
while 10.86% are unemployed. Statistics show that 60.64% of the youth are male, and 39.36% are
female. Moreover, 44.90% of the youth live in urban areas, and 55.10% live in rural areas. Figures on
youth training participation indicate that only 10.04% of the youth undertook training, while 89.96%
did not.
Table 2. Summary statistics of youth (15–30 years old)
Variables
Employed
Unemployed
Gender
Female
Male
Training participation
No
Yes
Educational Attainment
No Education
Primary Education
Secondary Education
Tertiary Education
Residence
Rural
Urban
Marital Status
Single
Married
Divorced
Widowed
Household head
No
Yes
Region*
Non-Java
Java
Working status

Frequency
120,242
14,659
53,105
81,796
121,354
13,547
9,222
45,034
60,357
20,288
74,335
60,566
82,808
49,832
1,905
293
115,269
19,632
95,645
39,256

Percentage
89.13
10.87
39.37
60.63
89.96
10.04
6.84
33.38
44.74
15.04
55.10
44.90
61.41
36.96
1.41
0.22
85.45
14.55
70.90
29.10

*Note: The individual sample is smaller in Java Island than outside Java Island; nevertheless, the
SAKERNAS August 2019 provides weights (WEIGHTR_SP) proportionate with the sample; this will
provide comparative estimations.

Furthermore, the education level indicates that 6.84% of youth did not complete primary education,
33.38% completed primary education, 44.75% completed secondary education, and only 15.3%
completed higher education. Moreover, single (61.41%) is the highest percentage in terms of marital
status, followed by married (36.96%), divorced (1.41%), and widowed (0.22%). Meanwhile, young
people who serve as the head of household accounted for 14.56%.
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Table 3. The distribution of youth and youth unemployment by island, 2019.
Island

Youth

Sumatera
Java
Bali and Nusa Tenggara
Kalimantan
Sulawesi
Maluku and Papua
Total

9,062,259
22,605,189
2,343,583
2,554,782
3,004,654
1,220,785
40,791,252

Percent
Youth
of youth unemployment
22.22
1,017,336
55.42
3,047,782
5.75
141,010
6.26
257,484
7.37
297,203
2.99
126,354
100.00
4,887,169

Percent of youth
unemployment
20.82
62.36
2.89
5.27
6.08
2.59
100.00

Table 3 depicts the youth and youth unemployment distribution by island. In non-Java Island, North
Sumatra and South Sulawesi become the province where the most of young people live comprising of
5.92% and 3.30%. The weighted sample indicates that 55.42% of young people live in Java Island, while
the rest live outside Java Island according to Table 3. Moreover, based on Table 3, the percentage of
youth unemployment in Java, Bali, and Nusa Tenggara Island (61.17%) is higher than outside these
islands (38.83%).
Informal

Agriculture

Formal

Manufacturing

80.78
71.67

Services

50.96

78.64

40.20

44.55

42.59

37.90
30.39

19.22

28.33
21.36

Adult

Youth

Adult+youth

Figure 3.1. Youth employment status

17.21

18.65

17.54

Adult

Youth

Adult+youth

Figure 3.2. Youth employment by sector

Figure 3 demonstrates that typically, young Indonesian workers occupy a place in the informal
economy. Youth aged 15–24 years old accounted for 76.16%, and 66.86% of young people in the 25–
29 year age group were informal employees. Moreover, Figure 4 indicates that several young employees
are engaged in the service sector, followed by the manufacturing sector, while the least attractive sector
for young workers is the agriculture sector. The dominance of the service sector in both age groups
shows that informal workers among the young are uncommon. In most cases, the service sector’s
association with the informal economy shows that most young workers are employed in the service
sector. A recent study reveals 61.2% of the global workforce aged 15 and above are in the informal
economy, and 47.2% of all employment in the service industries strengthen this point [73].
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67.64

22.18
0.38

LNT

HNT

LAT

9.79

HAT

Youth unemployment

Figure 4. Training Participation and Education Level of Youth Unemployment
Figure 4 illustrates that among young people who unemployed, 22.18% have lower education
(secondary education and below) and never attend training, 67.64% have higher education (college
degree and higher) and not undertaken training, 0.38% have lower education and did not participate in
training, and 9.79% have higher education and participated in training. Overall, young people who have
not participate in training given their education will more possible to be unemployed than young people
who attend training.
4.2 Logistic regression
To deal with the dummy variables, this study used logistic regression to estimate the various categories
of variables. The marginal effect for each variable was calculated to see how adding a unit to each
variable affects unemployment for three different profiles: personal, demographic, and educational. The
marginal effects of the independent variables that will help formulate the unemployment correlation are
represented by the results estimated in Table 4.
Table 4 includes all explanatory variables. It analyzes the role of each variable in differentiating
unemployed youth from employed youth. Two interest variables, training participation and educational
attainment, and all control variables (gender, marital status, location, family member, household head,
and region) are statistically significant at p-value = 0.01, which indicates that all variables in the model
correlate with the probability of young people becoming unemployed. Moreover, it shows that the
control variables that increase the probability of youth becoming unemployed are residence, region, and
the number of family members. Meanwhile, the education level yields unique results: a young person
who did not finish primary education is less likely to be unemployed over being employed compared to
the reference (primary education), while youth with higher education yields the opposite result. It is in
line with the outcomes of Pratama et al. [74], that a positive correlation exists between the level of
education and young unemployment case. However, other variables such as gender, marital status,
household head, and training decreased the probability of being unemployed compared to the each
reference base.
The variables will be analyzed more deeply based on results of the marginal effects. Table 4 explains
that, initially, if young people participate in training, the chance of being unemployed decreases by
1.01% than young men who do not participate in training. This finding is in line with Díaz et al. [75]
and Weller [76] who discovered that training programs decrease the possibility of being unemployed.
This implies that training or preparation either in the formal or informal sector is needed for the young
to enter the working world. Moreover, this can make the school-to-work transition smoother and easier
for graduates.
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Table 4. The Results of odds ratio and marginal effect
Variable
noeduc

Coefficient

a

-0.355***
0.0782***
0.768***
0.564***
-0.136***
-0.103***
-1.269***
0.189***
0.03***
-0.937***
0.251***
-.2.426***

hischool
vocedu
terud
train
gender
mar
urban
fam
hh
java
Constant
Number of observations
Pseudo r-squared
Prob > chi2
Marginal effects after logistic: y = Pr(unemploy) (predict)
a

b

Marginal Effect (dy/dx)b
-0.023

*** p < .01, ** p < .05, * p < .1;
dy/dx is for the discrete change of the dummy variable from 0 to 1

0.068
0.070
0.049
-0.010
-0.009
-0.089
0.014
0.002
-0.055
0.019
134,901
0.087
0.000
0.0798

Moreover, young people who have not completed primary education do not possess any skills
required in the job market, and their chance of being unemployed decreases by 2.3% compared to people
who have completed primary education; hence, they engage in informal employment. The reason for
their involvement in the informal sector is that, while many young people in developing countries will
continue to work in the informal economy, informalization is likely to increase as more jobs shift to gig
and casual labor [77], [78]. This is based on the assumption that with limited skills, low prospects in the
formal economy, and high rewards that are disproportionate to the skills required, informal jobs remain
as an easy entry option for many people at the bottom of the economic ladder, many of whom are young
adults with low education [79].
For the skilled youth, market competition for a job, their working experiences, and their preferences
for formal employment make them more likely to be unemployed over being employed compared to
young people who finished primary education. The likelihood of being unemployed would increase by
6.8%, 7%, and 4.9% for high school, vocational education, and higher education alumni, respectively
over primary education. It is interesting how the higher a person’s education level, the higher is their
possibility of staying jobless. It is consistent with studies highlighting the high unemployment rates for
better educated youth in comparison with youth with lower levels of educational in developing
economies; this also mirrors the propensity of well-educated youth to wait until an appropriate job
opportunity arises [80], [81]. Nevertheless, this finding also contradicts some other studies, which found
that a person’s educational level positively influences the likelihood of them finding a job [82]–[84].
Another cause is employers do not positively approach youth employment, owing to their
inexperience at work and the imperfect knowledge of young applicants [85]. They prefer experienced
workers, which reduce employment opportunities for new graduates and also increases unemployment
duration [86]. Moreover, the incompatibility between the competencies of workers and the labor market
is also a reason for Indonesia’s high youth unemployment. To illustrate, the current technical vocational
education and training (TVET) system which called Sekolah Menengah Kejuruan (SMK) in Indonesia
faces a fundamental mismatch between the supply and demand of skills, and the relevance and
applicability of practical skills taught in TVET institutions [87]. TVET graduates in Indonesia, who
should be ready for work, experience difficulties entering the labor market than general high school
graduates due to the lack of flexibility to work in any sector besides their specialization.
Moreover, the results of marginal effect also shows that young men are 0.9 % less likely to be
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unemployed compared to young women. Several studies found a similar result, that young women have
a higher probability of unemployment than young men [52], [84], [88], which happens particularly in
emerging countries [89]. Education is the most common activity outside of the labor force for men,
whereas housework is the most common activity for women, with female participation in education
being much lower than male participation. This adds to the picture of young women being disadvantaged
in terms of both the quantity and quality of job opportunities available to them. The findings also suggest
that married people have less probability of being unemployed compared to unmarried people. They
also show that marriage reduces the possibility of young people being unemployed by 8.9%. Msigwa
[52] and Oancea [83] also produced similar outcomes. This is because married youth have more
responsibilities and have to care for their families, which requires them to work, whereas most single
youth rely on their parents and are thus less motivated to work.
Additionally, the number of family members (fam) also increases the probability of a young person
being unemployed. A bigger family size would increase the chances of young people being unemployed
by around 0.2% compared to smaller size family. The cost of being unemployed may be lower for those
with a big family, as some of them may support the unemployed individual. Furthermore, usually,
having a big family can increase an unemployed person’s dependency on other working family members
than in smaller-sized family. Youth who still live with their parents and possess a big family have a
higher chance of becoming unemployed than those who live separately from their parents, as the former
are more reliant on their family. This figure would become worse if they had completed higher
education, because they would not want to lower their expectations about getting their dream job. They
would be very meticulous when applying for a job or accepting a job offer, because of their family safety
net. Nonetheless, this study could not access the household characteristics of unemployed youth to
determine the relation between the number of employed household members and the possibility of
unemployment of the young people residing in this household.
An interesting finding is that youth who live in urban areas more likely to become unemployed rather
than young people living in rural areas. Youth who live in urban areas are more prone to unemployment
by 1.4% compared to youth who live in rural areas. Similarly, Msigwa et al. [52] and Mpanju et al. [90]
discovered that a youth who lives in an urban area is more likely to be unemployed and especially young
graduates [91]. Furthermore, young people who live in Java Island is more tend to be unemployed by
1.9% compared to youth who live outside Java Island. Java as the most populous island in Indonesia
makes the competition for occupation here is tougher than in other areas. Although Java has the highest
rate of job vacancies at around 86.4% [1], the number of unemployed people in Java is also the highest.
This is probably because the vacant jobs in Java need more experience and skills; thus, young people
cannot enter the job market. Non-Java Island has more opportunities for young people to start their
career, perhaps because the qualification of workers is lower than in Java.
5. Conclusion and Policy Implications
By applying logistic regression model to observe the determinants of the probability of youth
unemployment, the current study aimed to enhance the understanding of the trends in youth
unemployment in Indonesia. To this end, it employed quite detailed micro-level data from the
SAKERNAS of August 2019. The objective of the study was to investigate the relationship of training
participation and educational attainment with the likelihood of people experiencing youth
unemployment and suggest a path forward for resolving the issue. From the findings, the study
concludes that the two main variables training and education are significant factors in explaining the
difference in youth unemployment status in Indonesia.
A negative relationship was discovered between training and youth unemployment in Indonesia.
Training is usually considered a primary factor for reducing youth unemployment in Indonesia.
Furthermore, the education factor yields quite unexpected results. The hypothesis suggests that people
who have better education would be more likely to be employed rather than who finished primary
education; however, the opposite was discovered to be true: Young people who are more educated tend
to be unemployed. It is interesting that these educated graduates choose to be unemployed instead of
getting a job or starting a business. Perhaps, this is because there is a problem in the supply side, such
as mismatch in the skills required for a job and the skills available, or in the demand side, such as severe
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competition in the labor market. For people with a college degree or higher, one reason could be that
they wish for a job with an appropriate salary and in the formal sector. Meanwhile, people with TVET
degrees face more difficulties entering the labor market than high school graduates, as they lack the
flexibility to work in any sector besides their specialization. Moreover, as control variables, individual
characteristics also contribute to explaining the probability of young people experiencing
unemployment. One prominent result is marital status. Married youth tend to be employed than single
people, probably because marriage brings additional responsibilities that single youth do not have to
bear.
This study has some limitations. First, to determine a causality between the variables and youth
unemployment, especially for the training and education attainment variables, longitudinal data should
be investigated more than cross-sectional data to assess the effects of training participation and education
in the medium and long terms. The utilization of a panel data model with a longer period of data probably
can capture this causality rather than cross-sectional data.
Furthermore, to enrich the analysis, macroeconomic data and household characteristics should be
included by combining other data, such as those of the IFLS or National Socio-Economic Survey
(SUSENAS), with the SAKERNAS data. More comprehensive analyses should be performed on to
understand how a bigger family size can increase the probability of someone being unemployed, such
as by applying the luxury unemployment hypothesis. The luxury unemployment hypothesis would hold
if the majority of unemployed youth came from wealthy families and spent much longer looking for
suitable work, whereas poorer job seekers would settle for the first job available [92].
This study has some policy implications for the government, which can be implemented to reduce
the youth unemployment. Programs, policies, and products geared toward investing in youth may help
countries currently experiencing a youth bulge to optimize their demographic dividend. The government
should increase the quality of education, especially for young people in the 15–19 years old age group.
As per the findings, the problem of youth unemployment is significant for people with high school and
vocational school degrees and much higher than for people who have undergone tertiary education. To
overcome this situation, the Ministry of Education, Ministry of Labor, and businesses should coordinate
to match labor market needs with the curriculum of these education levels. Even though the magnitude
of the marginal effect of training variable is moderately small, the government should understand that
young people need a school-to-work transition training program to adequately develop their skills before
entering the labor market for the first time. Therefore, the link between education, training, and the job
market should be improved through social discussion on the skills mismatch and standardization of
requirements in response to labor market needs, enhanced quality of the TVET, apprenticeships, other
work experience schemes, and work-based learning.
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5. Appendix

Source: processed by author

Figure 1. Open and Youth Unemployment Rate in Indonesia (2011-2020)
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Abstract. Sustainable economic growth with a low and stable inflation rate is one of the goals
of macroeconomic policy in improving people's welfare. High inflation can be detrimental to
economic growth in the medium and long term while a certain level of inflation is also needed
to move the economy. Therefore, the question arises about the level of inflation that does not
have a negative impact on economic growth. This study aims to estimate the inflation threshold
level and identify its effect on Indonesia's economic growth 1981-2019. The research begins by
determining the best model among the models that regress inflation on economic growth with
quadratic regression, Hansen's threshold regression (2000), and Mubarik's threshold regression
(2005). The best model is the Mubarik threshold regression model (2005) with an inflation
threshold of 6.85 percent. Mubarik's (2005) threshold regression analysis was reused in the
model involving the FDI variable, the inflation threshold was 7.11 percent, and FDI had a
positive effect. Inflation below the inflation threshold encourages economic growth, while
inflation above the inflation threshold is detrimental to economic growth. The result of the
estimated threshold level is higher than the inflation target by BI, so that inflation targeting can
be increased.

1. Introduction
Indonesia is a developing country with the object of macroeconomic policy to achieve sustainable
economic growth with a low and stable inflation rate. For this reason, an understanding of the
relationship between economic growth and inflation are something that get attention due to its relevance
in it. Inflation and economic growth are also key indicators in policy making because both have the
ability to reflect the state of an economy [1]. The economic growth to be achieved in the macroeconomic
policy objectives is sustainable economic growth. It can be achieved by maintaining macroeconomic
stability. One of the efforts to maintain macroeconomic stability can be done through controlling the
inflation rate. Low and stable inflation are a prerequisite for sustainable and mutually beneficial to
economic growth in improving people's welfare. Each country generally has a main macroeconomic
policy, namely high and sustainable economic growth with a low and stable inflation rate [1][2][3]. High
inflation rates can harm economic growth in the medium and long term [4][5]. However, inflation also
can be maintained at a certain level to encourage economic development [6][7]. This implies that a
certain level of inflation is still needed to lubricate and move the wheels of the economy [8].
The next question arises as to what kind of relationship exists between inflation and economic growth
or how low is the inflation rate so that it is no longer detrimental to economic growth. To answer this
question, identification of the relationship between inflation and economic growth and estimating the
inflation threshold has been found. Recent studies related to identifying the relationship between
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inflation and economic growth are dominated by a nonlinear approach, but there is still debate about the
level of the inflation threshold in the relationship between the two indicators. This is because the
conclusion of the relationship between the two indicators and the resulting inflation threshold level will
depend on the methods and data used [3][9]. Based on related research, apart from inflation, the process
of estimating inflation threshold level and identifying its effect on economic growth will be continued
by including Foreign Direct Investment (FDI) as well as an independent variable in the model. FDI is a
source of foreign funding that can increase economic growth. FDI plays an important role as one of the
factors that contribute to the economic stability of developing countries [18]. In addition, countries with
stable economic conditions are one of the factors that attract foreign investors. Countries with stable
economic conditions can reduce investment uncertainty or increase investment confidence [19].
In addition, it will also depend on the characteristics of the region in question. So, this study will use
several different methods. The analytical methods used are quadratic regression, Hansen threshold
regression (2000), and Mubarik threshold regression (2005) [10][11]. Lin & Ye states that the estimation
of the inflation threshold level can be obtained accurately if the research is carried out specifically in
certain countries [6]. The debate about the appropriateness of the relationship between these two
indicators is still open, so there is no consensus regarding the relationship between the two, both
empirically and theoretically [2]. Thus, the purpose of this study is to estimate the inflation threshold
level and to identify its effect on economic growth in Indonesia with or without including the Foreign
Direct Investment (FDI) 1981-2019.
2. Literature Review
Economic growth is an indicator that used to measure the development of economic performance in a
region over a certain period of time. While inflation is a tendency to increase the price level of general
goods and services continuously. Theoretically, the relationship between inflation and economic growth
yields various conclusions [9]. Endogenous growth theory explains that the relationship between
inflation and economic growth is negative. Meanwhile, there is Keynesian theory through the interaction
of the Aggregate Demand-Aggregate Supply (AD-AS) model which explains that the impact of inflation
on economic growth is positive in the short term and negative in the long term. The positive relationship
between the two indicators in the short term can be explained through the Phillips Curve. However, this
theory is not able to explain the occurrence of the phenomenon of stagflation. Then, there is the monetary
theory which explains that in the long run inflation does not affect economic growth. In addition to the
theories above, there is another theory, namely the neoclassical growth theory which links the
relationship between the two indicators with other variables, such as capital, money growth, and
consumer behavior. Contrary to previous theories that explain the linear relationship between inflation
and economic growth, Fischer in 1993 found that there is a nonlinear relationship between inflation and
economic growth or the identification of a threshold for inflation. The relationship between the two will
be positive or insignificant before passing a certain threshold (low inflation rate) and negative impact
after passing that threshold (high inflation rate). Thus, the theoretical descriptions show that there is no
single conclusion in describing the relationship between inflation and economic growth.
Not only from the theoretical side, the empirical side also shows the same thing, namely the various
conclusions regarding the relationship between inflation and economic growth. Empirical evidence to
identify the relationship between inflation and economic growth has been carried out by many
researchers from various countries. The results of the empirical research can be categorized into four
possible outcomes in research [12]. First, inflation does not affect economic growth found in Dorrance's
1963 study. Second, there is a positive relationship between inflation and economic growth found in
Shi's 1999 study. Third, inflation has a negative effect on economic growth found in Andres &
Hernando's 1997 study. The fourth category, the relationship between inflation and economic growth is
nonlinear which was found in Fischer's 1993 research. The conclusions of this nonlinear approach will
also vary because it depends on the data and methodology used and the characteristics of the region
concerned [13]. This makes the relationship between inflation and economic growth even more
interesting to study [6].
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3. Data and Methodology
3.1. Data
This study uses time-series data for the period 1981-2019. The process of estimating the inflation
threshold level and identifying its effect on economic growth begins by comparing and determining the
best model among models that regress inflation on economic growth (bivariate model). The analytical
method used is quadratic regression, Hansen threshold regression (2000), and Mubarik threshold
regression (2005). Furthermore, it includes Foreign Direct Investment (FDI) as an independent variable
in the model. The model will use a similar analysis on the best model among the previously formed
bivariate models.
Table 1. Data and source of data
Data
Real Gross Domestic Product (GDP)
Consumer Price Index (CPI)
Foreign Direct Investment (FDI)

Source
Badan Pusat Statistik
Badan Pusat Statistik
UNCTAD

3.2. Model
Formation of the Inflation Regression Model on Economic Growth (Bivariate Model) using three
different analytical techniques.
(a) Quadratic Model

PEt = 1 +  2 t +  3 t2 +  t
𝑃𝐸𝑡
𝜋𝑡
𝜋𝑡2
𝛽1
𝛽2
𝛽3
𝜀𝑡
t

(1)

: Economic growth year t
: Inflation first degree year to t
: Inflation second degree year to t
: Intercept
: Coefficient of Inflation first degree
: Coefficient of Inflation second degree
: Error term
: t = 1981,1982, …, 2019

𝛽2 in non-negative number whilw 𝛽3 in negative number so equation (1) has maximum value. The
derivation of the quadratic equation (1) is done to obtain the threshold level or the optimum point of
inflation. The formula for obtaining the threshold level is as follows:

k=

− 2
2 3

(2)

k : Threshold inflation
𝛽2 : Coefficient of Inflation first degree
𝛽3 : Coefficient of Inflation second degree
(b) Threshold Model by Hansen (2000)

PE t =  11 +  12  t I ( t  k ) +  21 +  22  t I ( t  k ) +  t
𝑃𝐸𝑡
𝛽11
𝛽12
𝜋𝑡
𝛽21
𝛽22

(3)

: Economic growth year t
: Intercept below inflation threshold level
: Inflation coefficient below the inflation threshold level
: Threshold inflation year t
: Intercept above inflation threshold level
: Inflation coefficient above the inflation threshold level
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: Error term
: Indicator function
: Threshold inflation
: t = 1981,1982, …, 2019

𝜀𝑡
I( )
k
t

In this study, the value of the inflation threshold or k is not yet known, so the estimation of the above
model will use conditional least squares. The procedure is to estimate every possible threshold level k
using the Ordinary Least Square (OLS) technique. Each model of the estimated k will produce a
Residual Sum of Squares (RSS). Then, the selected threshold level k is the threshold level k that
minimizes RSS [11].
(c) Threhold Model by Mubarik (2005)

PE t =  1 +  2 ( t ) + 3 * Dt ( t − k ) +  t

(4)

𝑃𝐸𝑡
: Economic growth year t
𝜋𝑡
: Inflation year t
𝛽2
: Inflation coefficient below the inflation threshold level
𝛽2 + 𝛽3 : Inflation coefficient above the inflation threshold level
𝜀𝑡
: Error term
𝐷𝑡
: Dummy variable
k
: Threshold inflation
t
: t = 1981,1982, …, 2019

Similar to the estimation technique in the threshold method also uses the conditional least squares
technique. The principle is to determine the threshold level of inflation k is k which minimizes RSS
[10].
4. Empirical Result
4.1. Inflation
Figure 1 shows that the movement of inflation in Indonesia is quite volatile. In that period, the highest
inflation ever occurred in Indonesia was 77.63 percent in 1998. Meanwhile, the lowest inflation was
2.01 percent in 1999. In 1998, the year Indonesia experienced the monetary crisis, there was a spike in
the inflation rate from 11. 05 percent to 77.63 percent. Then, Inflation declined sharply in 1999 to 2.01
percent. In 2008 there was an increase in the inflation rate to 11.06 percent due to the world financial
crisis.
100
80
60
40
20
0

Inflation(%)

Figure 1. Inflation developments (2012 CPI=100) Indonesia 1981-2019.
4.2. Economic growth
Figure 2 shows that the movement of Indonesia's economic growth tends to fluctuate with an average
growth of 5.04 percent. During that period, the highest economic growth was 8.23 percent in 1995, while
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the lowest economic growth fell by -13.13 percent in 1998 as a result of the Asian financial crisis which
brought Indonesia to a slump in economic growth.
10
5
0
-5
-10
-15

Economic growth (%)

Figure 2. The development of Indonesia's economic growth 1981-2019.
4.3. Foreign Direct Investment
Figure 3 shows that the movement of FDI in Indonesia for the 1981-2019 period fluctuated by an average
of 13.11 percent. The highest FDI occurred in the 1998 Indonesian monetary crisis, which was 28.12
percent, which was a sharp increase from 1997. This was due to the impact of the depreciation of the
rupiah against foreign currencies.
30
20
10
0

FDI (%)
Figure 3. Percentage of FDI to Indonesia's GDP 1981-2019.
The initial stage is to sort the value of the independent variable, namely inflation starting from the
smallest value to the largest value. The sorted data is divided into several groups. This grouping will
depend on the researcher. The next step is to calculate the average of the inflation and economic growth
variables in each formed group. The results of these stages can be shown in Table 2.
Table 2. Inflation and Economic Growth
Number
Range
1.
0≤π<3
2.
3≤π<5
3.
5≤π<7
4.
7≤π<9
5.
9 ≤ π < 11
6.
11 ≤ π < 13
7.
π ≥ 13
π : Inflation

Observation
3
8
8
7
7
4
2

Average of inflation Average of economic growth
2.50
3.48
3.81
5.16
6.19
6.12
8.43
6.36
9.59
5.70
11.53
4.64
47.37
-3.72
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Based on the grouping of Indonesia's historical data between inflation and economic growth variables
in Table 2, as an early indication, identifying the nature or pattern of the relationship between inflation
and economic growth can be done by plotting the values of these two (Mubarik, 2005). The result of
Table 2 can be shown that there is no conclusion that a low inflation rate will be associated with a high
growth rate or vice versa. This is an indication of a nonlinear relationship between economic growth
and inflation, namely the relationship between the two indicators in the figure can be positively and
negatively related. However, this requires further empirical evidence. If it is proven to have a nonlinear
relationship empirically, then the research is continued by identifying the inflation threshold.
Stationarity test
Model analysis using time series data can be done if it fulfills the assumption of stationarity. Testing the
stationarity assumption in this study using Augmented Dicky-Fuller (ADF).
Table 3. Results of stationarity test.
Variable

P-value
0.4586
0.9442
0.1944

LOG(PDB)
LOG(IHK)
FDI

level I(0)
Kesimpulan
Not stationer
Not stationer
Not stationer

Diff pertama I(1)
P-value
Kesimpulan
0.0031
Stationer
0.0000
Stationer
0.0000
Stationer

Bivariate Model Comparison
Based on the measure of the goodness of the model as shown in Table 4, among the three bivariate
models, this study will use the Mubarik (2005) threshold regression model. This is because the model
generated by Mubarik's (2005) threshold regression has Adj. The largest R-squared is also RSS, AIC,
SIC, and HQ with the smallest value among the three models.
Table 4. Rresult of bivariate model comparison.
Goodness of fit
R-squared
Adjusted R-squared
Residual Sum of squares
Akaike Info Criterion
Schwarz Criterion
Hannan-Quin Criterion
*) Best indicator

Quadratic
0,83085
0,821453
76,11013
3,660343
3,788309
3,706256

Threshold Hansen (2000) Threshold Mubarik (2005)
0,859357*
0,858907
0,847302
0,851069*
63,28327*
63,48558
3,530228
3,478974*
3,700850
3,606941*
3,591446
3,524888*

The best bivariate model chosen is the model with the Mubarik Threshold Regression analysis (2005).
Table 5 summary of Mubarik's (2005) threshold regression results can show that the estimated inflation
threshold level generated by the model is 6.85 percent.
Table 5. Result of threshold Mubarik (2005).
Variable
D(LOG(IHK))**
D(6.85)*(D(LOG(IHK))-6.85)**
C**
R-squared
Adjusted R-squared
Residual Sum of squares
Prob(F-statistic)

Coefficient
0,610898
-1,015001
2,412024

t-statistic
4,360203
-6,813047
2,96591
0,858907
0,851069
63,48558
0,00000

p-value
0,0001
0,0000
0,0053
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The model formed has fulfilled the assumptions of normality, heteroscedasticity, and autocorrelation.
In this model, it can be shown that with a significance level of 5 percent, inflation below the threshold
level has a positive effect on economic growth. This means that inflation with a level below 6.85 percent
is conducive to economic growth. On the other hand, with a significance level of 5 percent, it can be
stated that inflation above the inflation threshold level has a negative effect on economic growth. This
means that inflation with a level above 6.85 percent will be detrimental to economic growth.
Table 6. Results of threshold Mubarik (2005) include FDI.
Variable
D(LOG(IHK))**
D7.11*(D(LOG(IHK))-7.11)**
D(FDI)*
C**
R-squared
Adjusted R-squared
Residual Sum of squares
Prob(F-statistic)

Coefficient
0,536264
-0, 992701
0,001627
2,783621

t-statistic
4,291173
-7,395571
2,404056
3,736273
0,877467
0,866964
55,13449
0,000000

p-value
0,0001
0,0000
0,0216
0,0007

The estimated threshold level increased compared to the bivariate model after involving the FDI
variable. This indicates that the additional foreign capital into Indonesia will increase the inflation
threshold. The changes in variables result in changes to the inflation threshold level [3]. Stable economic
conditions can increase FDI into Indonesia. In which the inflation threshold level still has a positive
impact on economic growth. The inflation threshold level of 7.11 percent can be categorized into a
moderate inflation rate [14]. Meanwhile, low inflation with an annual inflation rate consisting of only
single digit numbers [15]. After obtaining the estimated inflation threshold level, the next step is to
identify the relationship of inflation above and below the estimated inflation threshold level to economic
growth. Based on Table 6, with a significance level of 5 percent there is sufficient evidence to state that
inflation with a level below the threshold level of 7.11 percent will encourage economic growth. Every
one percent increase in the inflation rate below 7.11 percent will have a positive impact on economic
growth of 0.54 percent. On the other hand, inflation with a level above the inflation threshold of 7.11
percent will have a negative impact on economic growth. For every one percent increase in the inflation
rate above 7.11 percent, it will hurt economic growth by 0.45 percent.
Then, in addition to obtaining an estimate of the inflation threshold level and identifying its effect on
economic growth both below and above the inflation threshold, the model can also identify the influence
of another independent variable involved on economic growth, namely the Foreign Direct Investment
(FDI) variable. FDI as a variable approach to investment has a positive effect on economic growth. This
positive impact can be obtained because of the transfer of assets, introduction of production technology
and managerial expertise to promote economic growth [19]. This is consistent with Solow's growth
theory which states that capital accumulation and economic growth will be positively proportional
[9][16].
5. Conclusion and Recommendation
The estimation of the threshold level in the best bivariate model, namely the Mubarik threshold
regression model (2005) is 6.85 percent with inflation below the threshold level encouraging economic
growth, while inflation above the threshold level is detrimental to economic growth After involving
Foreign Direct Investment (FDI) ) as part of the independent variable, the estimated threshold level of
inflation is 7.11 percent with inflation below the threshold level beneficial to economic growth. On the
other hand, inflation above the inflation threshold is detrimental to economic growth. In addition, FDI
has a positive effect on economic growth. The estimation of the inflation threshold level increased after
involving the FDI variable. Inflation above a certain level can be detrimental to economic growth, so
Bank Indonesia plays a role in preventing Indonesia from experiencing such an adverse inflation rate
through interest rate control. However, it is hoped that BI will not put too much pressure on the inflation

689

M S Manurung and A F Yuniasih
rate. In other words, keep giving room for inflation to move so as to obtain optimum economic growth.
For further research, it is possible to identify the threshold level that gives results in more than two
groups.
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Abstract. Employment is one of the areas affected during the covid-19 outbreak. The
government of Indonesia has taken numerous measures to restrain the growth rate of covid-19,
such as the implementation of social restriction, which leads to a multidimensional problem –
the employment problem. Indonesia’s unemployment in 2020 has increased compared to 2019.
According to Statistics Indonesia, the open unemployment rate in August 2020 is about 1.84
percent higher than August 2019, and from the total working-age population in August 2020,
14.28 percent of them were affected by covid-19. This study aims to investigate the resilience of
workers affected by the covid-19 outbreak in maintaining their jobs by comparing the survival
rates in the sectors most affected by covid. The methodology used in this research is survival
analysis in time resilience of workers affected by the covid-19 outbreak in maintaining their jobs.
The conclusion obtained from this study is that the sector significantly influences worker’s time
resilience (p-value < 0.05). Among the six sectors most affected by covid-19, workers in the
construction sector has the highest time resilience compared to 5 other sectors – most survive
workers in maintaining their jobs during covid-19 outbreak, followed by the accommodation and
food services, other services activities, manufacturing, wholesale and retail trade sectors. The
most affected sector for the time resilience of workers during the COVID-19 outbreak is
transportation and storage.

1. Introduction
As of 4th September 2021, the Government of Indonesia has reported 4,123,617 people with confirmed
coronavirus disease (covid-19) and 16,752 people with confirmed as new cases, which indicates we
aren't covid-19 outbreak free yet. Furthermore, the Government of Indonesia has taken numerous
measures to restrain the growth rate of new covid-19 cases, such as the implementation of social
restriction–was first implemented in April 2020. This policy may be helpful in the health aspect, but
limit the mobility of persons in their activity, including social and economic activity, which leads to
multidimensional problems as its trade-offs.
From the economic perspective, the covid-19 outbreak has caused many countries to have
experienced economic contraction. Based on an interview on 6th April 2021, the Indonesian Minister of
Finance reported 170 countries experienced economic contraction due to the covid-19 outbreak,
including Indonesia in the second quarter of 2020 [1]. From the social perspective, poverty worsens,
evidenced by the increase in the percentage of poor people. In March 2021, Statistics Indonesia reported
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that 10.14 percent of people living under poverty–27.5 million people–compared to the condition in
March 2020; poverty has slightly increased about 0.36 percentage-points [2].
Due to the covid-19 outbreak and its accompanying policies, economic activity is disrupted because
of mobility constraints. In brief, the economy became paralyzed at the macro level. In the employment
aspect, in the short-term, people became jobless abruptly or experienced reduction of their working
hours while in the long-term these changes will be transformed into labor market shock [3]. As of the
second quarter of 2020, lower-middle-income countries have experienced a decline in working hours of
about 23.3 percent, reflecting the rising inactivity economy [4]. In Indonesia, the unemployment issue
during the covid-19 outbreak was represented by the rise of open unemployment rate and percentage of
partial unemployment compared to previously year. In August 2020, the open unemployment rate and
percentage of partial unemployment were about 1.84 percent and 3,77 percent higher than August 2019.
At same period, 14.28 percent or 29.12 million people of total working-age population were affected by
covid-19, estimated 24.03 million people had experienced reduction of their working hours, 1.77 million
people temporarily not working, and 2.56 million people unemployed by the covid-19 outbreak[5].
Accommodation and food service activities sector, transportation sector, construction sector,
manufacturing sector, wholesale and retail trade sector, and other service activities sector being the most
affected in term of income due to the covid-19 outbreak [6]. The pandemic has necessitated a rapid food
service transformation and changed people's consumption patterns from dine-in services into delivery
and take-out services. It has placed pressure on food service operational systems and food service
employees, resulting in a reduction of employees [7]. New normal lifestyle has also shifted mobility
patterns in society and impacted transportation as well [8]. In manufacturing, small-sized and mediumsized enterprises has been hit and lead to severe reduction in business operation. Due to restriction,
several businesses were forced to close within a particular time, inactive temporarily into closure [9].
In this paper, we would investigate how worker’s resilience affected by the covid-19 outbreak in
maintaining their jobs. This study attempts in comparing survival rates of workers among most affected
sectors which have been hit by the pandemic. We used survival analysis as analysis method in evaluating
the time resilience of worker in the labor market during covid-19 outbreak – time resilience of worker
in maintaining their jobs.
2. Methodology
2.1. Scope
The data used for this study is the raw data of the National Labor Force Survey (NLFS) February 2021,
a panel household survey conducted periodically by Statistics Indonesia. NLFS February 2021 provides
information about labor force indicators in Indonesia at provincial level. For this study, we only focus
on workers affected by covid-19 in the accommodation and food service activities sector, transportation
sector, construction sector, manufacturing sector, wholesale and retail trade sector, and other service
activities sector. These sectors are the most affected sector during covid-19 outbreak according to
Statistics Indonesia’s report [6]. For this study, we used manufacturing sector as control variable due to
its highest contribution to the national economy (Indonesia’s GDP) of 19.29 percent at second quarter
of 2021 [10]. Manufacturing sector also remains the essential sector in absorbing employment, reducing
unemployment, and supporting the output gap’s quality [11].
Workers affected by covid-19 outbreak in this study are defined by workers had experienced a
reduction of their working hours, became temporarily not working, or became unemployed because of
the covid-19 outbreak derived from data framework (Figure 1 below). Data framework is adapt from
ILO Manual on Concepts and Methods and developed to several specific questions in NLFS February
2021 related to covid-19 outbreak. Time reference used for this study from February 2020 – February
2021. This study applies a statistic inference analysis with survival analysis of time resilience worker
affected by covid-19 in maintaining their jobs as outcomes variable and sector as its factor variable.
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Working
Economically
Active
Unemployment

Labor Force

Attending
School

Not
Economically
Active

affected by
covid
not affected
by covid
affected by
covid
not affected
by covid

Six sector that
categorized
the most
affected sector
by covid-19
outbreak

Housekeeping

Other
Source : ILO Manual on Concepts and Methods based on ICLS
Figure 1. Data Framework of Study
2.2. Method of Analysis
To evaluate the resilience of workers affected by covid-19, we use survival analysis as analysis method.
We used ‘survival’ packages version 3.2-13 that available in R–contains core survival analysis routines–
used to analyze time resilience of workers affected by covid-19. Survival analysis is one of several
modeling approaches that concerns describing the relationship between an exposure variable and
outcomes variable after controlling the possible confounding and interaction effect of additional
variable. The outcomes variable is ‘time to an event’ and there may be censored data. It also measures
of effect typically obtained is called a hazard ratio that interpreted similarly as an odds ratio in logistic
regression modelling [12].
In survival analysis, there are several developed models in describing survival rates. This study will
focus on the Cox-PH model according to the required data we used. The Cox-PH model is a
semiparametric model usually written in terms of the survival model denoted by 𝑆(𝑡, 𝑋) and hazard
model denoted by ℎ(𝑡, 𝑋) whose parameters are estimated using the Maximum Likelihood approach,
resulting formula that can be expressed in equation 1-2[10].
(1)
∑𝛽 𝑋
Survival Function :
𝑆(𝑡, 𝑋) = [𝑆0 (𝑡)]𝑒 𝑖 𝑖
Hazard Function :
Notes
:
𝑡
:
𝛽
:
𝑋𝑖

ℎ(𝑡, 𝑋) = ℎ0 (𝑡)𝑒 ∑ 𝛽𝑖𝑋𝑖

(2)

Time to an event (time to lose their job)
Coefficient of cox-regression model
Sector

We also classified data into censored and event.
Analysis unit {
where
censored :
event
:

0, censored
1, event

Workers that can maintain their job, despite being affected by covid-19 outbreak
Workers that can’t maintain their job due to covid-19 outbreak

Then, we can estimate Hazard ratio (HR) which formula in terms of the regression coefficients by
substituting the Cox-PH formula into the numerator and denominator of the hazard ratio expression.
This substitution is shown at equation 3. Notice that the only difference in the numerator and
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denominator are the X*’s versus the X’s, also baseline hazard (hazard when exclude treatment in model)
will cancel out [10].
∗

ℎ(𝑡, 𝑋 ∗ )
ℎ0 (𝑡)𝑒 ∑ 𝛽𝑖𝑋𝑖
𝐻𝑅 =
=
= exp (∑ 𝛽𝑖 (𝑋𝑖∗ − 𝑋𝑖 )
ℎ(𝑡, 𝑋)
ℎ0 (𝑡)𝑒 ∑ 𝛽𝑖𝑋𝑖

(3)

Based on given objective of this paper and preliminary study [6], we also propose initial hypothesis
that workers who works at accommodation and food services has shortest time resilience in maintaining
their jobs (most survive worker in labor market) and those who work at wholesale and retail has longest
time resilience in maintaining their jobs.
3. Result
Workers who work in certain sectors tend to be able to stay in their jobs or even be forced to leave their
jobs –could not maintain their jobs– during covid-19 outbreak. The time a worker becomes unemployed
due to the covid-19 outbreak or we stated as time resilience of workers is the unit of analysis for this
research. We analyze the time resilience of workers affected by covid-19 in maintaining their jobs with
survival analysis shown in Table 1, which provides some key information. First, six sectors most
affected by covid-19 statistically significantly affect the time resilience of workers affected by covid-19
in maintaining their job. Both simultaneously and partially test give same result of p-value < α (α =
0.05).
Second, we could generate a model-based survival analysis modeling to explain how the main sector
might affect the time resilience of workers during the covid-19 outbreak in maintaining their jobs. For
this study, we get the hazard equation of time resilience expressed in equation 4. A positive coefficient
on a variable means that the risk toward the time resilience of workers is smaller than the control variable
(manufacturing sector). On the other hand, a negative value means that the risk is greater than the control
variable.
ℎ(𝑡, 𝑋) = 𝑒 0.63𝑥𝑐𝑜𝑛𝑠𝑡𝑟𝑢𝑐𝑡𝑖𝑜𝑛 −0.09𝑥𝑤ℎ𝑜𝑙𝑒𝑠𝑎𝑙𝑒𝑟𝑒𝑡𝑎𝑖𝑙 −0.17𝑥𝑡𝑟𝑎𝑛𝑠𝑝𝑜𝑟𝑡𝑎𝑡𝑖𝑜𝑛 +0.43𝑥𝑎𝑐𝑐𝑜𝑚𝑜𝑑𝑎𝑡𝑖𝑜𝑛 𝑓𝑜𝑜𝑑 +0.15𝑥𝑜𝑡ℎ𝑒𝑟

(4)

According to our result, this study reject initial hypothesis. Workers who work in accomodation and
food services has not shortest time resilience in maintaining their jobs. We find that among six sectors
affected by covid-19, workers in the construction sector has the longest time resilience in maintaining
their job during covid-19 outbreak–most survive workers in labor market, followed by the
accommodation and food services, other services activities, manufacturing, wholesale and retail trade
sectors. The most affected sector for the time resilience of workers during the covid-19 outbreak is
transportation and storage. Some interesting findings from the analysis are as follows.
• The time resilience of workers affected by covid-19 in the accommodation and food service
activities sector in maintaining their jobs is 1.54 times longer than those who work in the
manufacturing sector. In line with that, the foodservice operational system changes as a form of
adaptation to changes in people's consumption patterns, from a dine-in to a takeaway/delivery
system. A person's perceived trust and beliefs positively influence consumer attitudes toward the
use of online food delivery services. It refers to a person's assessment of the risk of a covid-19
outbreak [13].
• The time resilience of workers affected by covid-19 in the construction sector in maintaining their
jobs is the longest, with hazard values of almost 1.89 times compared to manufacturing sector. It
means the workers who survive the most in maintaining their jobs are those who work in the
construction sector. Starting from a drastic decline in demand in manufacturing sector, causing the
amount of production to decrease. Thus, the enterprise will reduce the number of employees as a
trade-off of its business operations continuity. Meanwhile, the construction sector is still operating,
although it may not be as good as the sectors outside the six affected sectors. Manufacturing is more
vulnerable during the corona period than construction. In line with ILO Report, construction sector
has great potential to stimulate recovery because its ability to create jobs. A variety of market
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•

segments are involved, including architecture and design, equipment and materials manufacture,
transportation and energy and waste management [14].
Among six sectors, the workers affected by covid-19 in the transportation and warehousing sectors
are who are most not survive. In line with that statement, many restrictions apply to the
transportation sector during the covid-19 outbreak, including reducing passenger capacity, the
lockdown of an area, the many requirements for travellers (health screening, documents as travel
requirements). In addition, from the individual side, there is a reluctance to travel. In terms of
warehousing, the number of goods using warehouse services before the export or import of goods
decreases. Another research also figure out that workers in the transportation sector were 20.6
percent more likely to be unemployed because of the pandemic than workers in non-transportation
industries [15].
Table 1. Coefficient in Survival Model of Time Resilience
Num
3
6
7
8
9
17

Risk Factor from
sector
Manufacturing(control)
Construction
Wholesale and Retail
Trade
Transportation and
Warehousing
Accommodation and
Food Service Activities
Other Services
Activities

CI (95%) of HR
Lower
Upper

𝜷

HR

p-value

0.636738
-0.095009

1.890304
0.909365

1.8798
0.9049

1.9009
0.9138

<2e-16***
<2e-16***

-0.171986

0.841991

0.8366

0.8475

<2e-16***

0.433252

1.542265

1.5345

1.5501

<2e-16***

0.157847

1.170987

1.1639

1.1781

<2e-16***

Model validity
Concordance
0,569 (se = 0.013)
Likelihood Ratio Test
98,569
<2e-16***
Wald Test
105,056
<2e-16***
Score (Logrank Test)
108,350
<2e-16***
Significant codes Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1
Source: NLFS February 2021
4. Conclusion and Recommendation
Survival analysis can be used in analyzing the time resilience of workers. This study concludes that
among workers in the six sectors affected by covid-19, workers in the transportation and storage sector
had the lowest survival rate. On the other hand, workers in the construction sector had longest time
relisience in maintaining their jobs or we can conclude they have highest survival rate at labor market
during covid-19 outbreak. However, what needs to be emphasized here that in this study we do not
include other sectors which are not most affected by COVID-19. In addition, this study is limited to the
exposure variable only, which is the sector where workers work; in fact, there are many other possible
exposure variables which also affect the time resilience of workers during the covid pandemic, such as
educational background and gender. Future research could be conducted by overcoming the limitations
of this study.
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Abstract. This research would like to firstly figure out how new infrastructure policy affects
national economic structure changes, and secondly figure out does the new policy effect on interregional economy linkage. This study uses economic structure, growth decomposition, location
quotient, and linkage analysis on Input-output table to indicate national and inter-regional level
economic changes between 2010 and 2016 in Indonesia. We find that economic structure
generally remains the same, only transportation and real estate sector increased their
contribution, this may indicate the beginning of infrastructure development stage. During 2010
to 2016, the growth was led by the expansion of domestic demand in almost all sectors, however
in some sectors the technological changes have a negative contribution. Furthermore, the two
most linked sectors are manufacturing and electricity sectors. Inter-regional analysis indicated
that Java and Sumatera have more power and sensitivity level compared to other regions. The
suggestion to booster economy development is to implement technological process and publish
policy considering regional characteristics may accelerate economic equity across regions.

1. Introduction
In overall perspective, determining national level sector’s contribution can brings the perspective of
national economic situation which can also assist to evaluate polices, and sometimes can also indicate
economic stages. The shift of production from agriculture to manufactured product and service product
can somehow suggests the stage of modern economy, which can lead to a better understanding of a
country’s economic stage and can also help to implement suitable policies for economic growth [1].
Indonesia’s economy grows slowly since 2012, the growth rate was decreased from 6.03% to 5.03%
in 2016. This is due to the growth rate of global economy is slowdown, and Indonesia’s largest trading
partner China’s economy growth rate also being slow, which affects Indonesia can not only rely on
exporting nature resources as a key to growth economy. However, the slowdown of economy growth
does not reduce regional disparities but coming up with a persistence of high regional disparities.
Regional disparities in Indonesia can be understood by this example: in year 2007, East Kalimantan is
the most outstrips province at per capita regional product level compare to rest of the country, which the
richest provinces’ per capita regional product is 36 times more than poorest provinces [2]. The 2014
World-Bank report pointed out that Indonesia’s economic growth lost at least 1 percent each year, due
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to low investment in infrastructure, and Indonesia ranks 82 out of 148 countries surveyed in terms of
overall infrastructure quality. The poor condition of infrastructure exacerbates the disparities. One
indication is that logistics costs in Indonesia reach 27% of the total GDP, which is one of the highest in
the ASEAN region. Comparing to other countries in ASEAN region, transportation costs in Indonesia
account for 14.1% of all production costs, almost 3 times higher than in Japan [3], and the average time
a container spends in seaport terminal such as Tanjung Priok port takes 6-7 days meanwhile it only takes
1.5 days in Singapore, and only 3 days in Malaysia standardly. The world bank logistic performance
index 2014 has ranked Indonesia in 53rd out of 160 countries lower then surrounding countries including
Thailand (35) and Vietnam (48) [4].
Due to the growth demands from regions, when the president change from President Yudhoyono to
President Jokowi's administration, president Jokowi’s strategy is focusing on investing in infrastructure,
which the parliament of Indonesia has approved a revised state budget in 2015. Compares to the original
budget, the 2015 budget has made a two-fold increase in capital expenditure. They made elimination of
costly fuel subsidies to provide additional fiscal capacity for infrastructure project, that are expected to
boost the growth of Indonesia economic, which shift economy strategy into the infrastructure-orientated
of their fiscal allocation [4]. The budget allocation for infrastructure in this period was increased from
9.48% in 2014 to 14.64% in 2015, even to 18.46% in 2018 evidence from the data of Center for
Indonesia Taxation Analysis (CITA).

Source: CITA (calculated)
In 2015, the infrastructure budget allocation reached IDR 290 trillion, which is a 63% jump
compared to the end of President Yudhoyono's administration in 2014. Since 2009, this is the first time
that the 2015 National Budget allocates IDR 290 trillion for the infrastructure budget, more than double
the energy subsidy budget. The budget needed to finance Indonesia's infrastructure development during
the 2014-2019 period, which estimated as US$ 545 billion [5], [6]. Moreover, the “state spending is now
projected to reach US $158 billion, and total state income is projected to reach US $140 billion” [4].
To find out if there really have changes and how much does it changed due to the president switch
and policy re-orientated, this paper will use Input-output table as a main method, to compare data before
and after president changes to generate a conclusion. Input-output tables have been considerate as a
traditional method to identify the role and degree of key sectors in an economy [7], which can analyze
impact of economics, politics and making estimations[8]. Input-output tables has included several
coefficient matrixes, such as input coefficient which also named as technical coefficient, which
coefficient changes can be a research focus, because issues that related to coefficient changes is always
coming up with structural change, technology change, change in markets, and the general impacts of
economic growth and development [9]. Therefore, analysis a certain economy by using input-output
table can assist to manipulate to uncover important components related to structural changes [7]. To
manipulate and uncover key components of a certain economy, direct input coefficient is one of the
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main sectors that taking concern by researchers. Reason of this is to clarify changes happened within
the certain economy, by analysis direct input coefficients, input-output tables can help to measure and
evaluate the main source of changes, which assist to provide information of changes which brought by
spread of new policies [9]. For example, Tilanus in [10] used to analysis the Dutch economy by using
input-output tables and provided the conclusion which the differences between “average and marginal
input-output coefficients” are paralleled with the differences come from individual consumer
consumption theory. Furthermore, in macro perspective final demand changes is another valuable
indicator, which can provide important information to determine whether and how it has a structure
change of a certain economy [11].
To analyses regional level input-output table will face more difficulties compare to national level.
The issue of coefficient changes in regional level is more problematical because there has so many
regions and regional level data, and interregional relationship is always unclear, which made the data is
difficult to analysis. Nevertheless, it also provided more possibilities to find out more differences
between nations and regions in each sector such as industry sector, construction sector and industrial
technical structures [9]. Input coefficient change can be identified by analyze (1) power dispersion index
and (2) sensitivity index [9], which will be included in this research.
Based on economic structural changes has been observed over all 21 APEC countries, including
Indonesia [1], this research is also interested in how the Indonesia economic structure changes in recent
years, therefore, this research will involve both 2010 and 2016’s input-output table to analysis changes
in Indonesia’s economy. To further describe the impact on current condition in regional perspective, this
paper will analyze the regional economic structure and inter-regional linkages. This is intended to map
the potential of the region as consideration for reducing regional inequality.
2. Data and Methodology
This study examines the transformation of economic structure in Indonesia between 2010 and 2016. The
data using in this study are obtained from the BPS-Statistics Indonesia. The 2010 and 2016 Input Output
Tables are used to describe the structure of Indonesia’s economy while 2016 Inter Regional Input Output
is used to explain the relationship among regional economics’ structure in Indonesia.
There are three main analysis that used in this study, namely economic structure analysis, linkage
analysis, and the growth factor decomposition analysis. The economic structure analysis consists of
analysis of output structure, value added, and final demand. Furthermore, in final demand structure
analysis the composition of final demand has been examined by its types. In the output structure and
value-added analysis, the composition of economy has been measured by sector with formula:
𝑂𝑖 =

𝑋𝑖
𝑋

(1)

𝑣𝑖 =

𝑉𝑖
𝑋𝑖

(2)

Where Oi, Xi, X, vi, Vi represent share output of sector i to total output, Output of sector i, total output,
value added ratio of sector i, and value added of sector I, respectively.
Meanwhile, the linkage analysis consists of index of power dispersion and index of the sensitivity of
dispersion. Index of power dispersion measures relative magnitudes of production impacts, defined as
the change in total sector output caused by a change in sector j's final demand while index of the
sensitivity of dispersion measures the relative influences of sector i’s output when all sector’s final
demands increase one unit. The formula of index of power dispersion and index of the sensitivity of
dispersion are as below:
𝐼𝑃𝑗 =

∑𝑛𝑖=1 𝑏𝑖𝑗
1 𝑛
∑ ∑𝑛
𝑛 𝑖=1 𝑗=1 𝑏𝑖𝑗

=

𝑏𝑗
𝑏̅

(3)

700

A M Arsani and C Huang

∑𝑛𝑗=1 𝑏𝑖𝑗

𝑏𝑖
=
(4)
̅
1 𝑛
∑𝑖=1 ∑𝑛𝑗=1 𝑏𝑖𝑗 𝑏
𝑛
Where bij is the element of inverse matrix coefficients in row i column j and n is total sector in the
input output table. The dispersion indexes are also used to analyze the regional linkage using IRIO 2016.
In this case, we aggregated all sectors in each region into single cell for each inter-region transaction.
To get clearer economic transformation information between 2010 and 2016, growth factor
decomposition analysis has been used. The decomposition analysis relies on factor decomposition
method that proposed by [12] that is based on the following balance equation for the input output
account:
𝐼𝑆𝑖 =

𝑋 =𝑊+𝐷+𝐸−𝑀

(5)

Where X, W, D, E, and M are vectors of gross output, intermediate demand, final demand, export,
and import, respectively. Using the Leontief inverse matrix and some algebraic modifications, Akita in
[13] wrote the change in gross output as below:
∆𝑋 = 𝑋𝑡 − 𝑋0 = 𝐵0 [(𝑝𝑡 − 𝑝0 )(𝐴𝑡 𝑋𝑡 + 𝐷𝑡 ) + 𝑝0 (𝐴𝑡 − 𝐴0 )𝑋𝑡 + 𝑝0 (𝐷𝑡 − 𝐷0 ) + (𝐸𝑡 − 𝐸0 )]

(6)

Where 0 and t are the indexes for the base year and the terminal year, respectively. Based on that
formula, Akita in [13] defined the change in gross output can be divided into four factors:
• Import substitution (IS) represents the impact on output from each sector of raising the share of
domestic demand supplied by domestic production in all sectors. It is indicated by
𝐵0 [(𝑝𝑡 − 𝑝0 )(𝐴𝑡 𝑋𝑡 + 𝐷𝑡 )]
• Technological change (TC) represents the total impact on output from each sector of changing
input-output coefficient throughout the economy. It is indicated by 𝐵0 [𝑝0 (𝐴𝑡 − 𝐴0 )𝑋𝑡 ]
• Expansion of Domestic Demand (DD) represents the total effect on output from each sector of
the expansion of domestic demand in all sectors. It is indicated by 𝐵0 [𝑝0 (𝐷𝑡 − 𝐷0 )]
• Export Expansion (EE) represents the total impact on output from each sector of increasing
exports in all sectors. It is indicated by 𝐵0 [(𝐸𝑡 − 𝐸0 )].
This growth factor decomposition analysis is obtained by using the base year structural parameters,
p0 and B0 and the terminal year volume weights, Xt and Dt.
Moreover, to analyze the regions’ specializations, this study uses Location Quotient (LQ) index with
formula as below:
𝐿𝑄𝑖𝑟 = (𝐸𝑖𝑟/ 𝐸𝑟) / (𝐸𝑖𝑛/ 𝐸𝑛)

(7)

Where Eir, Er, Ein, Eir are sector i’s employment in region r, total employment in region r, sector
i’s employment in a nation and total employment in a nation, respectively.
In this study, we compare the structure of two IO Tables to get a general condition in 2010 and 2016.
We assume that general conditions in that year are influenced by government policies on that year. To
analyze the condition in recent time, after government allocated higher budget for infrastructure, this
paper utilizes IRIO 2016. Analysis in IRIO 2016 is also used to examine the inter-islands economic
linkages.
3. Results and Discussion
Leadership changes led to changes in development policies in Indonesia. The most notable difference
between President Yudhoyono’s era and President Jokowi’s era is the structure of national budget. In
the Jokowi’s era, the infrastructure era got a higher proportion compared to the previous era that
allocated large portion for fuel subsidies. For example, from 2014 to 2016, under President Jokowi
administration, Indonesia built about 132km highways and 16246 km bridges. The new policies related
to physical development and infrastructure are intended to increase economic growth and accelerate
regional economic equality. Moreover, this new development policy is expected to have a significant
impact on all economic sectors in Indonesia.
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This study analyzed the output structure and value-added of the Indonesian economy in 2010 (during
the administration of President Yudhoyono) and 2016 (during the administration of President Jokowi)
to compare the basic conditions of the economy in Indonesia.
Table 1. Value-Added Share, 2010 and 2016
Code
001
002
003
004
005
006
007
008
009
010
011
012
013
014
015
016
017

Sector
Agriculture, Forestry and Fisheries
Mining and excavation
Processing industry
Electricity and Gas
Water Supply, Waste Management, Waste and
Recycling
Construction
Wholesale and Retail Trade; Car and Motorcycle
Reparation
Transportation and Warehousing
Provision of Accommodation and Food and Drink
Information and Communication
Financial Services and Insurance
Real Estate
Company Services
Mandatory Government Administration, Defense
and Social Security
Education Service
Health Services and Social Activities
Other Services

Value Added
Share (%)
2010
2016
14.64
12.31
10.32
6.48
23.23
21.28
1.08
1.16
0.29

0.33

8.88

9.47

13.87

13.96

3.64
2.98
3.82
3.61
3.05
1.79

5.58
3.48
3.79
4.29
4.87
3.00

3.88

3.53

3.02
1.00
0.89

3.37
1.18
1.90

There are several noteworthy findings in this period. First, in general, the economic structure is quite
stable. In term of output, manufacturing, construction, and trade sectors were still the leading sectors in
2010 and 2016. The same phenomenon is also found in value-added composition. Manufacturing, trade,
and agriculture are still the main sectors of Indonesia's GDP, although there is a slightly shift between
the trade and agriculture sector's rank. While the general structures remain the same, two sectors show
a significant increase in output contribution when viewed from the overall economic structure, namely
Sector 8 (transportation and warehousing) and Sector 12 (real estate). These two sectors are not only
increasing rapidly in terms of the contribution of output but also in terms of the contribution of valueadded to the national GDP. The increased contribution of the transportation sector may indicate the
benefits of improved road infrastructure, which allows for more efficient movement of people and
goods. It is also indicated by the growth of air transport passengers from 2014 to 2017 that rose 6.5
percent, trains rose 8.9 percent, crossings rose 1.3 percent, as well as Damri which rose 1.7 percent.
Likewise, the growth of freight transport has begun, which means, inter-regional economic
competitiveness is also starting to grow According to KSP (2018), the growth of freight transportation
from 2014 to 2017 by land is claimed to have increased by 3 percent, sea transportation has increased
by 3 percent, and air transportation has increased by 2,7 percent. This indication is reinforced by data
on development achievements as presented in [15]. The development report shows that there has been
a significant increase in the quality and quantity of transportation and warehousing infrastructure, such
as ports, airports, national roads, and toll roads. Meanwhile, a significant change in the contribution of
real estate sector was led by the property bubble in most cities in Indonesia.
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Second, the main source of Indonesia’s output growth was the expansion of the final demand (DD),
accounting for more than 80% of total output growth. The most affected sectors were manufacturing
sector (22.81 percent), construction sector (11.98 percent), and wholesale trade (9.11 percent). These
figures indicated that household consumption and public investment expenditures also played a
significant role in Indonesia’s output growth in this period. Unfortunately, the technological change has
a negative contribution to the output growth during 2010 and 2016. The technological changes
contribute the most only in the company service sector. In this sector, the technological changes are
mainly led by the investment in start-up business service and financial service sectors [16]. In other
sectors, the contributions of technological changes are tiny, even negative in primary sectors and the
manufacturing sector. The study conducted Akita and Hermawan in [17] also found the same
phenomenon that the technological change has a negative contribution on Indonesia’s economy during
1985-1990. Meanwhile, as addition of demand expansion, export expansion also boosted the economic
growth in manufacturing and mining and excavation sectors. The main commodity are food products
and mining of coal and lignite [18].
Table 2. Sources of Growth Decomposition
Code

IS
1.57
9.29
6.79
1.49

TC
-14.22
-77.40
-26.09
36.88

DD
98.54
135.21
94.30
56.79

EE
14.10
32.90
25.00
4.84

Source of Growth (% to total output
growth)
IS
TC
DD
EE
0.11
-1.00
6.91
0.99
0.21
-1.74
3.04
0.74
1.64
-6.31
22.81
6.05
0.05
1.29
1.98
0.17

37.48

-26.11

84.12

4.50

0.12

-0.08

0.27

0.01

006
007

0.90

-4.09

102.25

0.93

0.11

-0.48

11.98

0.11

1.76

-3.50

88.49

13.25

0.18

-0.36

9.11

1.36

008
009

5.53

22.01

63.23

9.24

0.51

2.03

5.84

0.85

5.97

-2.49

83.93

12.59

0.28

-0.11

3.87

0.58

010
011
012
013
014

1.65
3.86
0.26
2.68

2.09
15.64
29.01
56.17

86.08
73.59
69.25
25.02

10.19
6.91
1.48
16.13

0.05
0.14
0.01
0.11

0.07
0.58
1.49
2.36

2.79
2.75
3.56
1.05

0.33
0.26
0.08
0.68

2.91

0.05

94.78

2.25

0.10

0.00

3.23

0.08

015
016
017

0.67
2.46
5.62

-1.12
-14.33
-25.43

99.84
108.59
115.98

0.61
3.28
3.82

0.02
0.03
0.16

-0.03
-0.20
-0.70

3.00
1.48
3.20

0.02
0.04
0.11

001
002
003
004
005

Source of Growth (% to sector's growth)

Third, the manufacturing and electricity sectors have the most substantial linkage effect in 2010 and
2016. These two sectors exert significant production repercussions on entire industries and, at the same
time sensitive to fluctuations in business cycles in whole industries because they provide vital supports
to a wide range of sectors. In general, there were not many changes in the power and sensitivity
dispersion indexes, but there have several sectors that shifted into different quadrants. In 2016, company
service sectors’ final demands became more sensitive to other sectors’ final demands, and its sensitivity
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dispersion became over the average. It means that the company service sector provided more service to
other industries than the condition in 2010. On the other hand, the government service sector became
more impactful in changing total sectors’ output. It was indicated from the government service sector’s
power dispersion index, which became higher than the average. In contrast, the “other service” sector
became less impactful in changing total sectors’ output. As a result, in 2016, the “other service” sector
is categorized in the third quadrant with low power dispersion and low sensitivity dispersion index.
Table 3. Power Dispersion and Sensitivity Dispersion Index, 2010 and 2016
Code
001
002
003
004
005
006
007
008
009
010
011
012
013
014
015
016
017

IP
2010
0.78
0.83
1.13
1.59
0.77
1.17
0.91
1.12
1.06
0.95
0.85
0.78
0.98
0.96
0.92
1.09
1.10

IS
2016
0.79
0.90
1.12
1.58
0.88
1.13
0.87
1.09
1.05
0.96
0.84
0.83
0.98
1.03
0.90
1.05
0.99

2010
1.20
1.12
2.76
1.33
0.64
0.84
1.18
0.93
0.73
1.01
0.94
0.65
0.82
0.67
0.64
0.67
0.85

2016
1.13
1.14
2.42
1.42
0.64
0.80
1.18
1.07
0.75
1.02
1.00
0.78
1.05
0.67
0.64
0.63
0.67

Quadrant
2010
2016
2.00
2.00
2.00
2.00
1.00
1.00
1.00
1.00
3.00
3.00
4.00
4.00
2.00
2.00
4.00
1.00
4.00
4.00
2.00
2.00
3.00
3.00
3.00
3.00
3.00
2.00
3.00
4.00
3.00
3.00
4.00
4.00
4.00
3.00

The changing in leadership usually brings the policy transformation. Under President Jokowi
administration, the priority of development is building the infrastructure that connect the archipelago to
distribute the wealth equally. In the first two years of his leadership, Government of Indonesia built
many infrastructures such as harbors, airports, highways, and national roads. However, the regional
disparity was still high, even higher than in 2010. In 2010, Java dominated the economic share to
national GDP with more than 50 percent share to total. Western Indonesia, that consisted of Sumatera
and Java, accounted more than 80 percent of Indonesia’s economy. Meanwhile, in 2016, Java still
dominated the economic share to national GDP, the percentage even became more than 60 percent.
These figures indicated that the regional disparity between Western and Eastern Indonesia became
worsen. One of the possible reasons is the conflicting infrastructure effect. Although some studies, such
as [19]–[21], claimed that public investment has boosted economic output while lowering inequality,
several other studied conducted in developing countries, such as [22], [23], showed that public
investment as a contributor to rising income inequality in Africa and India, respectively. Also, it may
happen because the infrastructure policy which was just started in 2015 has not shown the impact of
reducing regional disparities.
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Figure 1. Regional Share to National GDP
Fourth, based on the 2016 IRIO Table, the domination of Java Island is almost in all sectors, except
for the mining and excavation sector, which Kalimantan Island and Sumatera Island dominate. For the
leading sectors such as manufacturing, trade, and construction sectors, Java Island accounted for more
than 60 percent of total output. Meanwhile, the regional inequalities are even higher for the service
sectors such as the financial sector, company service sector, and “other service” sector. In these sectors,
Western Indonesia accounted for approximately 90 percent of total output.
To reduce the regional inequality, government should pay attention to the regions’ specialization
sectors. Maluku and Papua, for example, has specialization in mining and excavation sector and very
weak in manufacturing sector. The planning that accommodates the strength and the weakness of the
region will boost the economy effectively.
Table 4. Distribution of Outputs and LQ Index
Distribution of Output by Region
Code

LQ Index

Sumatera

Java

Bali &
Nusra

Maluku &
Sumatera
Papua

001

34.42

37.15

4.69

9.84

10.83

3.06

002

27.81

18.86

2.84

38.16

5.32

7.01

003

20.88

68.05

0.92

5.9

3.49

004

19.17

68.55

2.94

4.27

005

16.64

60.47

4.27

006

20.21

62.41

007

19.7

008

18.15

009

Maluku
&
Papua

Java

Bali &
Nusra

1.73

0.61

1.43

1.22

1.92

1.33

1.41

0.32

0.95

4.69

0.91

3.34

0.77

0.94

1.16

0.23

0.74

0.56

0.31

3.46

1.61

0.81

1.24

0.44

0.40

0.48

0.40

7.96

8.51

2.15

0.82

0.98

1.41

0.96

1.59

1.01

2.86

5.89

6.63

2

1.03

1.01

0.92

0.73

1.21

1.05

65.13

2.59

5.37

5.6

1.61

0.95

1.09

0.79

0.63

0.99

0.71

57.67

5.29

7.99

7.62

3.27

0.87

0.97

1.57

0.96

1.32

1.41

13.71

68.01

9.08

4.36

3.98

0.86

0.63

1.13

3.28

0.51

0.64

0.37

010

14.02

70.58

3.44

4.77

5.21

1.99

0.70

1.17

1.06

0.60

0.87

0.82

011

11.5

74.93

3.11

4.23

4.98

1.24

0.61

1.20

1.07

0.59

0.90

0.57

012

13.29

72.99

3.69

4.19

3.93

1.91

0.66

1.19

1.19

0.54

0.72

0.86

013

8.28

83.63

1.97

3.26

1.95

0.9

0.40

1.38

0.60

0.42

0.34

0.39

014

18.68

52.98

4.75

7.49

8.47

7.62

0.99

0.85

1.58

1.01

1.52

2.95

015

18.96

60.71

5.02

5.18

7.42

2.7

0.97

0.98

1.66

0.69

1.30

1.10

016

17.69

64.18

4.48

4.69

6.4

2.55

0.92

1.02

1.54

0.66

1.17

1.00

017

14.67

70.91

4.12

3.79

4.68

1.84

0.73

1.17

1.25

0.48

0.76

0.76

Kalimantan Sulawesi

Kalimantan Sulawesi

The phenomena of regional disparity were also reflected in each region's power dispersion and
sensitivity dispersion index. Unlike other studies that focus on the index of each sector, this study uses
a different perspective to get a more straightforward explanation about the linkage between six regions
in Indonesia. This research found that Java and Sumatera have power dispersion and sensitivity
dispersion above the average. It means that both regions exert great production repercussions on entire
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Indonesia and simultaneously provide raw materials and services to other regions. On the other hand,
Eastern Indonesia “Bali and Nusa Tenggara, Sulawesi, Maluku, and Papua” have power dispersion and
sensitivity dispersion below the average. As a result, these regions cannot induce production in other
regions and provide little material.

Figure 2. Power Dispersion and Sensitivity Dispersion Index, 2016
The impact of changes in infrastructure policy on regional inequality may not show results in the
first two years. Thus, a more extended period is needed to study if infrastructure development effectively
reduces regional inequality in Indonesia.
4. Conclusion and Implementation
The comparation between 2010 and 2016 Input Output Table reveals that the manufacturing sector is
the leading sector of Indonesia’s economy in both years. Generally, the economic structure remains the
same with slight changes in several sectors due to the changes in development policy and other economic
phenomenon such as property bubble. During 2010-2016, the growth was led by the expansion of
domestic demand in almost all sectors, while the technological changes have a negative contribution.
Regarding the dispersion index, manufacturing and electricity sectors have the strongest linkages with
other sectors. These results suggest that government and related stakeholders should intensify the
technological progress in order to boost the economy. Also, Indonesia should consider developing
reliable platforms and collaborate with other countries to boost the export expansion.
The analysis of 2016 Inter Regional Input Output Table shows that Western Indonesia still dominated
the economy, and the regional disparity became even higher than in 2010. The dispersion indexes also
show that Java and Sumatera have more power and sensitivity level compared to other regions. Based
on these results, integration of regional planning and national policy for region, should consider regional
condition to accelerate the economic equality across the archipelago. Other policy transformations, in
addition to infrastructure development, may also be required to alleviate regional inequality.
To conclude, the economy strategy changes orientated on infrastructure, can be seen from the result
of this analysis, and increasement of domestic demand in overall sector can reflect the impact of local
spending. To further develop Indonesia’s economy, involving joint venture enterprises and private
investors in infrastructure sector can be the next step. Moreover, to further prevent stable economic
growth, clear regulatory framework with good monitoring system is also needed.
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Abstract. The wage inequality of workers in Indonesia is one of the main problems and concerns
that are important to be addressed by the government. The determination of the regional
minimum wage (UMR) by the local government has not been able to solve the problem of
inequality. On a larger scale, the wage inequality of workers can affect the stability of the national
economy. Research on the spatial analysis of workers' wages is very important to be carried out
as a basis for making appropriate policies by the government. In this study, we have succeeded
in analyzing the dependence and spatial relationship of a region with the wages of its workers
and have identified the factors that affect the wages of workers in a region. The result reveals the
spatial dependences are detected among districts, followed by the spatial clusters and spatial
outliers through global and local spatial autocorrelation. Applying two spatial autoregressive
models, spatial autoregressive lag model (SAL) and spatial autoregressive error model (SEM),
SAL confirmed that there are 4 significant independent variables with a level of 10 percent and
have a positive relationship, namely education (E), age (A), internet (I), and sex ratio (R)
variables. And SEM confirmed that there are significants 5 significant independent variables
with a level of 10 percent and have a positive relationship, namely education (E), age (A),
technology (T), internet (I), and sex ratio (R) variables. As the policy implication, since regional
inequality in term of wage is still a major issue, it will be a call for better coordination and
cooperation within and between regions.

1. Introduction
The wage inequality between regions in Indonesia is still a problem in terms of employment now. This
can be seen from the trend of Indonesia's Gini coefficient [1], where the Gini coefficient value will
increase as wage inequality increases.
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Source: Ourworldindata and Statistics Indonesia, 2021
Figure 1. Indonesia Gini Coefficient
One of the government policies that are effective in overcoming wage inequality in Indonesia is to
set a minimum wage [2]. However, in practice, there are still workers who earn below the minimum
wage set by the local government.

DKI Jakarta
Kepulauan Riau
Papua
Kalimantan Timur
Banten
Kalimantan Utara
Papua Barat
Jawa Barat
Sulawesi Utara
Kalimantan Tengah
Bali
Maluku
Kepulauan Bangka Belitung
Sulawesi Selatan
Kalimantan Selatan
Maluku Utara
Riau
Sumatera Barat
Sulawesi Tenggara
Kalimantan Barat
Bengkulu
Jawa Timur
Sumatera Utara
Sulawesi Tengah
Gorontalo
Aceh
Nusa Tenggara Barat
Jambi
D.I. Yogyakarta
Sumatera Selatan
Lampung
Jawa Tengah
Sulawesi Barat
Nusa Tenggara Timur

Wage (IDR)

5,000,000
4,500,000
4,000,000
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1,500,000
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0
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Average Wage

Source: National Labor Force Survey (Sakernas) August, 2019
Figure 2. Average and Minimum Wages by Province in Indonesia, 2019
Figure 2 describes that from 34 provinces in Indonesia, there are only seven provinces in Indonesia
that have an average wage for workers which is above the minimum wage in 2019, Sulawesi Selatan,
Riau, Aceh, Jambi, Sumatera Selatan, Lampung, and Sulawesi Barat.
Indonesia itself consists of 514 regions spread from Sabang to Merauke. The difference in resources
owned by each region in improving its economy makes the inequality between regions. Regional
development such as increasing electricity distribution, infrastructure development, and investment is
increasingly adding to the inequality that occurs in the western and eastern regions of Indonesia [3].
Economic inequalities between regions lead to wage inequality for workers. The following is an
illustration of the wage disparity of workers in the region in Indonesia based on 2019 National Labor
Force Survey (Sakernas) data.
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Source: 2019 National Labor Force Survey (Sakernas) August, 2019
Figure 3. Inequality in the Average Wages of Workers in Indonesia, 2019
From figure 3 can be seen that the average wage for workers in the most region in Papua and
Kalimantan is relatively high. Meanwhile, the average wage for workers in the region in Sumatera, Java,
and Sulawesi is still mostly low.
Research on the spatial analysis of worker's wages and the determinants that influence it in the region
in Indonesia is considered important to take the right policies, considering that each region in Indonesia
has different demographic, social, and economic characteristics. However, in conducting the spatial
analysis test, it is important to pay attention to the spatial relationship between regions because it can
lead to biased estimation results [4]. Thus, in conducting a spatial analysis of the average wage of
workers between the region in Indonesia and the determinants that influence it, neighboring regions are
needed as a weighing.
From the background that has been stated above, it can be concluded that the research questions used
in this study are as follows:
• What is the spatial dependence on the average wage of workers and its determinants in the
region in Indonesia?
• What is the spatial relationship between the average wages of workers between the region in
Indonesia?
• What factors affect the average wage of workers in the region in Indonesia by considering
spatial relationships as a weight?
2. Theoretical Background
Education and work experience which are usually interpreted as measuring the impact of job training
are the two variables that make up the wage/earnings function of workers [5]. The income function
proposed by Mincer (1974) is as follows
𝑙𝑜𝑔 𝑤 = 𝑎𝑠 + 𝑏𝑡 – 𝑐𝑡 2 + 𝑢

(1)

where w is wages, a, b, and c is constant of each variable, s is the length of the school, t is the length of
work experience, and u is another variable
From the Mincer wage function, it can be seen that education and length of work experience as
measured by the impact of job training have a positive relationship with the addition of workers' wages.
The companies recruit workers and determine worker wages by looking at the education of
prospective workers because productivity is something that is not visible. This is referred to as education
is a signal where worker productivity is measured by the level of education [6]. Empirically, several
studies [7,8,9] show that an increase in the level of education is positively correlated with an increase in
the level of wages. Research [10] found that there was an impact on the increase in the wages of workers
in areas affected by the construction of the Presidential Instruction Elementary School in Indonesia in
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1973. This shows that there is a rate of return from education on the increase in the wages of workers in
Indonesia.
Investment in human capital provides an age-earning profile. One of the important things about the
age-earning profile is that it explains that income increases over time as workers age, but the rate of
growth decreases [11].
When technological advances are introduced in production, there is a shift in the demand for labor
from unskilled labor to skilled labor. Technological advances also contribute to wage inequality [12].
This starts with the introduction of computer technology which has an impact on the wage structure.
Workers who can operate computers will earn more than workers who cannot operate computers [13].
The use of internet at work also increases workers’ wages. Workers who use the internet have higher
wages tha those who do not use the internet on the job [14].
Research [15] found that the labor market with a higher population density tends to be more
competitive and limits the ability of employers to discriminate against women. The gender pay gap is
substantially lower in metropolitan cities than in rural areas. Research [16] also found that there is a
wage gap between genders, especially for workers in the formal sector, where the wages of female
workers are lower than the wages of male workers. Research [17] using 2016 Sakernas data also found
that there was wage inequality for each gender group.
Many things about demography can be learned and formed using a spatial approach [18]. Several
studies have also used spatial analysis in analyzing wage differences [19,20].
From mentioned theoretical and empirical studies, the theoretical framework is built as follows
•
•
•
•
•
•

Education
Training
Age
Technology
Internet
Sex Ratio

Wages

Figure 4. Theoretical Framework
3. Methodology
This study uses the Sakernas August 2019 data source with an analysis unit of the population aged 15
years and over who work in the formal sector. The analytical method used is the Moran Index univariate
test to see the number of spatial dependence on each variable, the Local Indicators Spatial
Autocorrelation (LISA) test to see the spatial relationship of the average wage between the region in
Indonesia, and the Spatial Autoregressive Model Test using the Spatial Lag (SAL) and Spatial Error
Model (SEM) to find a fit model.
The Moran Index divides the spatial autocorrelation across the region into 4 quadrants. Quadrant I is
the High-High group (areas with high variable values with neighboring areas with high values).
Quadrant II is a group of Low-High regions (regions with low variable values surrounded by regions
bordering high values). Quadrant III is a group of Low-Low regions (regions with low variable values
surrounded by regions bordering low values). And quadrant IV is a group of High-Low regions (regions
with high variable values surrounded by regions bordering low values).
The model to be formed consists of two models, namely SAL and SEM model with the following
details
• SAL model
𝐥𝐧 𝒘𝒊𝒋 = 𝝆𝒘𝒊 𝒚 + 𝜷𝒙𝒊 + 𝜺 where 𝜀~𝑁(0, 𝜎 2 𝐼)
(2)
•

SEM model
𝐥𝐧 𝒘𝒊𝒋 = 𝜷𝒙𝒊 + 𝒖 where 𝑢 = 𝜆𝑤𝑢 + 𝜀, 𝜀~𝑁(0, 𝜎 2 𝐼)

(3)
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Data processing using the Geoda application and the weight used is queen contiguity where the
neighboring area is the region that intersects with the origin region.
Informing the observation value, the unit of analysis is divided into 514 regions of origin. The
variables used consist of the dependent variable in the form of the average wage of workers in the 514
region and the independent variables in the form of education, training, age, technology, internet, and
gender (figure 4). The operational definition variables used in this study are as follows
Table 1. Operational definition variables
Variable type
Dependent variable
Wages average

Operational definition

Data type

Natural logarithm of the average wages received
by all workers

Non-categoric

Independent variable
Education
Percentage of workers with a minimum education
of high school/equivalent
Training
Percentage of workers who have attended training
who received certificates
Age
Technology
Internet
Sex Ratio

Non-categoric
Non-categoric

The average age of workers

Non-categoric

Percentage of workers who use digital technology
in carrying out their work
Percentage of workers who use the internet in
carrying out their work
The ratio of male workers

Non-categoric
Non-categoric
Non-categoric

4. Result and Discussion
The results that will be discussed are Univariate Test using the Moran index, Local Indicators Spatial
Autocorrelation (LISA) Test to see the correlation between average wages between regions, and Spatial
Autoregressive Model Test to get a fit model.
4.1. Moran Index Univariate Test
Moran's Index Univariate Test results show a positive spatial relationship for wages and its determinants.
Variables that have a fairly large number of dependence, namely wages of 0.626 and education of 0.582.
This means that the process of increasing wages and education of workers in a region depends on the
process of increasing wages and education of the region that is its neighbor. This is in line with the
results of research [21] which states that there is spatial wage inequality between skilled and non-skilled
workers in France in 1976-1998. Also, research [22] found that there was a spatial relationship between
the region minimum wages in Central Java Province in 2013.
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Figure 5. Moran's Index of Wages and Its Determinants, 2019
4.2. Local Indicators Spatial Autocorrelation (LISA) Test
Spatial autocorrelation is a condition where the dependent variable in each region is interconnected with
the dependent variable of the neighboring region. The results of the LISA test show that there are 64
regions that have a high wage level and are dependent on their neighbors who also have a high wage
level (3 Regency in Sumatra, 17 Regency in Java, 13 Regency in Kalimantan, 6 in Sulawesi, 25 Regency
in Papua). There are 93 regions that have low wages and are dependent on their neighbors who also have
low wages (29 Regency in Sumatra, 48 Regency in Java, 13 Regency in Nusa Tenggara, and 3 Regency
in Sulawesi). However, 2 regions in Papua have a low wage level relationship while the neighboring
region has high wage levels and 4 regions (3 Regency in Sulawesi and 1 Regency in Nusa Tenggara)
have a high wage level relationship while the neighboring region has low wage levels.
Sumatra
Kalimantan
Kota Palu
Sulawesi

Papua

Mamuju Utara
Muna
Java

Nduga
Kepulauan Aru

Nusa Tenggara

Kota Kupang

Figure 6. LISA of Wage Level, 2019
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High wage levels in several regions in Papua Province have no impact on wage levels in Kepulauan
Aru and Nduga Regency. This can be seen from the wage level of Nduga Regency which is still low,
while the surrounding area has a high wage level. Kota Kupang, Kota Palu, Muna, and Mamuju Utara
Regency shows an inverse relationship, namely by having a high wage level while the surrounding area
has a low wage level.
4.3. Spatial Autoregressive Model Test
Spatial model selection is done by using Lagrange Multiplier (LM) as initial identification. Table 2
shows that the LM lag and LM error are significant at a p-value < 0.01. This means that there are spatial
dependencies on the model to be formed.
Table 2. Result of Spatial Dependency Diagnostic
Test
Moran's I (error)
Lagrange Multiplier (lag)
Robust LM (lag)
Lagrange Multiplier
(error)
Robust LM (error)
Lagrange Multiplier
(SARMA)

MI/DF
0.5379
1.0000
1.0000

Value
17.2285
296.9357
31.2646

Prob.
0.00000
0.00000
0.00000

1.0000

283.2578

0.00000

1.0000

17.5867

0.00003

2.0000

314.5224

0.00000

The next analysis is to model the factors that affect the average wage of workers in the region in
Indonesia using Spatial Lag (SAL) and Spatial Error Model (SEM) and the following results are
obtained.
Table 3. SAL and SEM Parameter Estimation Result
Variable
ρ/λ
Constant
Education (E)
Training (T)
Age (A)
Technology (C)
Internet (I)
Sex Ratio (R)

SAL
0,61026*
4,93149*
0,00349*
0,00047*
0,00749****
0,00012*
0,00495*
0,00056*

SEM
0,71294*
13,6946*
0,00570*
0,00005*
0,01101**
0,00186****
0,00322*
0,00037*

Notes: significant parameter at alpha *0,01, **0,05, ***0,1

The SAL model obtained with an R2 value of 0.67 which means that the model can explain the
variation of the average wage of 67% is as follows
𝑦̂𝑖 = 4,93149 + 0,00349 𝐸𝑖 + 0,00749𝐴𝑖 + 0,00495 𝐼𝑖 + 0,00056 𝑅𝑖 + 𝜀𝑖

(4)

𝑛

𝜀𝑖 = 0,61026 ∑ 𝑤𝑖𝑗 𝑦𝑖

(5)

𝑖=1,𝑖≠𝑗

From the model, for SAL there are 4 significant independent variables with a level of 10 percent and
have a positive relationship, namely education (E), age (A), internet (I), and sex ratio (R) variables. So
that it can be interpreted that the increase by one unit in education, age, use of the internet, and male
workers can increase the average wage of workers in a region equal to the coefficient of each
independent variable.
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The SEM model obtained with an R2 value of 0.69 which means that the model can explain the
variation of the average wage of 69% is as follows
𝑦̂𝑖 = 13,6946 + 0,00570 𝐸𝑖 + 0,01101𝐴𝑖 + 0,00186𝑇𝑖 + 0,00322𝐼𝑖 + 0,00037 𝑅𝑖 + 𝑢𝑖

(6)

𝑛

𝑢𝑖 = 0,71294 ∑ 𝑤𝑖𝑗 𝑦𝑖 + 𝜀𝑖

(7)

𝑖=1,𝑖≠𝑗

From the model, for SEM there are 5 significant independent variables with a level of 10 percent and
have a positive relationship, namely education (E), age (A), technology (T), internet (I), and sex ratio
(R) variables. So that it can be interpreted that an increase by one unit in the percentage in education,
age, technology and internet use, and male workers can increase the average wage of workers in a region
equal to the coefficient of each independent variable.
By two models formed the use of the SEM model is better than the SAL for estimating the average
wage of workers in the region in Indonesia using spatial analysis because the contribution of the
influence of the independent variables simultaneously on the dependent variable is greater in the SEM
model compared to the SAL model.
5. Conclusion
The conclusions that can be drawn from this research are
• There is a spatial relationship between the average wages of workers, education, training, age,
technology use, internet use, and the sex ratio of workers between the region in Indonesia. So
that to increase the wages of workers in a region, it can't only be in the region itself, but the
neighbor must also participate to increase the wages of its workers, in other words, increasing
the wages of workers is a work that synergizes between regions.
• 4 region groups have a spatial relationship to the average wage of workers
- Region group with a high average wage for workers who have region neighbors that also
have high average worker wage
- Region group that has a low average wage for workers but neighbors to a high average wage
worker region
- Region group with a low average wage for workers who have a neighboring region that also
have low average worker wage, and
- Region group with a high average wage of workers but neighbors to a low average wage
worker region.
The central government can evaluate and provide more intensive policies for region groups that
still have low average wages for workers.
• There are 4 independent variables that affect the average wage using the SAL model, i.e.
education, age, internet use, and sex ratio and there are 5 independent variables that affect the
average wage using the SEM model, i.e. education, age, use of technology and internet, and sex
ratio.
• Several efforts can be made by the government in dealing with the average wage inequality
among workers in Region in Indonesia, among others: increasing the education of the people,
the productive age of workers, increasing internet use, and equalizing wages between female
and male workers.
• Increased use of the internet by workers can also increase the wages of workers in a Region,
this is in line with the development of an all-sophisticated era, so that advice that can be given
to the government is the development of the internet access that is evenly distributed in every
region area.
• There is still gender gaps where region that have a ratio of male workers that are greater than
women are proven to have a higher average wage. Here, the role of the government is needed
to eliminate discrimination in wages between the wages of male and female workers.
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Abstract. Decent work for all is one of the goals stated in the Sustainable Development Goals
(SDGs). One indicator that can represent proper work conditions is the precarious employment
rate (PER). In recent periods, the precarious employment rate in Indonesia has shown an
increasing trend. It indicates a decent work deficit in Indonesia. In addition, the PER among
provinces has a different figure. This study aims to analyze the micro and macro factors that
influence the status of precarious employees in Indonesia. The analytical method used in this
study is multilevel binary logistic regression. The results show that micro factors; namely the
worker's characteristics, including age, education level, employment sector, previous work
status, and urban-rural area; have a significant effect on the precarious status of employees. In
terms of macro factors, it is found that an increase in the output of the industrial and construction
sectors can reduce the tendency of a worker to become a precarious employee. Meanwhile, an
increase in labour supply increases the likelihood of workers becoming precarious employees.
Various parties, including society and government, have to put extra efforts to reduce the
precarious employment rate by improving the quality of human capital and domestic products
demand.

1. Introduction
One of the significant challenges faced by the Indonesians is the jobs-creation for its people. Along with
the increase in population, it is necessary to increase sufficient employment opportunities so that the
unemployment rate does not soar. Not just an adequate number of jobs, the jobs created should be decent,
quality work, and guaranteeing workers to develop themselves, respect human rights, and provide
sufficient income for workers to live prosperously.
Decent work is one of the goals in sustainable development or the Sustainable Development Goals
(SDGs). The 8th goal is to promote inclusive and sustainable economic growth, productive employment
opportunities and decent work for all. Decent work is also one aspect of poverty alleviation and the
achievement of sustainable development [1]. The campaign for the importance of decent work is carried
out by the International Labor Organization (ILO) through a decent work plan so that every community
can have the opportunity to work in jobs that can ensure their survival [1]. One indicator that can measure
decent work is the precarious employment rate (PER) [2]. PER shows the proportion of the working
population with precarious jobs, far from having job stability and security.
Precarious work is a source of concern for some workers. If these workers lose their jobs at any time
(break up or end their contract), it will impact the economic activities of the workers' households.
Precarious work is often associated with poor terms and conditions of work, does not lead to exemplary
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work commitment from workers due to short working periods, has poor wages that can weaken
aggregate demand, and impacts macroeconomic losses [3].
The phenomenon of precarious work is increasingly visible today. At the end of the 20 th century,
there was general agreement around the world that the labour market was in a state of transition and
becoming less secure [4]. Furthermore, the prevalence of full and secure employment is declining, and
alternative forms of work are growing, most of them are temporary and unsecured.
30.1

30.16

30.81

2017

2018

2019

PER (%)

26.61

2016

Source: BPS’s publication of Indikator Pekerjaan Layak di Indonesia
Figure 1. The Precarious Employment Rate (PER) in Indonesia 2016 – 2019.
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Source: BPS’s Sakernas of August of 2019 (processed)
Figure 2. The PER based on provinces in Indonesia 2016 – 2019.
Based on figure 1, the PER in Indonesia shows an increasing trend from 2016 to 2019. This increase
indicates a tendency for a more decent work deficit in Indonesia because more and more people are
absorbed in unworthy work. In 2019, the PER was 30.81 percent, which means that out of 100 working
people in Indonesia, around 31 people are working as temporary workers. Meanwhile, if viewed based
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on its distribution in each province in Indonesia, the precarious employment rate shows varied numbers
(figure 2). The uneven distribution of PER indicates an influence of the aggregate variable (region) on
the precarious employment phenomenon.
The precarious employment that occurs in Indonesia as a consequence of the Manpower Law, namely
Law Number 13 of 2003 [5] (updated with Law No. 11 of 2020 [6]). The law authorises employment
with a contract system that allows flexibility in the labour market. Because there is no prohibition on
precarious work, a person may be classified as a precarious employee because of the characteristics and
qualifications (micro/individual factors). Previous studies show that precarious work can be related to
factors at the micro-level. For example, studies [7] and [8] showed that younger workers are more likely
to be in temporary jobs. Furthermore, research [3] stated that precarious jobs are more likely to be owned
by those with low levels of education. Then, a study [9] revealed that precarious work could also be
related to the characteristics of the employment sector. Thus, it is important to include micro (employee)
features in analysing the precarious employment phenomenon. In addition, differences in the incidence
of precarious employment levels among provinces in Indonesia can signal that the heterogeneity of
provincial characteristics also influences the phenomenon of precarious employment in Indonesia.
Based on the description above, the purpose of this study is to analyse the general description of
workers in Indonesia based on the characteristics of workers and precarious status and analyse individual
(micro) and contextual (macro) factors that influence the precarious situation of workers in Indonesia.
The findings obtained from the analysis using regional aggregate variables are also expected to produce
suggestions regarding macro policies to improve decent work conditions in Indonesia. So that the
involvement of regional aggregate variables becomes essential so that the analysis of the determinants
of precarious employment becomes more comprehensive.
2. Literature reviews
2.1. Precarious employment
Olsthoorn [10] developed a conceptual framework that can be used to conceptualize precarious work.
Based on various reviews of academic literature regarding precariousness, Olsthoorn stated the three
components of precarious work, (i) insecure jobs, namely jobs that can make work precarious, (ii)
vulnerable employees, namely workers who are expected to suffer significantly with conditions offered
by insecure jobs because of their circumstances, and (iii) unsupportive entitlements, which are
characterized by limited rights that employees derive from their employment relationship, i.e., limited
rights to income benefits when not working. The precarious employment can be defined as the
intersection of these three components: precarious employment occurs when vulnerable individuals (at
employee level) work in insecure jobs (at employment level) with unsupportive rights (at the
institutional level) [10].
According to BPS [1], workers who have precarious jobs are workers who have the characteristics
of casual workers (both in the agricultural and non-agricultural sectors), workers with work contracts
for a certain period, or workers with verbal work contracts. In line with the concept of the ILO [2],
workers who have precarious work are workers whose work contracts, both written and verbal, have a
short duration or whose work contract can be terminated at any time in a short time. Thus, the formula
to obtain the figure of PER is as follows:
𝑃𝐸𝑅 (%) =

𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑤𝑜𝑟𝑘𝑒𝑟𝑠 𝑤ℎ𝑜 ℎ𝑎𝑣𝑒 𝑝𝑟𝑒𝑐𝑎𝑟𝑖𝑜𝑢𝑠 𝑗𝑜𝑏
× 100%
𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑤𝑜𝑟𝑘𝑒𝑟𝑠

(1)

2.2. Individual factors (micro factors) that determine precarious employment
In this study, micro factors refer to factors or characteristics inherent in individual workers, such as sex,
education level, age, occupation, and the classification of the area of residence (rural/urban). The ruralurban classification, although related to the area, can be classified as micro factors because each
individual can have characteristics as a rural community or an urban community.
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In the aspect of roles, three role components can distinguish between genders, namely (i) men are
more often associated with income-generating jobs while women are more often associated with
childcare and household management; (ii) in terms of work type, men more often work in mechanical,
engineer, executive jobs while women more often work for others such as nurses, teachers, or
secretaries; (iii) men tend to have higher positions in society than women [11]. A study [12] in Europe
found that men had higher precarious rates than women when it comes to precarious work.
Regarding working age, young workers today have a higher level of precarious job involvement than
older workers, although precarity varies in national and sectoral contexts [13]. This trend is possible
because younger workers tend to have lower experiences than workers from the older generation.
The aspect that has the most prominent role in explaining the quality of human resources is the aspect
of education [14]. Furthermore, with education, it is hoped that humans will gain knowledge that can be
used to build a better life. The level of education can undoubtedly affect the quality of work owned by
a person. The education level positively influences full employment opportunities and contributes to a
decrease in the percentage of the population who have temporary jobs [8]. In addition, precarious jobs
are more likely to be owned by those with low levels of education [3].
Job characteristics also relate to the aspects of a region. For example, jobs in the agricultural sector
are more likely to be found in rural areas. The agricultural industry has an important influence on rural
areas in obtaining real income [15]. Precarious work in rural areas is more common than in urban areas,
although the difference is insignificant [16]. In addition, research on forms of precarious work in France
found that precarious work is the majority of the phenomenon in rural areas [17].
Precarious work can cause workers to have a lot of work experience in various jobs because they
tend to have jobs that tend to change (not permanent). There is evidence that working with a fixed-term
contract can be a stepping stone for permanent employment [18]. Different arguments in [3] stated that
employers do not have the economic incentive to invest in precarious workers because of their short
tenure. In the end, they become permanent temporary workers.
According to BPS [19], the business field is the field of work/business/company/office where a
resident does his job. In Indonesia, field businesses/jobs classification uses the 2015 Indonesian
Standard Business Field Classification (KBLI). The sectors with high precarious jobs are the
construction, agriculture, and hospitality sectors (jobs that are seasonality), as well as the food
processing sector (fixed-term employment) [9].
2.3. Contextual factors (macro) that determine precarious employment
Areas with high production levels in the construction, agriculture, and food processing sectors determine
the precarious status [9]. The ILO stated that it is feasible to analyse precarious employment indicators
and GDP growth by sector/business sector [2]. A company's decisions regarding its employees can
depend on the economy's structure and the demand for goods and services.
Besides being influenced by the demand for sectoral products (approximated by the production level
per sector), precarious employment is influenced by the level of labour supply in an economy. The
supply of labour can be shown through the indicator of the number of the labour force. The higher the
number of labour force indicates that the higher the supply of labour ready to produce goods and services
in an economy.
Concerning precarious work, the ILO [2] also stated that one of the factors that can influence a
company's decisions regarding employees in the company is the supply of labour and income in the
labour market. Therefore, it is crucial to analyse the effect of labour supply, using the number of the
labour force, on precarious employment.
2.4. The binary logistics regression model
It is a standard method to analyse the relationship between one dependent variable and one or several
independent variables when the outcome of the dependent variable is binary or dichotomous [20]. The
binary logistic regression models can be classified as Generalized Linear Models (GLMs). They extend
the usual regression model to solve problems on response variables that are not normally distributed
[21]. GLMs have three components: (1) random component, which shows the response variable (Y) and

720

M R Pontoh and N W K Projo

its probability distribution, (2) systematic component, which shows explanatory variables in a linear
function, and (3) link function, which transforms the dependent variable so that the variable independent
and dependent variables can be assumed to be linearly related [21]. The parameter estimation method
in logistic regression modelling uses the maximum likelihood method. Predicting the coefficients of the
independent variables in the regression model is done by maximizing the likelihood function. Thus, the
estimator is the closest to the observation data [20].
2.5. Multilevel model
In the analysis using the multilevel model, the structure of the data set in the population is assumed to
be hierarchical. For example, there are several groups and individuals, and then individuals are nested
in each group [22]. In other words, data is obtained from several levels of observation (more than one
level) [23]. The general concept in this multilevel analysis is that individuals interact with the social
group to which they belong, individuals are influenced by the social group to which they belong, and
conversely, social groups can be affected by the individuals who act as the member of that group [22].
In statistical literature, the multilevel model is also known as a mixed model, or in other literature, it
is called a hierarchical model [23]. Furthermore, mixed models can be divided into two: (i) models with
random intercepts, namely models with different intercept values between groups; and (ii) models with
random slopes, namely models whose regression coefficients (including intercepts) can vary between
groups. This study will use a multilevel binary logistic regression model with a random intercept.
2.6. Multilevel binary logistic regression model with random intercept
Regression modelling performed on data with a binary dependent variable is usually used with a logistic
regression model in which the parameter estimation must use a link function. The same thing is also
done in modelling a hierarchically structured data set with a dependent variable in binary form using a
multilevel binary logistic regression model. The parameter estimation method in multilevel binary
logistic regression modelling is also using the maximum likelihood method. Intercepts that vary between
groups can be caused by differences between groups, which explanatory variables can explain at the
group level.
3. Methodology
3.1. The scope of research
This study uses secondary data from the August 2019 National Labour Force Survey (Sakernas) data
and macro data tabulation on the Gross Regional Domestic Product (GRDP) of Business Fields from
the BPS website for 34 provinces in Indonesia, as well as the number of the labour force by province
from BPS website.
This research's dependent variable or response variable is the precarious employee status with (i)
precarious employee, the category for non-permanent workers and (ii) non-precarious employee, the
category for workers with permanent jobs. In the August 2019 Sakernas questionnaire (SAK19.AK),
the categorization of workers based on precarious employee status is carried out using questions in block
V.D details R24.a and R31. The categorization rules are as follows:
• Precarious employee if:
- Workers with work contracts for a certain period or with verbal work contracts (R24.a = 4
and (R31 = 2 or 3)); or
- Casual workers, either in the agricultural or non-agricultural sectors (R24.a = 5 or 6);
• Non-precarious employee if:
- Workers with permanent jobs (R24.a = 4 and (R31 = 1 or 4 or 5))
This study's independent or explanatory variables have a hierarchical structure consisting of variables
at the individual level (micro) and the contextual level (macro). Variables at the individual level of
workers: sex, education level, age group, classification of the area where the worker lives, previous work
status, and the sector of the worker's occupation. The macro-level variables are the GRDP of the
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agriculture, forestry, & fishery sectors, the GRDP of the industrial & construction sector, and the number
of the workforce. The unit of analysis in this study is paid workers.
This study uses labour with the status of workers/employees/employees and casual workers (both in
the agricultural and non-agricultural sectors), referred to as paid workers. This limitation occurs because
researchers are unable to classify workers with the status of precarious employees on workers with the
status of self-employed, trying to be assisted, or family workers due to data availability. The August
2019 Sakernas has limited rules for classifying these labour groups on precarious employee status. At
the same time, workers who have independent businesses and family workers are a group of workers
that might have vulnerable jobs [24]. Therefore, using the available data of paid employees as the unit
analysis provides a more precise analysis of precarious employment using all workers in Indonesia.
Furthermore, the number of samples of workers who become the unit analysis is 198,071 paid workers.
The operational variables of the independent variables used in this study are as follows.
Worker’s sex variable was divided into two categories, namely male and female.
The age group variable was divided into two categories, namely: (i) young workers (15 – 24 years
old) and (ii) adult and old workers (25 years and over).
The urban/rural variable shows the urban/rural classification for the village where the worker lives.
This variable was divided into two categories: (i) rural areas; and (ii) urban areas.
The previous work variable indicates whether the worker has previously worked or has never worked.
The categories in this variable are: (i) have worked (i.e., those who have previously had a job); and (ii)
have never worked (i.e., those who have not previously had a job).
The variable of education level of workers is the last level of education completed by workers and
marked by the highest diploma/STTB owned. The categorization of the education level variables in this
study are (i) < high school (those who do not have a diploma or with an elementary or junior high school
diploma) and (ii) ≥ high school (those with a high school diploma and above).
The variable of the worker's occupation sector is a variable that shows the large group of workers'
occupations that are narrowed down from the categories of business fields in the KBLI. The categories
in this variable are: (i) agricultural sector (KBLI of Category A); (ii) Industry and construction sector
(KBLI of Category B to F); and (iii) the service sector (KBLI of Category G to U).
The variable of GRDP in agriculture, forestry, and fishery sectors is a continuous variable. This
variable was obtained from the tabulation of 2010 constant price GRDP data according to Business
Fields in 2019 on the BPS website for 34 provinces in Indonesia.
The variable GRDP in the industrial and construction sectors (the cumulative GRDP in the KBLI
sector Category B to F) is a continuous variable. This variable was also obtained from the tabulation of
2010 constant price GRDP data according to Business Fields in 2019 on the BPS website for 34
provinces in Indonesia.
The number of labor force is a continuous variable that shows the number of labor force in a certain
province. This variable was obtained from the tabulation of macro data on the BPS website.
3.2. Analysis methods
The analytical method applied in this research is multilevel binary logistic regression analysis. This
research uses the multilevel model with a random intercept because it assumes the effect of each
independent variable on the precarious employee status is the same for each group (region). In addition,
the researchers also did not aim to conduct regional analysis (by province) so that multilevel binary
logistic regression with random intercept is considered more practical than the model with random slope.
Researchers use Microsoft Excel 2019 and R software for data processing.
3.3. Research model
The multilevel (two-level) binary logistic regression model with random intercept in this study is as
follows:
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𝜋̂𝑖𝑗
ln [
] = (𝛾̂00 + 𝑢̂0𝑗 ) + 𝛾̂10 𝑆𝑒𝑥𝑖𝑗 + 𝛾̂20 𝐴𝑔𝑒𝑖𝑗 + 𝛾̂30 𝐸𝑑𝑢𝑐𝑖𝑗 + 𝛾̂40 𝑃𝑟𝑒𝑣𝑖𝑗
1 − 𝜋̂𝑖𝑗
+ 𝛾̂50 𝐷𝐴𝑔𝑟𝑖𝑐𝑢𝑙𝑡 + 𝛾̂60 𝐷𝐼𝑛𝑑𝑢𝑠𝐶𝑜𝑛𝑠𝑖𝑗 + 𝛾̂70 𝐶𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑐𝑖𝑗
+ 𝛾̂01 Ln 𝐴𝑔𝑟𝑖𝑐𝑢𝑙𝑡𝐺𝑅𝐷𝑃𝑗 + 𝛾̂02 Ln 𝐼𝑛𝑑𝑢𝑠𝐶𝑜𝑛𝑠𝐺𝑅𝐷𝑃𝑗
+ 𝛾̂03 Ln 𝐿𝑎𝑏𝑜𝑢𝑟𝐹𝑜𝑟𝑐𝑒𝑗 + 𝑒̂𝑖𝑗
Note:
𝑆𝑒𝑥
𝐴𝑔𝑒
𝐸𝑑𝑢𝑐
𝑃𝑟𝑒𝑣
𝐷𝐴𝑔𝑟𝑖𝑐𝑢𝑙𝑡
𝐷𝐼𝑛𝑑𝑢𝑠𝐶𝑜𝑛𝑠
𝐶𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑐
𝐴𝑔𝑟𝑖𝑐𝑢𝑙𝑡𝐺𝑅𝐷𝑃
𝐼𝑛𝑑𝑢𝑠𝐶𝑜𝑛𝑠𝐺𝑅𝐷𝑃
𝐿𝑎𝑏𝑜𝑢𝑟𝐹𝑜𝑟𝑐𝑒
𝑖
𝑗
𝛾̂00
𝛾̂.0
𝛾̂0.
𝑢̂0𝑗
𝑒̂𝑖𝑗

(2)

: worker’s sex
: worker’s age group
: worker’s education level
: worker’s previous work status
: dummy variable of worker’s occupation sector (agriculture sector)
: dummy variable of worker’s occupation sector (industrial and
construction)
: urban-rural classification
: Gross Regional Domestic Product of the agricultural sector at the
provincial level (billion rupiahs)
: Gross Regional Domestic Product of the industrial and construction
sector at the provincial level (billion rupiahs)
: number of labour force at the provincial level (persons)
: 1,2, … , 𝑛𝑗 ; 𝑛𝑗 shows the number of individuals at level 1 in group 𝑗
: 1,2, … , 𝐽 where 𝐽 shows the number of groups at level 2
: the average intercept
: regression coefficient for the independent variable at level 1
: regression coefficient for the independent variable at level 2
: random effect for group 𝑗
: residual for individu 𝑖 in group 𝑗

3.4. Stages of multilevel binary logistic regression analysis
3.4.1. Testing the significance of random effects
The random effect significance test was conducted to test whether there was a difference in the effect of
the groups at level 2.
The parameter estimation procedure using the maximum likelihood method produces a deviance
value, which indicates how well the model fits the existing data [22]. Deviance value is defined as
−2 × ln(𝑙𝑖𝑘𝑒𝑙𝑖ℎ𝑜𝑜𝑑). The likelihood value is the value of a likelihood function. In general, the model
with a small deviance value is better than the model with a larger deviance value. By utilizing the
deviance value, researchers can compare several models to determine which one is better. The
hypotheses to test the significance of the random effect are as follows:
2
𝐻0 : 𝜎𝑢0
= 0 (the random effect is not significant)
2
𝐻1 : 𝜎𝑢0 > 0 (the random effect is significant)
The deviance difference test is known as the likelihood ratio test [22]. The test statistic are as follows.
𝐿𝑅 = −2 ln [

𝐿0
2
] ~𝜒(1)
𝐿1

(3)

The 𝐿0 is the likelihood value of logistics regression without random effect. The 𝐿1 is the likelihood
2
value of logistics multilevel regression with random effect. When 𝐿𝑅 > 𝜒𝛼(1)
, the decision is to reject
𝐻0 at the significance level of 𝛼. Furthermore, it can be concluded that the multilevel logistic regression
model is better than the ordinary (one level) logistic regression model.
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The significance level set in this study is 10 percent. This figure is still a common one in various
studies related to socio-economic phenomena.
3.4.2. Parameter estimation
The method used to estimate the multilevel binary logistic regression model parameters is maximum
likelihood estimation (MLE). The likelihood function is maximized so that the estimated value for the
regression coefficient closest to the actual data is obtained. The maximization of the likelihood function
will produce a likelihood equation that is not linear concerning the logistic regression parameters. This
research uses an iterative method in R software to find a solution to the likelihood equation.
3.4.3. Simultaneous testing of regression coefficient significance
Simultaneous testing is carried out to test the significance of the effect of all independent variables on
the dependent variable in the model. The hypothesis used in this test is as follows [20]:
𝐻0 : γ10 = 𝛾20 = ⋯ = 𝛾𝑃0 = 𝛾01 = ⋯ = 𝛾0𝑄 = 0
(all independent variables have no effect on the dependent variable)
𝐻1 : at least one 𝛾𝑝0 or 𝛾0𝑞 ≠ 0; 𝑝 = 1, … , 𝑃; 𝑞 = 1, … , 𝑄 ; 𝑃 = total parameters at level 1; 𝑄 = total
parameters at level 2
(at least one independent variable affects the dependent variable)
The test statistic used in the simultaneous test are as follows [20]:
𝐿(𝑛𝑢𝑙𝑙 𝑚𝑜𝑑𝑒𝑙)
2
𝐺 = −2 ln [
] ~𝜒(𝑃+𝑄)
𝐿(𝑐𝑜𝑛𝑑𝑖𝑡𝑖𝑜𝑛𝑎𝑙 𝑚𝑜𝑑𝑒𝑙)

(4)

The 𝐿(𝑛𝑢𝑙𝑙 𝑚𝑜𝑑𝑒𝑙) is the likelihood model without independent variables. The
𝐿(𝑐𝑜𝑛𝑑𝑖𝑡𝑖𝑜𝑛𝑎𝑙 𝑚𝑜𝑑𝑒𝑙) is the likelihood model with all independent variables.
2
If 𝐺 > 𝜒𝛼(𝑃+𝑄)
the decision is to reject 𝐻0 at 𝛼 significant level. The rejection of 𝐻0 can be
concluded that at least one or maybe all independent variables significantly affect the dependent
variable.
3.4.4. Partial testing of regression coefficient significance
Partial testing was conducted to test the significance of the independent variables on the dependent
variable individually. This test is carried out using the Wald test, namely by ratifying the estimated value
̂ (𝛾̂) )
of the regression coefficient, 𝛾̂, with its standard error, 𝑆𝐸
[20]. Furthermore, the hypotheses used in this test are as follows:
𝐻0 : 𝛾 = 0 (the independent variable has no effect on the dependent variable)
𝐻1 : 𝛾 ≠ 0 (independent variables affect the dependent variable)
The test statistic is [20]:
𝑊=

𝛾̂
~𝑁(0,1)
̂ (𝛾̂)
𝑆𝐸

(5)

If the empirical value of |𝑊| > |𝑍𝛼 | or 𝑝 − 𝑣𝑎𝑙𝑢𝑒 < 𝛼 then the decision taken at the level of
2

significance 𝛼 is to reject 𝐻0 . The rejection of 𝐻0 concluded that the independent variable (partially)
had a significant effect on the dependent variable.
3.4.5. Interpretation of regression coefficient with an odds ratio (OR)
The interpretation of the coefficients in the logistic regression model is carried out using the value of
odds ratio (𝑒 𝛽𝑗 ). The odds ratio shows the tendency of the unit of observation to have the status of 𝑌 =
1 (compared to 𝑌 = 0) when the independent variable (X) increases at one unit ) (ILOSTAT)
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[25]. One unit increase in the value of the independent variable will lead to a rise of 𝑒 𝛽𝑗 times for status
Y=1 (success event). Specifically, on the independent variable with categorical scale, OR shows a
tendency for observations to succeed when X = 1 is 𝑒 𝛽𝑗 times compared to X=0 (reference category).
4. Results and Discussions
4.1. The precarious employee among paid workers in Indonesia
Currently, the ownership of precarious work is a phenomenon that exists in every country, including in
Indonesia. Workers who have precarious jobs are distributed in every region and even in every
characteristic possessed by workers. This precarious employment phenomenon occurs among male and
female workers, workers with low and high education, workers in every work sector, rural and urban
areas, and young, adult, and old workers.

Precarious employee

40%
60%

Non-precarious
employee

Source: BPS’s Sakernas of August of 2019 (processed).
Figure 3. Workers based on precarious status in Indonesia, 2019.
Based on figure 3, the majority or about 60 percent of workers in Indonesia are workers with the
status of precarious employees. The remaining 40 percent are workers who have permanent jobs with
various stability and job guarantees in them. From the whole workforce perspective, the percentage of
precarious employees can be represented through the Precarious Employment Rate (PER) indicator.
PER in Indonesia in 2019 was 30.81 percent, which means that of the 100-working population, there are
around 31 workers who work in temporary jobs [1].
4.2. Overview of workers in Indonesia based on individual characteristics and precarious status
Table 1 presents the percentage of the sample of workers in Indonesia based on precarious status and
individual characteristics of workers. For each group of workers in each category of all variables, it is
found that most of them are precarious employees.
Table 1. The precarious status of workers in Indonesia based on worker characteristics.
Variable
Sex
Education
Age group

Category
Male
Female*
<High school
≥High school*
Young (15-24 years)
Adult+old (25+ years)*

Precarious status (%)
Precarious Non-precarious
61
39
57
43
66
34
54
46
64
36
59
41

Total
(%)
100
100
100
100
100
100
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Precarious status (%)
Precarious Non-precarious
Rural
64
36
Urban-rural
classification Urban*
56
44
Agriculture
73
27
Occupation
Industry and Construction
64
36
sector
Service*
53
47
Yes
63
37
Previous
work status
Never*
57
43
Source: BPS’s Sakernas of August of 2019 (processed)
Note: *) reference categories used in logistic regression analysis
Variable

Category

Total
(%)
100
100
100
100
100
100
100

Precarious employees in male workers are 61 percent and 57 percent in female workers. It means
that in each group of workers by sex, more than half of workers are with precarious jobs. The higher
percentage is in the male workers. These results align with the ILO publication [26] those male workers
are more likely to work in precarious jobs with a percentage in the male and female groups of 7.3 percent
and 5.6 percent, respectively, in 2001. The figures increased to 12.1 percent and 6.9 percent in 2010.
The researcher's findings are also in line with research [12] on precarious work in Europe, which found
that the percentage of precarious jobs (for high and medium levels) was higher in the male group.
The work skills possessed by a worker might depend on the level of education. The percentage of
precarious employees in the group of workers shows a decreasing pattern when viewed based on
education from the lowest level to the highest level. The rate of precarious employees in workers with
education below high school is 66 percent, while high school and above is 54 percent, respectively. The
decrease in the percentage of precarious employees and the increase in workers' level of education
indicates that the level of education might affect the ownership status of workers' precarious work. It is
in line with research [8], which stated that education positively influences full employment opportunities
and can reduce the percentage of temporary workers.
Based on age group, the percentage of precarious employees in the group of young workers is the
highest percentage, which is 64 percent, while in the adult and old age groups, it is 59 percent. The
percentage figures obtained also tend to show a decrease with increasing age of workers. It indicates
that workers who are precarious employees are generally younger. In line with [27], that older workers
have more work experience than younger workers.
Young workers can be categorized as new entrants to the labour market. These newcomers can come
from those who have just completed their studies (fresh graduates), so it can be said that they do not
have enough work experience. It is one of the considerations for employers to place these young workers
in temporary or internship-based jobs.
The issue related to the young population is their transition from education to the world of work [28].
The ILO [29] stated that a successful transition from education to the labour market could be
characterized by young people finding decent work. In addition, the change to decent work can make
the period of youth maturity more productive. The results obtained, which are more than half of young
workers are precarious employees, may indicate that the transition period of young people has not been
successful from education to the labour market.
The categories of residence of workers (rural and urban) also have different statistics on decent work.
The majority of workers living in urban and rural areas are precarious employees, with a higher
percentage in rural areas at 64 percent, while the rate in urban areas is 56 percent. This condition occurs
because precarious work is more common in rural areas, although not by a large difference compared to
urban areas [16].
In terms of the employment sector, more than half of the workers in all occupational sector groups
are precarious employees. The agricultural sector is the sector with the highest percentage of precarious
employees, which is 73 percent. It is followed by the industrial and construction sectors, with a
precarious employee percentage of 64 percent. The high contribution of precarious employees in the
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agricultural sector is in line with [16]. It showed that during the period 2007 – 2017 (except 2009,
because the data was omitted), the agriculture, forestry, and fishery sector and the construction sector
were the two sectors with the highest share of precarious workers compared to the other sectors in Egypt.
In addition, research [9] stated that the construction, agriculture, and hospitality sectors (seasonal work)
and food processing sectors have a high level of precarious work.
Furthermore, precarious work drives the workers to have various work experiences (had the work
before), regardless of how long he is in the previous job. About 63 percent of workers with previous
work and 57 percent of workers with no previous works are precarious employees. It indicates that
workers who have previous jobs are a group that is more likely to have the status of precarious
employees. In addition, these results suggest that the previous work of precarious workers has not been
fully able to become a stepping stone to be in a decent job. However, these jobs are expected to bring
workers to better jobs gradually. It is a reasonable expectation because 37 percent of workers who had
previously worked now are permanent workers. It is in line with [18], which stated that work with a
fixed-term contract might be a gate to getting permanent work.
4.3. Micro and macro factors that affect precarious employee status
Micro (individual) and macro (contextual/provincial) factors that affect precarious employee status in
Indonesia are analysed using binary multilevel logistic regression (random intercept) with two levels.
The first level is the individual level measured by workers, and the second level is the provincial level.
The analysis stage begins with forming a null regression model without random effects and a null
regression model with random effects to test the significance of the random impact through the
likelihood ratio test. If the random effect is significant, the next stage is to form a multilevel binary
logistic regression model with explanatory variables (conditional model). Then, the significance of the
logistic regression parameters was tested simultaneously and partially. Furthermore, the regression
model coefficients are interpreted by using the exponential value (odds ratio).
4.3.1. Random effect significance test
Based on the log-likelihood value in Appendix A and Appendix B, the test statistic values (equation (3))
are as follows:
𝐿𝑅 = −2[−133525.7 − (−131758.2)] = 3535

(6)

The LR is 3535 with 𝜒 2 0.1;1 = 2.705. Because the value of 𝐿𝑅 > 𝜒 2 0.1;1 , the decision at the 10
percent significance level is to reject 𝐻0 . Based on these results, it can be concluded that the random
effect is significant so that the multilevel binary logistic regression model is better used to model the
precarious status of workers in Indonesia than the ordinary binary logistic regression model (one level).
4.3.2. Testing the significance of the multilevel binary logistic regression coefficient
After the conditional model is formed, the regression coefficients in the model need to be tested either
simultaneously or partially so that they can be continued for further interpretation and analysis.
Simultaneous parameter testing is carried out by calculating the statistical value of the G test obtained
by utilizing the log-likelihood value from the null model (Appendix B) and the log-likelihood value
from the conditional model (Appendix C).
𝐺 = −2[(−131758.2) − (−128487.9)] = 6540.6

(7)

The value of G is 6540.6 and the value of 𝜒 2 0.1;10 is 15.99. Because 𝐺 > 𝜒 2 0.1;10 the decision is to
reject 𝐻0 at a significance level of 10 percent. Based on this test, it can be concluded that at least one
explanatory variable has a significant effect on the precarious status of workers in Indonesia.
Subsequently, a partial parameter test was conducted using the Wald test to find out what variables had
a significant effect on the precarious status of workers in Indonesia. The results of partial parameter
testing and the estimation results of the logistic regression model parameters are presented in table 2
below.
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Table 2. The results of partially testing the logistic regression coefficient parameters.
Standard
Error
0.389478

Z-value

P-value

Odds Ratio

-3.670

0.000242*

0.239

0.010455

-0.880

0.378725

0.991

0.013049

26.308

0.000*

1.410

0.010875

20.936

0.000*

1.256

0.009844

19.893

0.000*

1.216

0.016050
0.011814

44.861
24.974

0.000*
0.000*

2.055
1.343

0.010304

19.706

0.000*

1.225

0.057108

0.181

0.856186

1.010

Ln Industry and
-0.083409
0.047837
-1.744
Construction GRDP
Ln Labour force
0.140486
0.062341
2.254
Source: BPS’s Sakernas of August of 2019 (processed)
Note: *significant at 𝛼 = 10%

0.081224*

0.920

0.024226*

1.151

Variables
Intercept

Coefficient
-1.429502

Micro factors/Individual
Sex
-0.009203
Male
Female (ref)
Age group
Young (15-24 years)
0.343283
Adult (25+ years) (ref)
Education
0.227677
<high school
≥High school (ref)
Previous work status
0.195824
Yes
Never (ref)
Occupation sectors
Agriculture
0.720044
Industry and
0.295053
construction
Service(ref)
Urban-rural
classification
0.203044
Rural
Urban (ref)
Macro factors/Contextual
Ln Agricultural GRDP

0.010350

Based on the results, the micro variables, including the age group, education level, previous work
status, occupation sector, and the classification of the area where the worker lived, had a p-value <0.10.
It can be concluded at a significance level of 10 percent that these micro variables partially have a
significant effect on the precarious status of workers in Indonesia. The macro variables, including the
GRDP of the industrial and construction sectors and the labour force, have a p-value <0.10. It shows
that macro variables partially have a significant effect on the status of precarious employees. The
variables of sex and GRDP in the agricultural sector have not been statistically proven to have a
significant impact. It could be possible by the coverage of the unit of analysis that is not comprehensive
yet and/or variations of the insignificant variables have not shown any difference (given other
independent variables). For example, in conditions of workers with a high school education level and
above, the percentage of precarious employees in the group of male workers tends to be the same as the
percentage of precarious employees in the group of female workers.
Based on the stages of the multilevel binary logistic regression analysis (with random intercept)
performed, the estimation results of the regression model are as follows.
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ln (

𝜋̂𝑖𝑗
∗
∗
∗
+ 0.228 𝐸𝑑𝑢𝑐𝑖𝑗
) = (−1.429∗ + 𝑢̂0𝑗
) − 0.009 𝑆𝑒𝑥𝑖𝑗 + 0.343 𝐴𝑔𝑒𝑖𝑗
1 − 𝜋̂𝑖𝑗
∗
∗
∗
+ 0.196 𝑃𝑟𝑒𝑣𝑖𝑗
+ 0.720 𝐷𝐴𝑔𝑟𝑖𝑐𝑢𝑙𝑡𝑖𝑗
+ 0.295 𝐷𝐼𝑛𝑑𝑢𝑠𝐶𝑜𝑛𝑠𝑖𝑗
∗
+ 0.203 𝐶𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑐𝑖𝑗 + 0.01 Ln 𝐴𝑔𝑟𝑖𝑐𝑢𝑙𝑡𝐺𝑅𝐷𝑃𝑗
− 0.083 Ln 𝐼𝑛𝑑𝑢𝑠𝐶𝑜𝑛𝑠𝐺𝑅𝐷𝑃𝑗∗ + 0.14 Ln 𝐿𝑎𝑏𝑜𝑢𝑟𝐹𝑜𝑟𝑐𝑒𝑗∗

(8)

Note: *) significant at 𝛼 = 10%
4.3.3. The Interpretation of regression model parameters and odds ratio
The partial test results show that the age group variable significantly affects precarious employee status
with an odds ratio of 1.41. It means that young workers tend to be precarious employees by 1.41 times
greater than older workers, assuming that other independent variables are constant. This finding is in
line with the research by Sapkal and Sundar [3], which stated that precarious employment is more likely
to occur in the younger age group. In addition, a study by Baranowska and Gebel [7] also found that the
level of temporary employment in Europe tends to be higher among young workers.
The partial test results on education show that this variable significantly affects precarious employee
status with an odds ratio of 1.256. These results mean that workers with a below high school education
level tend to have the status of a precarious employee by 1.256 times greater than workers with a high
school education level and above, assuming the other independent variables are constant. It also means
that the higher the level of education of workers, the less likely they are to become temporary workers.
This result is in line with what Kalleberg et al. [27] stated that higher education could reduce the
tendency of workers to be in bad jobs, namely jobs with low wages, without health insurance, and
without pension benefits. Sapkal and Sundar [3] also found that precarious jobs are more likely to be
owned by people with low educational status. In addition, Oesch and Menes [30] state that expanding
education can increase the number of people with good jobs.
The partial test results of the previous work status show a significant effect on the precarious status
of workers in Indonesia, with an odds ratio of 1.216. The workers that have ever worked before tend to
be precarious employees by 1.216 times greater than workers who have never worked, assuming the
other independent variables are constant. This result indicates that workers who have previously worked
are still likely to get new jobs that are still classified as precarious. In addition, it also demonstrates that
the workers' previous jobs have not been fully able to become a stepping stone to other decent jobs.
Our findings are aligning with the arguments [3], which stated that those who work in precarious
jobs potentially continue to be in temporary jobs, even though they have worked for many years and
acquire skills from the job. It is because the employer does not have the economic impetus to invest in
them. In addition, Wahyuni and Monika [31] stated that low-paid work is not a stepping stone, and it is
still a normal phenomenon in Indonesia. However, the previous job owned by the worker is expected to
gradually bring the worker to a more decent job, as empirical findings in table 1.
The existence of precarious work today is natural in Indonesia, considering that entrepreneurs or
business people who handle certain projects for short periods also exist in Indonesia. Suppose these
employers employ workers permanently on temporary jobs. In that case, it will potentially cause losses
because they have to continue to provide wages to their workers even though the work has been
completed. It might cause those who run out of work contracts to look for other jobs that are not
necessarily permanent ones.
The partial test results show that the employment sector variable significantly affects the precarious
status of workers in Indonesia, with an odds ratio of 1.343 (for the industrial and construction sector
categories) and 2.055 (for the agricultural sector category). Workers who work in the industrial and
construction sectors tend to have precarious employee status by 1.343 times greater than workers in the
service sector, assuming that the other independent variables are constant. Likewise, agricultural sector
workers tend to be more precarious than workers in the service sector, which is 2.055 times.
The results obtained are in line with research [17] that the share of labour in the primary sector
(agriculture) and the share of labour in the secondary sector (processing and construction industry) on
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the total working-age population are the two sectors with the most positive and significant influence for
temporary work. In other research, [9] stated that the most likely sector to be associated with precarious
job is construction sector. However, it does not mean that no precarious employees in the service sector.
In the service sector, the shift towards non-standard work is no longer exclusive [32].
The partial test results show that the urban-rural classification significantly affects precarious
employee status with an odds ratio of 1.225. Workers who live in rural areas tend to have precarious
employees by 1.225 times greater than those living in urban areas assuming other independent variables
are constant. The results obtained are in line with research [17] which found that precarious work is
primarily a phenomenon in rural areas in France. In addition, the ILO report [32] in its publication on
working in rural areas also states that employment in these areas continues to be precarious in both the
agricultural and non-agricultural sectors. The ILO [32] also noted difficulties and obstacles in obtaining
decent work in rural areas.
Based on the partial test conducted on the GRDP variable in the industrial and construction sectors,
it was found that this variable had a significant effect on precarious employee status with an odds ratio
of 0.920. When the GRDP in the industrial and construction sectors increases by 1 percent, the tendency
of workers to become precarious employees becomes 0.920 times the initial condition assuming the
other independent variables are constant. These results mean that the higher the increase in GRDP in
industrial and construction sectors, the smaller the tendency of workers in that area to be classified as
precarious employees. Although it is partially observed that workers who work in the industrial sector
have a higher tendency (compared to the service sector) to work in precarious jobs, it turns out that when
viewed on a macro basis, the conclusions are quite different. It is possible because the increased
production of the industrial sector makes workers in that sector remain employed. In other words, an
increase in demand for industrial sector products can encourage employers to keep their workers, as a
factor of production, in producing industrial goods.
Based on the partial test conducted on the variable number of the labour force, it was found that this
variable had a significant effect on precarious employee status with an odds ratio of 1.151. These results
mean that an increase in the labour force by 1 percent will cause workers to become precarious
employees to be 1.151 times greater than the previous level of the number of labour force assuming the
other independent variables are constant. In other words, an increase in labour supply can also increase
the tendency of workers to become precarious employees. It happens because if the higher the number
of the labour force is not accompanied by an increase in the number of adequate jobs, it will cause some
of the labour force to become unemployed or forced to work in improvised employment, which may
still not be permanent.
5. Conclusions and suggestions
5.1. Conclusions
Of all paid employees, most are workers with the status of precarious employees. Based on the worker's
characteristics, the relatively higher percentage of precarious employees is found in male workers,
education level below high school, young workers, in rural areas, with previous work, and the
agricultural sector.
The micro and macro factors that consist of age, education level, urban-rural classification, previous
work status, employment sector of workers, GRDP of the industrial and construction sectors, and the
number of the labour force have a significant influence on the precarious status in Indonesia.
5.2. Suggestions
Based on the findings in this study, we recommend several suggestions. First, the government should
put more effort to increase the demand for domestic industrial products so that workers who work in the
industrial sector can have a higher chance of becoming permanent workers. For example, by providing
subsidies to industrial goods or training workers in the industrial sector to produce higher quality and
attractive products. In addition, the government may open up more labour-intensive jobs so that the
workforce can be absorbed in positions that potentially become decent jobs. By encouraging the creation
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of decent work, it is hoped that other development efforts can be achieved, such as alleviating poverty
and increasing welfare.
Second, the government should provide more accessible and cheaper access to education for the
community. Therefore, education in Indonesia can be better, for example, by building schools in remote
areas and giving universities educational subsidies so that universities' tuition fees are more accessible
to the community, especially people in the lower middle class.
Third, job seekers who want to enter the labour market should pay more attention to their human
capital investment, for example, through formal education. So that when entering the labour market, job
seekers have a greater opportunity to get a decent job. If it turns out that what is obtained is still an
unworthy job, it is hoped that the work you have can be used as a stepping stone to a better career.
Fourth, For the wider community, it is hoped that they will prefer domestic industrial products to
foreign products for consumption so that the demand for domestic goods has the potential to increase.
Fifth, future research may use a broader unit of analysis, for example, by including the entrepreneur
component and consider the use of other contextual/macro variables so that the study of precarious
employment can be more comprehensive.
Appendix
Appendix A. The output of the binary logistic regression model without random effects and without
explanatory variables.
> summary(model0)
Call:
glm(formula = precarious ~ 1, family = binomial(link = "logit"),
data = prec)
AIC: 267053
Number of Fisher Scoring iterations: 4
> logLik(model0)
'log Lik.' -133525.7 (df=1)

Appendix B. The output of the binary logistic regression model with random effects and without
explanatory variables (null model).
Generalized linear mixed
Approximation) ['glmerMod']

model

fit

by

maximum

likelihood

(Laplace

Family: binomial ( logit )
Formula: precarious ~ 1 + (1 | prov_id)
Data: prec
AIC
BIC
logLik deviance df.resid
263520.4 263540.8 -131758.2 263516.4
198069
Scaled residuals:
Min
1Q Median
3Q
Max
-1.7899 -1.1338 0.7063 0.8310 1.1023
Random effects:
Groups
Name
Variance Std.Dev.
prov_id
(Intercept) 0.08215 0.2866

Appendix C. Multilevel binary logistic regression output with random intercept and with explanatory
variables (conditional model).
> summary(model9)
Generalized linear mixed model fit by maximum likelihood (Laplace
Approximation) ['glmerMod']
Family: binomial ( logit )
Formula: precarious ~ sex + age + highschool + prevwork +
occupation + classific + ln_agricult + ln_indconst + ln_labourforce +
(1 | prov_id)
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Data: prec
AIC
BIC
logLik deviance df.resid
256999.7 257122.1 -128487.9 256975.7
198059
Scaled residuals:
Min
1Q Median
3Q
Max
-3.1689 -1.0504 0.6000 0.8324 1.4590
Random effects:
Groups
Name
Variance Std.Dev.
kode_prov (Intercept) 0.06786 0.2605
Number of obs: 198071, groups: kode_prov, 34
Fixed effects:
Estimate Std. Error z value Pr(>|z|)
(Intercept)
-1.429502
0.389478 -3.670 0.000242
sex1
-0.009203
0.010455 -0.880 0.378725
age1
0.343283
0.013049 26.308 < 2e-16
highschool1
0.227677
0.010875 20.936 < 2e-16
prevwork1
0.195824
0.009844 19.893 < 2e-16
occupation1
0.295053
0.011814 24.974 < 2e-16
occupation2
0.720044
0.016050 44.861 < 2e-16
classific1
0.203044
0.010304 19.706 < 2e-16
ln_agricult
0.010350
0.057108
0.181 0.856186
ln_indconst
-0.083409
0.047837 -1.744 0.081224
ln_labourforce
0.140486
0.062341
2.254 0.024226

***
***
***
***
***
***
***
.
*

--Signif. codes:

0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1
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Abstract. The Covid-19 pandemic requires the adjustment of new habits in daily life, including
in a series of data collection processes. One of the new adjustments is to use alternative types of
data collection other than face-to-face, such as the telephone and the web. Information collected
through telephone interviews is less accurate than the same information collected through faceto-face interviews, such as the level of non-response, consistency between entries, and outliers
in the data or often identified as missing values. Missing value will be very influential on data
quality when it appears on important variables. One of these variables is the Standard
Classification of Business Fields (KBLI). Imputation is one method that can be used to deal with
this problem. One method that is quite popular is Sequential Hot-deck Imputation. Therefore,
this study aims to facilitate the identification of 5-digit KBLI by utilizing the Sequential Hotdeck Imputation method. The results of this study indicate that the use of the Sequential Hotdeck Imputation method in the KBLI identification process gives very high accuracy results. In
addition, the use of this method is very efficient in the identification process, because the time
required is very short, even in large datasets.

1. Introduction
Since 2020, most countries in the world, including Indonesia, have experienced disasters caused by the
corona virus (Covid-19). The Covid-19 pandemic has affected various aspects of life, such as health,
education, social society, and the national and global economy. Thus, various efforts and policies began
to be carried out to overcome the impact of Covid-19. All efforts to adjust new habits are also carried
out in daily life, such as wearing masks, washing hands, and maintaining distance. Meanwhile, various
innovations and adjustments to the new normal life were also implemented by business entities, such as
market digitalization and others. National statistical agencies must also make adaptations to the activities
of the census and survey processes, such as finding alternative data collection modes, reducing sample
sizes, modifying sample designs, reducing question items in questionnaires, or others. There is 69
percent of national statistical agencies that stopped field data collection involving face-to-face
interviews [1].
Based on monitoring the state of statistical operations under the Covid-19 Pandemic [1], there are
three alternative types of data collection commonly used by national statistical agencies, including phone
survey, administrative data, and web surveys. Phone survey and web surveys as an alternative method
is a challenge for statistical institutions, such as the National Statistical Offices in Indonesia, BPSStatistics Indonesia. According to Biemer [2], phone survey may be affordable and timely, however,
data quality for some items may be inadequate. Biemer [2] explains that information collected through
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phone survey is, in some cases, less accurate than the same information collected through face-to-face
interviews, such as the level of nonresponse, consistency between entries, and outliers in the data. Batista
and Monard [3] explained that respondents who did not want to be interviewed or could not be found,
data were not recorded due to human errors, and equipment and application failures were the causes of
incompleteness or missing values in the data. In addition, according to Pearson (2005), missing values
can also appear in the form of outliers or values that are inconsistent with previous values, or
unreasonable entries in the data [4].
The problem of incompleteness in the observation unit can be handled by removing cases containing
missing values and then performing a weighting procedure to modify the weights to adjust for
nonresponse as if it were part of the data collection design. According to Little and Rubin [5], such
procedures are known as weighting procedures. However, for the case of missing values that occur in
question items, the handling of weighting procedures becomes less efficient because missing values only
occur in some question items. Deleting all items in the observation unit, of course, will result in the loss
of information that has been collected, reduce the amount of data, and make parameter estimation
inefficient. According to Little and Rubin [5], when missing values occur in question items, the
imputation method is a procedure that can be used to deal with this problem.
According to Biemer [2], missing values are found in almost all large-scale data collection efforts
and can be a problem in conducting surveys. Missing value will be very influential on the quality of the
data when it appears on important variables, such as the variables that are the basis for the sampling
design or estimation later. One of the important variables in many surveys conducted by the BPSStatistics Indonesia is the Indonesian Standard Classification of Business Fields (Klasifikasi Baku
Lapangan Usaha Indonesia/KBLI). KBLI is one of the standard classifications published by the BPS
for Indonesian economic activities. According to BPS [6], KBLI is used as a classification of economic
activity according to business field groups based on an activity approach, which emphasizes the process
of economic activity to produce goods/services, as well as a functional approach that looks at the
function of economic actors in using inputs such as labor, capital, and goods and services to create the
output of goods/services. The classification structure of economic activities at KBLI is consistent and
interconnected and based on internationally agreed concepts, definitions, principles, and classification
procedures. The basis for the preparation of the KBLI is the International Standard Industrial
Classification of All Economic Activities (ISIC), up to 4 digits, adjusted to the ASEAN Common
Industrial Classification (ACIC), and East Asia Manufacturing Statistics (EAMS), and has been
developed in detail up to 5 digits according to the economic activities involved has existed in Indonesia
since 1983 when Indonesian Classification of Business Fields (Klasifikasi Lapangan Usaha
Indonesia/KLUI) published.
KBLI has an important role in grouping businesses/companies in Indonesia according to certain
established rules or standards so they can be used for statistical administration, basic planning, policy
evaluation, and licensing. Several publications and outputs produced by BPS-Statistics Indonesia are
presented in the form of KBLI. For example, Micro and Small industry (Industri Mikro dan Kecil/IMK)
Index data and IMK Profile Publications are presented in the form of a 2-digit KBLI taken from the first
2 digits of the 5-digit KBLI [7]. The incorrect KBLI identification will affect the data output. Doing the
data pre-processing process manually is certainly very inconvenient, especially for data with many
observations. In addition to taking time, of course, it can also be prone to errors. Therefore, this study
aims to facilitate the identification of 5-digit KBLI by utilizing the algorithm of imputation method.
Many imputation methods exist. One method that is often used is the Hot-deck Imputation method.
This method is a refinement of the previous method, namely the mean imputation, especially in the
estimation of variance that is underestimated [8]. This method is more suitable for use on many types of
data because it can be used on various types of data, both numeric, category, and mixed data. Several
other studies discuss the use of this method. Pazanudin [9], discusses the comparison of Hot-deck and
missForest methods in data imputation. Then, Fadillah and Muchlisoh [10], discussed the comparative
analysis of the Hot-deck Imputation method and this method in overcoming missing values. Several
previous studies tried to compare the use of the Hot-deck Imputation method on numerical data.
However, the risk of missing values occurring in KBLI data (categorized data), will greatly affect the
output data. Therefore, this study aimed to apply the Sequential Hot-deck Imputation method for identify

735

I J Fadillah and C D Puspita

the KBLI and to analyze the accuracy and time performance generated by the Hot-deck Imputation
method in imputing KBLI data.
2. Methodology
2.1. Missing Value Handling Method
Several methods have been developed to handle missing values. Missing value handling methods can
be carried out starting from simple methods such as removing cases containing missing values to more
advanced methods based on inference and further modeling. According to Little and Rubin [5], one
method that can be used to deal with the problem of missing values is the Imputation-Based Procedures.
Imputation is a term that denotes the procedure of replacing a missing value in the data with some
reasonable value. A commonly used procedure for imputation is Hot-deck Imputation, in which the units
recorded in the sample are used to replace the values.
Hot-deck imputation involves replacing missing values with other values based on the concept of
similarity. Hot-deck imputation is one of the most popular imputation methods used. Despite their
popularity in practice, there is still a lack of literature on the theoretical properties of the various
methods. There are quite a few types of Hot-deck Imputation algorithms, but Andridge and Little [11],
explain that there are two types of Hot-deck Imputation methods that are often used, namely Random
Hot-deck Imputation and Sequential Hot-deck Imputation. This research will focus on the Sequential
Hot-deck Imputation algorithm.
In determining the donor, the Sequential Hot-deck Imputation method will sort the data using a
predictor variable, then the missing value will get the donor from the data of the previous or subsequent
periods. The predictor variable used is the variable that is assessed to be related to the variable to be
imputed [8]. Grau [12] explains that the data sorting process is selected based on the presence or absence
of a relationship between variables. For example, the data containing missing values (y) that has been
sorted by variable predictor (x) has a number of observations of 6. Then 3 of them are missing values,
where 𝑦1 , 𝑦4 , and 𝑦5 are valuable, while 𝑦2 , 𝑦3 , and 𝑦6 are missing. So, 𝑦2 , 𝑦3 are imputed by 𝑦1 , and
𝑦6 are imputed by 𝑦5 , whereas if the missing value case only occurs in 𝑦1 then some initial values may
be needed, they can come from previous survey records, or use the later available data values, namely
𝑦2 [13].
According to Batista and Monard [3], Hot-deck Imputation is implemented in two stages The first
stage is to partition the data into clusters and the second stage is to donate values that are considered to
have similar elements. The formation of clusters is done by sorting the data using predictor variables.
Then, after the data is sorted, the missing value will be imputed using the donor value. Donor values are
obtained based on variables that have similarities in the cluster or using data from the previous or
subsequent periods. However, this method has a weakness when the number of missing values is large
enough so that the value will be filled repeatedly which causes the estimation to be biased [8].
2.2. Analytical Method
The analysis used in this study was carried out in the form of a simulation. The simulation will be carried
out in three stages using the help of R software. The first stage is the formation of an empty dataset
which will later be identified. The formation of this dataset was carried out randomly at the levels of 10
percent, 20 percent, 30 percent, 40 percent, 50 percent, and 60 percent as research by Batista and Monard
[3]. The dataset that has been formed will then proceed to the second stage for the KBLI identification
process using the Sequential Hot-deck Imputation method. The third stage is data accuracy analysis. the
accuracy of the analyzed data sees how accurate the identification (prediction) results are with the actual
(actual) results. Hamner, et al [14] explains that accuracy is defined as the proportion of the actual
element which is equal to the corresponding element in the prediction. Mathematically formulated as
follows:
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𝑇𝑜𝑡𝑎𝑙 𝐼𝑛𝑐𝑜𝑟𝑟𝑐𝑒𝑡 𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛
× 100%
𝑇𝑜𝑡𝑎𝑙 𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛
𝐴𝑐𝑐𝑢𝑟𝑎𝑡𝑖𝑜𝑛 = 100 % − 𝐸𝑟𝑟𝑜𝑟 𝑅𝑎𝑡𝑒

𝐸𝑟𝑟𝑜𝑟 𝑅𝑎𝑡𝑒 =

(1)
(2)

The following is a flowchart that explain overview of these stages.
Start

Dataset
Deleting data at levels 10%,
20%, 30%, 40%, 50%, and 60%
Dataset that have Missing
Values
Imputation using The
Hot-Deck Imputation
Method
Result of Hot-Deck
Imputation data
Estimator accuracy and
running time analysis
Conclusion
Finish

Figure 1. Flowchart Simulation of Imputation Process.
The simulation process (stage 1 until stage 3) will be repeated 20 times. Then the results of each
simulation will be compared based on the accuracy of the KBLI identification and also the running time.
The KBLI identification will be seen on the 2-digit KBLI and 5-digit KBLI.
2.3. Data and Sources Data
The data used in this study is secondary data that sourced from the BPS Statistics Indonesia. The data
used is the 2020 Annual Micro and Small Industry Survey data from the BPS-Statistics Indonesia. As
for the observations in this study is the 5-digit KBLI Manufacture Industry. The variables used in this
study were 5-digit KBLI, the type of goods produced, and standard units. The 5-digit KBLI will be used
as a variable to be identified (imputed), while the type of goods produced and standard units will be
used as predictor variables.
3. Result and Discussion
3.1. General Overview of Micro and Small Industry Survey Data

737

I J Fadillah and C D Puspita

Data analysis in this study used 5-digit KBLI data for the Manufacture Industry. The amount of data
used is 76,689 records. Figure 2 describes the distribution of data according to the 2-digit KBLI. A total
of 27.09 percent of the data is KBLI 10, namely the Food Industry, followed by KBLI 16 which is the
Wood, Goods from Wood and Cork Industry (excluding furniture), Woven Goods from Rattan, Bamboo,
and the others at 14.17 percent and KBLI 23 which is the Non-Metal Mineral Industry by 10.27 percent.
Furthermore, simulations will be carried out in the KBLI identification process for 20 times repeatedly
for each level of the percentage of missing data created.

Figure 2. Percentage amount of data by 2-digit KBLI (percent).
3.2. Analysis of Imputation Results

Figure 3. Accuracy of the 2-digit KBLI
identification by missing data percentage.

Figure 4. Accuracy of the 2-digit KBLI
identification by missing data percentage.
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Figure 3 shows the accuracy of the 2-digit KBLI identification result by the Sequential Hot-deck
Imputation method. These results indicate that the accuracy by the Sequential Hot-deck Imputation
method in identifying 2-digit KBLI is very high, which is above 84 percent. The increased number of
identified data makes the accuracy level decrease for each percentage of missing data. However, even
so, the decreasing accuracy in the 2-digit KBLI identification is still quite low, at an average of 0.56
percent. At the percentage of missing data on 10 percent, the average accuracy is 87.44 percent. Then
the percentage of missing data is 20 percent, the accuracy decreases to 87.10 percent. At the percentage
level of missing data on 10-50 percent, the average decrease in accuracy tends to be stable at around
0.47 percent. However, when the number of missing data exceeds the number of available donors (60
percent missing data), the decrease in accuracy reaches 0.93 percent.
Based on the simulation results of the 2-digit KBLI identification, the increase in the number of data
identified in the dataset causes the accuracy of the Sequential Hot-deck Imputation method to decrease.
This is due to the increasing number of missing values, and the decreasing number of donors. The
decrease in accuracy is even more pronounced when the amount of data identified is above 50 percent
or more than the data that became donors in the KBLI identification process.
Figure 4 shows the accuracy of the 5-digit KBLI identification result. The figure shows the accuracy
produced by the Sequential Hot-deck Imputation method. These results indicate that the accuracy
generated by the Sequential Hot-deck Imputation method in identifying 5-digit KBLI is quite high,
which is above 67 percent. Similar to the results of the 2-digit KBLI identification, an increase in the
number of data identified makes the accuracy level produced decreases for each percentage of missing
data. However, in contrast to the 2-digit KBLI identification result, the 5-digit KBLI identification has
a greater decrease in accuracy for each percentage of missing data. It can be seen that the percentage of
missing data is 10 percent, the average accuracy produced is 71.23 percent. Then the percentage of
missing data is 20 percent and the accuracy decreases to 70.58 percent. At the percentage level of
missing data of 10-50 percent, the average decrease in accuracy tends to be stable at around 0.66 percent.
However, when the number of missing data exceeds the number of available donors (60 percent missing
data), the decrease in accuracy reaches 1.31 percent.
Based on the simulation results of the 5-digit KBLI identification, it can be seen that the increase in
the number of data identified in the dataset causes the accuracy of the Sequential Hot-deck Imputation
method to decrease. This decrease is quite large when compared to the 2-digit KBLI identification. The
decrease in accuracy is even more pronounced, when the amount of data identified is above 50 percent
or more than the donors data in the KBLI identification process.

Figure 5. Imputation time by missing data percentage.
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Figure 5 shows the imputation/running time required to identify the KBLI in the simulation process.
Overall, it can be seen that the imputation time required in the identification process using the Sequential
Hot-deck Imputation method is very fast. The time it takes to be under 1 second. Contrary to the results
in the previous discussion of accuracy, the imputation time required by the Sequential Hot-deck
Imputation method increases as the number of missing data increases. However, the increase that occurs
is not significant and is still in a short period of time. This shows that the Sequential Hot-deck Imputation
method is good for identifying large numbers of datasets and can also be done on data with a large
number of missing data, of course, taking into account the number of donors, which should not be less
than 50 percent of the amount of data to be identified.
Table 1. Result of the 5-digit KBLI accuracy, the 2-digit KBLI accuracy, and imputation time by
missing data percentage.
Result
Accuracy of the 5-digit KBLI
Accuracy of the 2-digit KBLI
Imputation time

Persentase missing data
10%

20%

30%

40%

50%

60%

0,712
0,874
0,075

0,706
0,871
0,093

0,701
0,866
0,125

0,693
0,861
0,126

0,686
0,856
0,149

0,673
0,846
0,185

Based on the results, further analysis can be carried out regarding of using the Sequential Hot-deck
Imputation method in the KBLI identification process. Table 1 shows that the Sequential Hot-deck
Imputation method produces good accuracy in the 2-digit KBLI identification process The accuracy of
the 5-digit KBLI identification is quite good, however, when the missing data is above 30 percent, it is
below 70 percent. According to the results, the Sequential Hot-deck Imputation method is very suitable
to be used for the identification of 2-digit KBLI, even though the missing data rate is quite high, of
course, taking into account the number of available donors. Meanwhile, for the 5-digit KBLI
identification process, the Sequential Hot-deck Imputation method is suitable for datasets with a
relatively smaller number of missing data, about 30 percent below the number of donors. Then, apart
from its accuracy, the Sequential Hot-deck Imputation method is very suitable to be used because the
running time required to the identification process is quite short, even on datasets with large amounts of
data.
4. Conclusion
Based on the simulation results and discussions that have been carried out the conclusions obtained in
this study indicate that using the Sequential Hot-deck Imputation method for the identification process
of KBLI is very precise, especially for the 2-digit KBLI identification that its accuracy is very high. For
the 5-digit KBLI identification, the results are quite good, but it becomes less good when the amount of
data identified is quite large. Determining the number of donors data is very important in the
identification process using this method. In addition, the use of the Sequential Hot-deck Imputation
method is very efficient for the identification process because the imputation time required is very short,
even in large datasets.
The use of the Sequential Hot-deck Imputation method can be used as an alternative in the data
identification process, especially in the data pre-processing stage, such as in the data imputation process
and data cleaning. In addition to its high accuracy, relatively short running time even on large data, it
can make the pre-processing stage of data faster and output data will be served faster.
References
[1] The Statistics Division of the United Nations Department of Economic and Social Affairs and the
World Bank's Development Data Group 2020 Monitoring the state of statistical operations
under the COVID-19 Pandemic access on 23 July 2021 via https://covid-19response.unstatshub.org/survey/covid-19-nso-survey-report-1.pdf
[2] Biemer P P and Lyberg L E 2003 Introduction to survey quality (New Jersey: John Wiley & Sons,

740

I J Fadillah and C D Puspita

[3]
[4]
[5]
[6]
[7]
[8]
[9]
[10]
[11]
[12]
[13]
[14]

Inc.)
Batista, Gustavo E. A. P. A. Maria Carolina Monard 2002 A Study of K-Nearest Neighbour as an
Imputation Method. Second International Conference on Hybrid Intelligence, 8
Luengo J 2011 Missing valuess in Data Mining access on 23 July 2021 via
http://sci2s.ugr.es/MVDM/index.php
Little R J A and Rubin D A 2002 Statistical Analysis with Missing Data 2 ed. (New York: John
Willey and Sons)
BPS Statistics Indonesia 2020 Indonesian Standard Classification of Business Fields (KBLI) 2020
access on 23 July 2021 via https://bps.go.id/website/fileMenu/KBLI-2020.pdf
BPS Statistics Indonesia 2019 BPS KBLI and the Boundary Case of the 2019 Quarterly Micro
and Small Industry Survey (Jakarta: BPS)
Hendrawati T 2015 Study of Imputation Methods in Handling Missing Data Proceedings of The
National Mathematics and Mathematics Education UMS Seminar (Surakarta: Muhammadiyah
Surakarta University)
Pazanudin A F 2017 Study of Missing Data: Comparison of Hot-deck Method and MissForest in
Data Imputation (Jakarta: STIS)
Fadillah I J and Muchlisoh S 2019 Comparison of Hot-deck Imputation Method and KNNI Method
in Handling Missing Values Proceedings of The Official Statistics National Seminar 2019
STIS access on 23 July 2021 via https://doi.org/10.34123/semnasoffstat.v2019i1.101
Andridge Rebecca R and Little Roderick J A 2010 A Review of Hot Deck Imputation for Survey
Non-response 78(1), 40-46
Grau E A, Frechtel P A, Odom D M, and Painter D 2004 A simple evaluation of the imputation
procedures used in nsduh (Toronto: American Statistical Associatio)
Fadillah I J 2019 Comparison of Hot-deck Imputation Method and K-Nearest Neighbor
Imputation Method in Handling Missing Values (Jakarta: STIS) p 90
Hamner, Ben., Frasco, Michael., and LeDell, Erin 2018 Metrics Packages, The R Jornal access
on 7 July 2021 via https://cran.r-project.org/web/packages/Metrics/Metrics.pdf

741

D D Saputra

Demographics Characteristics of Smoker in Poor Households
in Riau Islands Province
D D Saputra
Badan Pusat Statistik Kabupaten Bintan, Toapaya, Bintan, Indonesia
*Corresponding author’s e-mail: dio.saputra@bps.go.id
Abstract. Smoking habits in Indonesia have been formed since the colonial era. Smoking habits
that need attention are in poor households. In 2020, Riau Islands Province as the one of youngest
provinces in Indonesia has a smoking prevalence of 26.16% and the percentage of poor people
is 5.92%. This condition is the basis for researchers to conduct a study that aims to determine
the demographics characteristics of smokers. This study uses raw data from the National SocioEconomic Survey (SUSENAS) in Riau Islands Province in March 2020. The variables used are
smoking status, gender, age group, education level, region, and recent migrant. The output of the
processing stage is that the prevalence of smoking will be greater in the male population (OR =
132.04), the age group of 46-65 (OR = 4.77), the age group of 66 and over (OR = 2.11), the
junior high school level (OR = 4.66), the senior high school level (OR = 5.98), the college level
(OR = 3.13), living in the urban area (OR = 1.22) and the recent migrant (OR = 3.12). Thus, it is
necessary to make a specific policy following the above characteristics in reducing smoking
habits among poor households.

1. Preface
Cigarettes have become a health problem for almost all countries in the world, including Indonesia. The
content of additives in it, makes smokers addicted and difficult to escape from smoking habits. Tobacco
which is the main ingredient of cigarettes has quite a lot of substances that are harmful to health. Based
on the results of previous research, the chemical content of tobacco that has been identified reaches
2,500 components, while in cigarette smoke there are 4,800 kinds of components [1]. From these
chemical components that have been identified that are harmful to health are tar, nicotine, CO, and NO
gases produced by tobacco plants, and some residual materials formed during planting, processing, and
serving in trade, namely fertilizer and pesticide residues, TSNA (tobacco-specific nitrosamine), Bap
(benzo-a-pyrene) and NTRM (non-tobacco related material).
In Indonesia, smoking was brought by the colonizers from Europe. The people of the archipelago,
who previously had a tradition of chewing betel nut, considered the tradition of smoking tobacco as a
new drug adopted from western society and then localized by adding various kinds of sauces and cloves
to produce completely new products and customs [2]. This is not found anywhere, including in European
communities and indigenous people of the Caribbean Islands and mainland America as the origin of this
custom.
The description of smoking habits in Indonesia has been widely published by researchers, both in the
form of books and scientific journals. One of the publications related to Indonesia’s smoking habit is
Atlas Tembakau Indonesia 2020. Some data presented in the book show that in 2018 the average
prevalence of smokers of the population 15 years old and overreached 32.2% and as many as 52.1% of
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smokers started smoking habits at the age of 15-19 years old. In addition, there has been a shift in the
causes of death in Indonesia. Since 2017, the highest contributor to death has been non-communicable
disease, in which the risk factor is behavior or lifestyle, one of which is smoking [3].
In addition to causing health problems, smoking habits also have an impact on the level of the
economy. Bazotti et al examine the characteristics of the Brazilian population who spend their money
on tobacco products. The variable used in their study were gender, education level, age (above 14 years),
income level, region, and ethnicity [4]. Using a dataset from Brazil’s Family Budgets Survey 20082009, it was found that on average, 10% of Brazilians spend their money on tobacco products. In
addition, the characteristics of this population are older, lower-income, and less educated when
compared to those who do not consume tobacco. This population also spends 1.5% of its family budget
on buying tobacco products.
Haustein’s research examines smoking and poverty. The results of his research stated that poor
people spend up to 20% of their income on tobacco consumption (cigarettes) [5]. In addition, in many
industrialized countries, the age at starting smoking is younger, which will increase the risk of
developing smoking-related diseases. Research by Hosseinpoor et al analyzes the magnitude and pattern
of socioeconomic inequality of smokers in low and middle-income countries. The results show that in
many countries the poorest male population is 2.5 times more likely to smoke than the richest male
population [6]. A smoker will also have the opportunity to be poor 8 times if the surrounding
environment supports him to smoke [7].
Then, a study from Flint & Novotny uses the variables of sex, age, education, race, employment
status, marital status, and geographic area in analyzing the independent relationship between poverty
status and prevalence for smoking or quitting smoking in the United States in 1983-1993 resulted in the
conclusion, people who are below the poverty line will be more likely to become current smokers than
those who are in the poverty line or above. Poverty can be an indicator of lack of participation in
changing social norms related to smoking behavior today [8].
Researchers have also studied the prevalence of smoking on migrant status. Hou et al stated that
migrants returning to rural areas and migrants returning to urban areas were more likely to start smoking
and less likely to quit smoking compared to non-migrant groups [9]. Meanwhile, research by Tong et al
found that migrants tend not to start smoking and are less likely to become persistent smokers [10].
Bosdriesz et al also mention that the prevalence of smoking among migrants is lower than the group
born in the United States and their country of origin [11].
Riau Islands Province (Kepri) as one of the youngest provinces in Indonesia has a fairly low average
prevalence of smokers aged 15 years old and over. Based on data from Badan Pusat Statistik (BPS), in
2020 Riau Islands Province occupies the lowest position of the prevalence of smokers aged 15 years old
and over among other provinces on the Sumatera Island, which is 26.16%. When viewed from the side
of spending on cigarette consumption (in this case grouped into tobacco and betel nut), households in
Riau Islands Province spend an average of 9.6% of their income on buying cigarettes. Meanwhile, if
you look at the poverty level in the Riau Islands Province, the conditions are also better than other
provinces on Sumatera Island. In the first semester of 2020, the percentage of poor people in Riau Islands
Province was 5.92%, which put Riau Islands Province in the second-lowest position among other
provinces on the Sumatera Island.
Based on the description above, this study aims to describe the demographic and economic
characteristics of smokers in poor households in the Riau Islands Province. What are the characteristics
of smokers in poor households in the province which generally have a low smoking prevalence and
poverty rate.
2. Method
The data used in this study is raw data from the processing of the National Socio-Economic Survey
(SUSENAS) in Riau Islands Province in March 2020. SUSENAS is a survey conducted by Badan Pusat
Statistik (BPS) and is designed to collect population social data that is relatively very broad. The data
collected in SUSENAS concerns the fields of education, health/nutrition, housing, other socio-economic
aspects, socio-cultural activities, household consumption/expenditure and income, travel, and public
opinion regarding the welfare of their household. The sampling design used in the SUSENAS is divided
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into two, namely for district/municipality estimates and province estimates. Estimation of
district/municipality using the two stages one phase stratified sampling and estimation of the province
using two stages stratified sampling. The number of samples in the SUSENAS March 2020 are 345,000
households and for the Riau Islands Province, the number is 4,250 households. But from the target of
households sample, only 4,114 households were declared clean and can be processed by the weighting
factor using the population of March 2020 for the estimation of the district/municipality.
This study uses two analytical methods, namely descriptive and inferential analysis methods.
Descriptive analysis is used to briefly describe the variables used in the study. While inferential analysis
is used in binary logistic regression. This analysis is used to see the relationship between the dependent
variable and a group of independent variables [12]. The difference between the linear regression model
and the logistic regression model is that the dependent variable in the logistic regression is
dichotomous/binary. The binary logistic regression model used is as follows.
π(𝑥)
𝑔(𝑥) = 𝑙𝑛 [
]
1 − π(𝑥)

(1)

= β0 + β𝑖 𝑥𝑖
Description:
𝑔(𝑥) = logit n(x)
𝜋(𝑥) = probability to smoke
𝛽0
= constant
𝛽𝑖
= parameters to be estimated
𝑥
= independent variables
𝑖
= number of independent variables
The general method of binary logistic regression estimation is maximum likelihood estimation. In a
general sense, the method of maximum likelihood yields values for the unknown parameters that
maximize the probability of obtaining the observed set of data [12]. As the observations are assumed to
be independent, the likelihood function is obtained as follows.
𝑛

𝑙(β) = ∏ π(𝑥𝑖 )𝑦𝑖 [1 − π(𝑥𝑖 )]1−𝑦𝑖

(2)

𝑖=1

Description:
𝑙(𝛽) = likelihood function for β parameter
𝜋(𝑥𝑖 ) = probability to smoke
𝑦𝑖
= value of dependent variables (0 or 1)
𝑥𝑖
= independent variables
𝑖
= number of independent variables
The principle of maximum likelihood states that we use as our estimate of β the value that maximizes
the expression in equation (2). However, it is easier to work with the log. So, the log-likelihood is defined
as follows.
𝑛

𝐿(β) = 𝑙𝑛[𝑙(β)] = ∑{𝑦𝑖 𝑙𝑛[π(𝑥𝑖 )] + (1 − 𝑦𝑖 )𝑙𝑛[1 − π(𝑥𝑖 )]}

(3)

𝑖=1

This study only limits the analysis to poor households, namely households that have an average
monthly expenditure per capita below the poverty line. The poverty line is calculated by adding up the
value of the minimum need for food which is equivalent to 2,100-kilocalories per capita per day (Food
Poverty Line) and the minimum need for housing, clothing, and health (Non-Food Poverty Line) [13].
The variables used are smoking status as the dependent variable, then gender, age group, education level,
region, and recent migrant as independent variables. Age group variable in this study using the
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classification of the Indonesian Department of Health (5-11 is child, 12-25 is teenager, 26-45 is adult,
46-65 is elderly, and 66+ is senior). Table 1 shows a breakdown of the categories of each variable.
Table 1. Categories of dependent and independent variables
Variables

Question on Form

Categories

Smoking status (Y)

P. 1206

1 = Smoking every day or sometimes
0 = Others

Gender (X1)

P. 405

1 = Male
0 = Female

Age Group (X2)

P. 407

1
2
3
4
5

=
=
=
=
=

5 – 11 years old
12 – 25 years old
26 – 45 years old
46 – 65 years old
66 years old and above

Education Level (X3)

P. 615

1
2
3
4

=
=
=
=

Primary level
Junior high level
Senior high level
College level

Region (X4)

P. 105

1 = Urban
0 = Rural

Recent Migrant Status (X5)

P. 604 & P. 605

1 = Recent Migrant
0 = Others

The data processing stage starts from sorting the entire sample, namely by selecting only poor
households. The number of samples of poor households is 359 households. While the number of
individuals is 1,697 people. Furthermore, from the sample that has been selected, deletion is carried out
for individuals under 5 years old. This is because point 615 on the SUSENAS questionnaire is only
asked for household members aged 5 years and over. And the final sample used in this study is 1,508
people.
3. Discussion

3.1. Socio-economic characteristics of smokers in the Riau Islands Province

Before analyzing the binary logistic regression model, the research data was first carried out with
descriptive analysis. Weighting is also applied before processing, both descriptive and inferential. The
researcher uses a weighting because to obtain the results of the analysis at the population level. Figure
1 shows the percentage of smokers aged 5 years and over in poor households in the Riau Islands
Province.
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15.1%

84.9%

Smokers

Non-smokers

Source: Data processing results of SUSENAS March
2020
Figure 1. The percentage of smokers aged 5 years and
over in poor households in the Riau Islands Province,
March 2020
Based on Figure 1, it can be seen that in poor households in the Riau Islands Province, the percentage
of the population who smokes and is aged 5 years and over is 15.1%. In addition, the characteristics of
the population in the poor household aged 5 years and over can be seen in Table 2.
Table 2. Characteristics of the population in the poor household aged 5 years and over in Riau Islands
Province, March 2020
Variables

Categories

Percentage

Total

Gender (X1)

Male
Female

51.8
48.2

100

Age Group (X2)

5 – 11 years old
12 – 25 years old
26 – 45 years old
46 – 65 years old
66 years old and above

23.7
23.5
33.4
14.5
4.9

100

Primary level
Junior high level
Senior high level
College level

67.5
12.4
18.8
1.4

100

Urban
Rural

79.0
21.0

100

1.4
98.6

100

Education Level (X3)

Region (X4)
Recent Migrant Status (X5)

Recent migrant
Others
Source: Data processing results of SUSENAS March 2020

Based on Table 2, it can be seen that the population aged 5 years old and over in poor households is
dominated by the male population (51.8%). Then, the population in poor households is on average 26-

746

D D Saputra

45 years old (33.4%), low education (67.5%), and living in urban areas (79%). In addition, the
population in poor households is not recent migrants (98.6%).
Table 3. The percentage of smokers on the characteristics of the population in the poor household aged
5 years and over in Riau Islands Province, March 2020
Percentage
Variables

Categories

Smokers

Nonsmokers

Total

Gender (X1)

Male
Female

28.7
0.5

71.3
99.5

Age Group (X2)

5 – 11 years old
12 – 25 years old
26 – 45 years old
46 – 65 years old
66 years old and above

0.0
7.0
30.1
19.2
12.9

100.0
93.0
69.9
80.8
87.1

100
100
100
100
100
100
100

Education Level (X3)

Primary level
Junior high level
Senior high level
College level

13.1
19.0
20.1
9.3

86.9
81.0
79.9
90.7

100
100
100
100

Region (X4)

Urban
Rural

15.9
12.1

84.1
87.9

100
100

21.7
15.0

78.3
85.0

100
100

Recent Migrant Status
(X5)

Recent migrant
Others
Source: Data processing results of SUSENAS March 2020

Table 3 shows the percentage of smokers on the characteristics of the population in poor households
aged 5 years old and over. From Table 3, it can be seen that in poor households, the male population is
more likely to smoke. Then, the population in the range of 26-45 years old (adults), education in senior
high school, and living in urban areas tend to be smokers. In addition, recent migrants in poor households
also tend to smoke.
3.2. Binary-logistic regression analysis for socio-economic characteristics of smokers in the Riau
Islands Province
After conducting a descriptive analysis, the next step is to analyze a binary logistic regression to find
out more about the tendency of each independent variable to influence the decision to smoke. However,
first, the parameter estimator will be tested simultaneously. The test used is the Omnibus Test. the
purpose of this test is to determine the effect of all independent variables on the dependent variables
simultaneously. The null hypothesis for this test is that there is no independent variable that can explain
the prevalence to smoke in poor households in Riau Islands Province.
Table 4. The output of Omnibus Tests of Model Coefficients
Step
Step
Block
Model

Chi-square

df

45291.495
45291.495
45291.495

10
10
10

Sig.

0.000
0.000
0.000
Source: Data processing results of SUSENAS March 2020
Step 1
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Based on Table 4, it can be seen that the significance value is smaller than alpha (0.000 < 0.05), so
the decision is rejecting H0, meaning that there is at least one independent variable that can explain the
prevalence to smoke in poor households in Riau Islands Province.
After that, the Goodness-of-Fit test was carried out using the Hosmer and Lemeshow Test. This test
aims to see whether the model formed is fit or not. The null hypothesis for this test is the model formed
is fit.
Table 5. The output of Hosmer and Lemeshow Test
Step

Chi-square

Df

Sig.

1133.929
8
1
0.000
Source: Data processing results of SUSENAS March 2020
The output of the Hosmer and Lemeshow test as shown in Table 5 shows that the significance value
is smaller than alpha (0.000 < 0.05), so the decision is rejecting H0, meaning that the model formed does
not fit. Some researchers stated that there were several conditions where the binary logistic regression
model tested was not fit, one of which was a large number of samples as in this study. When the sample
size is very large, however, even minuscule discrepancies could lead to the rejection of the null
hypothesis in the Hosmer-Lemeshow (HL) goodness-of-fit test for the logistic regression model [14].
The goodness-of-fit test should be considered as just one of several tools for assessing goodness-of-fit
[15].
Therefore, the researchers tried to look at other alternatives in assessing the binary logistic regression
model that was formed, namely by using a classification table. This table is used because it has
similarities with the Hosmer and Lemeshow test. The Hosmer-Lemeshow goodness-of-fit test is used to
assess whether the number of expected events from the logistic regression model reflects the number of
observed events in the data [16]. While the classification table presents the degree to which predicted
probabilities agree with actual outcomes [17].
Table 6. Classification Table
Predicted
Observed

Step 1

Smoking status

Smokers
Non-smokers

Smoking status
Smokers Non-smokers
6533
11521
93895
7731

Percentage
Correct
63.8
92.4
88.1

Overall Percentage
Source: Data processing results of SUSENAS March 2020

Table 6 shows a good overall correct prediction percentage, which is 88.1%. With the classification
table, sensitivity, specificity, false positive, and false negative can be measured [17]. Sensitivity
measures the proportion of correctly classified events, whereas specificity measures the proportion of
correctly classified non-events.
After that, the next step is to do a partial test, namely by using the Wald test. This test is used to see
which independent variables have a significant effect on smokers in poor households in the Riau Islands
Province, as a dependent variable. These partial test results can be seen in Table 7.
Table 7. The output of Partial Test
Independent Variables
Gender*

β Coefficient
4.883

S.E.
0.061

Wald

df

Sig.

6335.721

1

0.000
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Independent Variables

β Coefficient

Age Group (5-11)*
Age Group (12-25)
Age Group (26-45)*
Age Group (46-65)*
Age Group (>=66)*

S.E.

Wald

df

Sig.

-19.154
-0.964
1.563
0.746

210.776
0.050
0.046
0.048

7923.506
0.008
378.702
1177.919
239.095

4
1
1
1
1

0.000
0.928
0.000
0.000
0.000

Education Level (Primary)*
Education Level (Junior high)*
Education Level (Senior high)*
Education Level (College)*

1.539
1.788
1.140

0.097
0.100
0.098

612.760
252.691
321.193
136.496

3
1
1
1

0.000
0.000
0.000
0.000

Region*

0.201

0.028

51.630

1

0.000

Recent Migrant Status*

1.138

0.099

132.157

1

0.000

Constant*
-7.678
0.125
* = significant variables
Source: Data processing results of SUSENAS March 2020

3795.779

1

0.000

Based on Table 7, it can be seen which independent variables significantly affect the dependent
variable. This can be seen from the significance value is smaller than alpha (0.000 < 0.05). So, that it
can be concluded that the independent variables that have a significant effect on smokers in poor
households in the Riau Islands ate gender, age group (categories: 5-11, 26-45, 46-65, and >=66), an
education level (all categories), region and recent migrant status. It can be said that almost all
independent variables have a significant effect, except the age group variable with categories 12-25
years old.
Then, the most important of logistic regression analysis is the interpretation of the odds ratio. The
odds ratio is a measure of association between an exposure and an outcome [18]. Table 8 shows the odds
ratio of each significant independent variable along with the value of the confidence interval.
Table 8. The output of Odds Ratio and Confidence Interval
Significant Independent Variables

Odds Ratio/Exp (β)

95% CI for Exp (β)
Lower

Upper

132.041
0.381
4.771
2.109

117.081
0.346
4.364
1.919

148.911
0.420
5.216
2.318

Education Level (Junior high)
Education Level (Senior high)
Education Level (College)

4.661
5.976
3.127

3.855
4.915
2.583

5.635
7.266
3.787

Region

1.223

1.158

1.292

Recent Migrant Status
3.121
Source: Data processing results of SUSENAS March 2020

2.570

3.789

Gender
Age Group (26-45)
Age Group (46-65)
Age Group (>=66)

From the output of odds ratio, it can be seen that the risk of the male population in a poor household
in the prevalence of smoke is 132 times greater than the female population. However, the value of this
odds ratio can be said to be very large. The cause of the large value of the odds ratio is from the sample
taken. There is 750 female population in the sample, but only 4 women smoked. This condition is in
line with research from Syamlal et al which states that women had a lower prevalence of smoking than
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men, especially among working adults [19]. Bazotti et al also stated that in the Brazilian smoking
population, men are predominant in all the age groups [4].
Then, the risk of the population 46 years old and over in poor households in the prevalence to smoke
is greater than population 5-11 years old (child). 4.77 times to age group 46-65 years old and 2.11 times
to age group 66 years old and over. This is following the condition in Indonesia in general. People will
smoke more often as they get older. And start smoking habits in the age group of children or adolescents.
However, the risk for smoking in the age group 26-45 years old is smaller than the age group 5-11 years
old, which is 0.38 times.
It is quite interesting in the education level variable. The risk of a population in a poor household
with a minimum education level of junior high school in the prevalence of smoke is greater than those
with low-level education. 4.66 times to junior high school level, 5.98 times to senior high school level,
and 3.13 times to college level. Whereas some researchers state that higher education is always
associated with the prevalence of not smoking [20-23]. However, other researchers found a novelty that
is in line with the results of this study, where the prevalence of smoking in the highly educated
population is higher than the low educated population [24-26]. The increasing prevalence at the high
education level can be caused, one of which is a lack of education and health literacy [26]. Although the
education obtained is high, but still lacking in health education, it can increase the risk for smoking.
Next, the risk of the population in poor households living in urban areas in the prevalence of smoke
is 1.22 times greater than living in rural areas. A study from Idris et al also concluded that in most
countries, smoking prevalence was highest in urban areas, and increased with urbanization [27].
The risk of the population in poor households and their status as a recent migrant in the prevalence
to smoke is 3.12 times greater than non-recent migrants. This result is in line with a study from Liu et
al who state that the migratory history was positively associated with current smoking behavior [28].
4. Conclusion
Smoking habits in Indonesia have been formed in the past. Starting from the colonial era until now,
smoking seems to have become a culture in society. Even though there have been so many studies related
to the adverse effects of smoking, both from the social, economic, and health aspects.
Riau Islands Province as one of the youngest provinces in Indonesia has a smoking prevalence in the
population aged 15 years and over which is 26.16%. Although this condition is considered to be better
than other provinces on Sumatera Island, it is still necessary to conduct research related to the
characteristics of smokers in the Riau Islands province. This study focuses on the smoking habit of the
population in poor households for cigarette consumption is still quite high. On the other hand, the budget
used for smoking should be diverted to better nutrition so that they can get prosperity.
This research method uses descriptive and inferential analysis. The result of the descriptive analysis
shows that the percentage of smokers is greater in males, aged 26-45 years old, with a senior high school
level, living in urban areas and as a recent migrant. While the results of inferential analysis using binary
logistic regression analysis showed that of all the independent variables used, there was only one
variable that was not significant, namely the age group variable (12-25 years old). From the results of
binary logistic regression analysis, the prevalence for smoking in the population aged 5 years old and
over in poor households will be greater in the male population (OR = 132.04), the age group of 46-65
years old (OR = 4.77), the age group of 66 years old and over (OR = 2.11), the junior high school level
(OR = 4.66), the senior high school level (OR = 5.98), the college level (OR = 3.13), living in the urban
area (OR = 1.22) and the recent migrant (OR = 3.12).
The results of this study can be used as recommendations for policymakers to provide special
treatment to poor households in reducing their cigarette consumption and divert them to meet their
nutritional needs. Then, more specific policies can be made for each character that has a greater
prevalence of smoking. For example, by increasing health education for the population with higher
education. Then, for the young age group to be massively socialized about the negative effects of
smoking, so that it can reduce the opportunity to smoke in old age.
Suggestion for further study is the other independent variables can be added, especially economic
variables/characteristics, so the information on the characteristics of smokers obtained can be more
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complete. In addition, comparisons can be made with other provinces on the Sumatera Island or
compared with different years.
References
[1] Tirtosastro S and Murdiyati A S 2010 Buletin Tanaman Tembakau, Serat dan Minyak Industri
Kandungan kimia tembakau dan rokok 2 33
[2] Sunaryo T 2013 Kretek Pusaka Nusantara (Jakarta: Serikat Kerakyatan Indonesia) p 31
[3] TCSC I 2020 Atlas Tembakau Indonesia 2020 (Jakarta Pusat: TCSC IAKMI) p 10
[4] Bazotti A, Finokiet M, Conti I L, Franca M T A and Waquil P D 2016 Ciencia & Saude Coletiva
Smoking and poverty in Brazil: an analysis of the profile of the smoking population 21 45
[5] Haustein K 2006 Euro. J. of Cardio. Preven. and Rehab. Smoking and poverty 13 312
[6] Hosseinpoor A R, Parker L A, Espaignet E T and Chatterji S 2012 Plos One Socioeconomic
inequality in smoking in low-income and middle-income countries: results from the world
health survey 7 1
[7] Sari P K and Seftarita C 2018 J. Ilmiah Mahasiswa Ekonomi Pembangunan FEB Unsyiah Analisis
konsumsi rokok pada rumah tangga miskin dan tidak miskin di Kabupaten Aceh Besar 3 315
[8] Flint A J and Novotny T E 1997 Tobacco Control Poverty status and cigarette smoking prevalence
and cessation in United States, 1983-1993: the independent risk of being poor 6 14
[9] Hou B, Nazroo J, Banks J and Marshall A 2018 Frontiers in Public Health Migration status and
smoking behaviors in later-life in China – evidence from the China health and retirement
longitudinal study 6 1
[10]
Tong E, Saito N, Tancredi D J, Borges G, Kravitz R L, Hinton L, Aguilar-Gaxiola S, MedinaMora M E and Breslau J 2012 Ame. J. of Public Health A transnational study of migration
and smoking behavior in the Mexican-origin population 102 2116
[11] Bosdriesz J R, Lichthart N, Witvliet M I, Busschers W B, Stronks K and Kunst A E 2013 Plos
One Smoking prevalence among migrants in the US compared to the US-born and the
population in countries of origin 8 1
[12] Hosmer D W, Lemeshow S and Sturdivant R X 2013 Applied Logistic Regression Third Edition
(New Jersey: John Wiley & Inc) p 1
[13] Badan Pusat Statistik 2020 Welfare Indicators 2020 (Jakarta: BPS RI) p 150
[14] Chen L C and Wang J Y 2020 Wiley Biometrics Discussion of “assessing the goodness-of-fit of
logistic regression models in large samples: a modification of the Hosmer-Lemeshowtest,” by
Giovanni Nattino, Michael L. Pennell, and Stanley Lemeshow 76 569
[15] Fagerland M W and Hosmer D W 2012 The Stata J. A generalized Hosmer-Lemeshow goodnessof-fit test for multinomial logistic regression models 12 452
[16] Guffey D 2012 Hosmer-Lemeshow goodness-of-fit test: Translations to the Cox Proportional
Hazard Model (Thesis) (Washington: University of Washington) p 2
[17] Boateng E Y and Abaye D A 2019 J. of Data Analys. and Inform. Process. A review of the logistic
regression model with emphasis on medical research 7 202
[18] Szumilas M 2010 J. Can. Acad. Child Adolesc. Psychiatry Explaining odds ratios 19 227
[19] Syamlal G, Mazurek J M and Dube S R 2014 Am. J. Prev. Med. Gender differences in smoking
among U.S. working adults 47 474
[20] Assari S and Mistry R 2018 Int. J. Environ. Res. Public Health Educational attainment and
smoking status in a national sample of American adults; evidence for the blacks’ diminished
return 15 767

751

D D Saputra

[21] Urban R, Kugler G, Olah A and Szilagyi Z 2006 Nicotine & Tobacco Research Smoking and
education: do psychosocial variables explain the relationship between education and smoking
behavior? 8 571
[22] Tomioka K, Kurumatani N and Saeki K 2020 J. Epidemiol. The association between education
and smoking prevalence, independent of occupation: a nationally representative survey in
Japan 30 140
[23] Gilman S E, Martin L T, Abrams D B, Kawachi I, Kubzansky L, Loucks E B, Rende R, Rudd R
and Buka S L 2008 Int. J. Epidemiol. Educational attainment and cigarette smoking: a causal
association? 37 621
[24] Zhu B P, Giovino G A, Mowery P D and Eriksen M P 1996 Ame. J. of Public Health The
relationship between cigarette smoking and education revisited: implications for categorizing
persons’ educational status 86 1587
[25] Xu X, Liu L, Sharma M and Zhao Y 2015 Int. J. Environ. Res. Public Health Smoking-related
knowledge, attitudes, behaviors, smoking cessation idea and education level among young
adult male smokers in Chongqing, China 12 2146
[26] Xu X, Rao Y, Wang L, Liu S, Guo J J, Sharma M and Zhao Y 2017 Tobacco Induced Diseases
Smoking in pregnancy: a cross-sectional study in China 15 40
[27] Idris B 1 et al 2007 Health & Place Higher smoking prevalence in urban compared to non-urban
areas: time trends in six European countries 13 708
[28] Liu Y et al 2015 BMC Public Health Determinants of tobacco smoking among rural-to-urban
migrant workers: a cross-sectional survey in Shanghai 15 138
Acknowledgments
The researcher is grateful for all of the staff in Badan Pusat Statistik of Bintan Regency and Badan Pusat
Statistik of Riau Islands Province who contributed to data collection and dissemination.

752

T Rhaudatunnisa and N Wilantika

Performance Comparison of Hot-Deck Imputation, K-Nearest
Neighbor Imputation, and Predictive Mean Matching in
Missing Value Handling, Case Study: March 2019 SUSENAS
Kor Dataset
T Rhaudatunnisa1, N Wilantika1
1

Politeknik Statistika STIS, Jakarta, Indonesia

*Corresponding author’s e-mail: 221710035@stis.ac.id
Abstract. Missing value can cause bias and makes the dataset not represent the actual situation.
The selection of methods for handling missing values is important because it will affect the
estimated value generated. Therefore, this study aims to compare three imputation methods to
handle missing values—Hot-Deck Imputation, K-Nearest Neighbor Imputation (KNNI), and
Predictive Mean Matching (PMM). The difference in the way the three methods work causes the
estimation results to be different. The criteria used to compare the three methods are the Root
Mean Squared Error (RMSE), Unsupervised Classification Error (UCE), Supervised
Classification Error (SCE), and the time used to run the algorithm. This study uses two pieces of
analysis, comparison analysis, and scoring analysis. The comparative analysis applying a
simulation that pays attention to the mechanism of missing value. The mechanism of the missing
value used in the simulation is Missing Completely at Random (MCAR), Missing at Random
(MAR), and Missing Not at Random (MNAR). Then, scoring analysis aims to narrow down the
results of comparative analysis by giving a score on the results of the imputation of the three
methods. The result suggests Hot-Deck Imputation is the most excellent in dealing with a missing
value based on the score.

1. Introduction
In the data production process, a dataset needs to go through pre-processing first before it is carried out
for further analysis. One process that is quite important in data pre-processing is data cleaning. The data
cleaning process aims to reduce the impact of data that does not meet the data normality requirements,
such as value inconsistencies, noise, and data incompleteness. One of the topics that are quite a lot raised
in data cleaning is missing value [1]. As stated in [2], a missing value is a value that is not available for
an object. Missing values are divided based on the pattern and the type of missing[3]. Based on its type,
the missing value is divided into three:
1. Missing at Random (MAR)
MAR is a mechanism for missing data distributed randomly for some units of observation. In
other words, MAR means missing data is only related to the response/observation variable.
2. Missing Completely at Random (MCAR)
MCAR is a mechanism for missing data that is randomly distributed for all observation units. In
other words, MCAR means that missing data is not related to the values of all variables. Whether
they are variables with missing values or observed variables, it means that missing data occur
randomly.
3. Missing Not at Random (MNAR)
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MNAR mechanism for missing data that is not randomly distributed. In other words, Missingness
Is Non-Ignorable that the occurrence of missing data on a variable is related to the variable itself,
so it cannot be predicted from other variables in a dataset.
There are so many causes of the missing value in a dataset, such as a difficulty to meet the
respondents, data not recorded by officers, errors in the application or equipment used, and otherwise[4].
Missing value can appear as an outlier or inconsistent value from the previous value or an abnormal
entry in the data[1]. Missing value basically will not be a problem for the accurate data, especially if the
amount is only a little, for example, only 1% of all data. However, in reality, the missing value in the
data has a relatively large percentage. The phenomenon of missing value is often found in surveys. Nonresponse is one of the biggest reasons for missing values in the dataset [5]. Several problems are related
to missing values, ranging from loss of efficiency, complications in handling and analyzing data, to the
problem of bias generated between data containing missing values and complete data[6]. The impact of
missing values is that the data will be biased and not represent the actual situation.
To avoid problems caused by missing values, researchers usually use several methods to handle
missing values, including Listwise Deletion, Pairwise Deletion, and Imputation[7]. Listwise Deletion is
deleting cases (objects) that contain missing data as a whole[4]. An easy picture is if a variable with “A”
missing value in the observation unit, “A” will be removed from the dataset. Pairwise Deletion is
removing missing data so that only the available values are analyzed [4]. In contrast to Listwise Deletion,
Pairwise deletion will only delete variables with missing values in one unit of observation. Only
variables that have a value are left from that unit. Meanwhile, Imputation fills in the missing value with
possible values based on the information available in the data. Of the three methods, the imputation
method is the best method that can be used to overcome missing values compared to the other two
methods[8]. The use of the listwise deletion method and the pairwise deletion method makes it possible
to eliminate many unit variables. If because of the deletion, the observation unit does not meet the
required number of samples, then resampling is needed so that the number of observation units is
sufficient for the required number of samples. Of course, this will take a long time and cost a lot of
money. Therefore, it is not recommended to use the deletion method, especially for surveys with many
samples. The imputation method can overcome problems in both methods because it avoids the
resampling while estimating the missing value by using an observation unit that does not experience a
missing value[9].
The imputation method is divided into two types: the statistical-based imputation method and the
machine learning-based imputation method[10]. Statistical imputation technique is an imputation
technique using statistical rules in imputation. While the machine learning imputation technique is an
imputation technique that utilizes training on data that will later be used to predict the value to be
imputed. The imputation method is broadly divided into two types: the single imputation method and
the multiple imputation method[4]. The difference between the two imputation methods lies in the use
of training data to impute missing values. The selection of methods for handling missing values is
important because it will affect the estimated value generated. In addition, users often have difficulty
determining the proper missing value handling method for their data[3].
Therefore, several imputation methods will be compared in this study, including Hot-Deck
Imputation and K-Nearest Neighbor Imputation (KNNI), and Predictive Mean Matching (PMM). The
Hot-Deck Imputation method is used to overcome missing values by imputing values taken from
complete observation units that are considered to have similarities with observation units that have
missing values[11]. The hot-deck imputation method was chosen because this method is suitable for use
on many types of data and can be used for imputing various types of data[5]. In contrast, the KNNI
method provides a more robust and sensitive method[5]. The KNNI method itself is an imputation
method that utilizes the K-Nearest Neighbor (KNN) algorithm. The KNN algorithm is a non-hierarchical
data grouping algorithm. The number of groups to be formed shall be determined first [12]. In addition,
this method does not use any assumptions, does not require the formation of a predictive model, and can
overcome missing values in both numerical and categorical data. Hot-Deck Imputation was chosen
because this method is the best in statistical-based imputation methods. This method is suitable for use
on many types of data and can be used for imputing various types of data [5]. Meanwhile, the best
machine learning-based imputation method is held by the KNNI method [12].
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Although both methods are considered excellent in dealing with missing values, both methods have
quite complicated algorithms which cause these two methods to be rarely used [13]. In a simple search
on Google with the keyword “missing data”, it was found that the Predictive Mean Matching (PMM)
method had more than 21,000 results from all of the current results [13]. This number is much higher
compared to KNNI and Hot-Deck Imputation, which only had 13,000 results and 4,300 results. This
shows that the PMM method is a method that is used quite often, even though this method shows lower
performance compared to the other two methods. Based on this reason, this paper will compare the three
imputation methods by applying them to some datasets. The three methods will be compared based on
the scores obtained from several main criteria that have been determined. In particular, this paper will
look at the differences in the three methods in dealing with missing values in the data, know the
advantages and disadvantages of the Hot-Deck Imputation, KNNI, and PMM methods, and determine
the best method based on the highest score in dealing with missing values.
2. Literature Review
2.1. Hot-Deck Imputation
The Hot-Deck Imputation method is used to overcome missing values by imputing values taken from
complete observation units that are considered to have similarities with observation units that have
missing values. The unit of observation whose value is taken to input the missing value is called the
donor[14]. The unit of observation that receives the value contribution is named the recipient. The most
significant possible error in this method is that one donor can be selected for several recipients. This
method makes the opportunity for all missing values to be filled by the same donor. Therefore, to
overcome this problem, one donor is only allowed for a maximum of three recipients in this study.
The phrase Hot-Deck Imputation generally refers to Sequential Hot-Deck Imputation, which means
that the imputation of missing values is carried out sequentially from one observation unit to another[15].
The relatively fast and straightforward algorithm makes Hot-Deck Imputation quite popular[5]. In
addition, Hot-Deck Imputation is an improvement from the previous method so that this method is
suitable for various data types. The hot-Deck Imputation method is illustrated in Figure 1

Figure 1. Hot-Deck Imputation Process
2.2. K-Nearest Neighbor Imputation (KNNI)
The KNNI method is an imputation method that utilizes the K-Nearest Neighbor (KNN) algorithm. The
KNN algorithm is a non-hierarchical data grouping algorithm. The number of groups to be formed is
known and determined[12]. One of the popular techniques for imputation is K-Nearest Neighbor. The
value to be imputed is calculated by finding the value in the training set closest to it and the average of
this nearest point to fill in the value[16]. KNNI can provide a more robust and sensitive method for
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estimating the missing value[17]. In addition, KNNI can exceed the predictive ability of the commonly
used K-Means method. The KNNI method algorithm is summarized in Figure 2

Figure 2. KNNI Process
The Euclidian distance used in this study is calculated using the following formula:
𝑠

𝑑(𝑥, 𝑦) = √∑

(𝑥𝑗 − 𝑦𝑗 )2

𝑗=1

(1)

where:
= target observation vector with s variables
= observation vector that does not contain missing values with s variables
(𝒙, ) = distance between and
j = value of the j-th variable in
j = value of the j-th variable in
j = 1,2, ..., s
In the KNNI method, the imputation process uses a weighted mean imputation procedure which is
calculated using the formula:
𝑥̂𝑗 =

𝐾
1
∑ 𝑤𝑘 𝑦𝑘𝑗
𝑊
𝑘

(2)

where:
j = imputed value
kj = value of the j-th variable on the k-th observation,
k = weight of k-th observation,
2.3. Predictive Mean Matching (PMM)
One approach to estimating missing data is taking a random sample from the observed data based on the
minimum distance difference. The method in multiple imputations that utilizes this approach is the PMM
method[18]. The PMM method has a similar way of working with the linear regression method. This is
what causes this method to be used quite often for research methods because the algorithm is simple but
produces a pretty good imputation value. This method needs to pay attention to several things: missing
data patterns, missing data mechanisms, types of variables, and data distribution[19]. The stages carried
out in this method are depicted in Figure 3.
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Figure 3. PMM Process
The linear regression model used is 𝑌𝑖 ~𝑁(𝑋𝑖 𝛽, 𝜎 2 ), with the parameters of the model, are:
𝜎
̂1 2 =

∑𝑜𝑏𝑠(𝑌𝑖 − 𝑋𝑖 𝛽̂1 )2
(𝑛1 − 𝑞)

(3)

𝛽̂1 = 𝑉[∑ 𝑋 𝑡 𝑖 𝑌𝑖 ]

(4)

𝑜𝑏𝑠
−1

(5)

𝑡

𝑉 = [∑ 𝑋 𝑖 𝑌𝑖 ]
𝑜𝑏𝑠

The steps taken in the imputation process in the PMM method are [20]:
1. Take one value of a random variable that spreads 𝜒 2 𝑛 −𝑞 for example g and calculate:
1

2

𝜎∗ 2 =

𝜎̂ 1 (𝑛1 − 𝑞)
𝑔

(6)

2. Take q random variables that spread N(0,1) to create a q-component vector Z and calculate:
1
𝛽∗ = 𝛽̂1 + 𝜎∗ [𝑉] ⁄2 𝑍

(7)

1

where [𝑉] ⁄2 is the upper triangular matrix in the Cholesky decomposition.
3. Calculate the value of Ymis by 𝑌𝑖∗ = 𝑋𝑖 𝛽∗ 𝑖 𝜖 𝑚𝑖𝑠, for each 𝑌𝑖∗ 𝑖 𝜖 𝑚𝑖𝑠 find respondent
𝑌𝑖 whose value is closest to 𝑌𝑖∗ and input that value for Ymis.
2.4. Root Mean Squared Error (RMSE)
The definition of Root Mean Square Error (RMSE) is a measurement method by measuring the
difference in the value of the prediction of a model as an estimate of the observed value[21]. The Root
Mean Square Error is the result of the square root of the Mean Square Error. The accuracy of the
estimation method is characterized by a small RMSE value[21]. The estimation method that has a
smaller Root Mean Square Error (RMSE) is said to be more accurate than the estimation method that
has a more significant Root Mean Square Error (RMSE). The formula used to calculate the RMSE value
is:
𝑀
1
𝑅𝑀𝑆𝐸 = √ ∑ (𝑦̂𝑖 −𝑦𝐼 )2
𝑀
𝑖=1

(8)
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where:
𝑦̂𝑖 = Predicted value of the i-th observation
𝑦𝐼 = The actual value of the i-th observation
M = Number of forecasts
2.5. Unsupervised Classification Error (UCE)
Unsupervised Classification Error (UCE) measures how well the imputed dataset is grouped with the
complete dataset [0]. The approach used for UCE is Hierarchical Clustering with correlation d=1Pearson as distance and Ward aggregation. The UCE calculation formula defines as[13]:
𝑈𝐶𝐸 = %𝑚𝑖𝑠𝑠𝑐𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑐𝑎𝑡𝑖𝑜𝑛 𝑠𝑎𝑚𝑝𝑙𝑒

(9)

2.6. Supervised Classification Error (SCE)
The Supervised Classification Error (SCE) assesses the imputation method's discriminatory power or
predictive power by measuring the difference between the predicted subgroup after the imputation of
missing data and the actual subgroup[13]. The approach used for SCE is Linear Discriminant Analysis
(LDA) on a set of variables selected a priori in each reference data set without missing values. [0] defines
supervised misclassification as:
𝑆𝐶𝐸 = 1 − 𝐴𝑈𝐶

(10)

with:
Area Under Curve (AUC) is the area under the Receiver Operating Characteristic (ROC) curve of the
LDA predictive model.
3. Datasets
In this study, five datasets were used. It aims to determine the performance of each method from various
datasets. The datasets used in this study are divided into two groups, namely large datasets and small
datasets based on the number of observations.
3.1. SUSENAS KOR MARET 2019 Dataset
The SUSENAS KOR MARET 2019 dataset used in this study has 36 variables with a total row of 23,785
rows owned by this dataset. Most of the questions in this dataset ask about the economic situation in one
household. In the SUSENAS KOR MARET 2019 dataset, before the sampling process for the simulation
process, this dataset first underwent a manipulation process. The manipulations are related to the
columns, which are the answers to the same question. The primary purpose of the manipulation process
is to avoid anomalies regarding missing values in the SUSENAS KOR MARET 2019 dataset. In
addition, the purpose of the data manipulation stage is to change columns that have no numeric values
into numeric values. In the data manipulation stage in this study, the application used is the RStudio
application.
Examples of column cases that must go through the data manipulation stage are attached in Table 1.
This table contains questions in columns R701_A, R701_B, R701_C, R701_D, and R701_X. This
column asks about "what activities were carried out during the past week?". In this column, respondent
was given answers in the form of choices. Answer A is for work, answer B is for school, answer C is
for taking care of the household, answer D is for doing activities other than personal activities, and
answer X is for not doing any activities. So, in this process, the answers 0 and 1 were applied. Answer
0 is given for the line that has the answer X, which means that the respondent does not do any activities
in a week. Answer 1 is given for rows that have answers A, B, C, or D. The answer codes 0 and 1 refer
to column R408, the valid answers are 0 for no and 1 for yes. The results obtained are as shown in Table
2.
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Table 1. Column sample before the manipulation process
Column R701_A, R701_B, R701_C, and R701_D
R701_A

R701_B

A
A
A

R701_C

C

B

R701_D
D
D

R701_X

C

Table 2. Column sample after the manipulation process
R_701
1
1
1
1
1
1
After the data manipulation stage was carried out, the column in the 2019 SUSENAS KOR MARCH
2019 data was reduced from 63 columns to 42 columns. The columns that have been manipulated are
columns R701, R807, and R1101.
For research purposes, in the March 2019 SUSENAS KOR dataset, two samples were taken. The
first is sampling for a small subset of the dataset, which is 600 observations. Then the second is sampling
for a large dataset subset, which is 9000 observations. This sampling followed the average number of
SUSENAS household samples in 2017. In the district, the household sample was taken as many as 578
observations, while 8,743 observations were taken in the provinces. In the simulation process, samples
that have been taken in the March 2019 SUSENAS KOR dataset were treated as a population.
3.2. Iris dataset
The iris dataset used in this study is the iris dataset introduced by Fisher in 1996 for discriminant
analysis. This dataset has four variables with a total of 100 rows. In this study, this dataset is used as
one of the small datasets.
3.3. E. Coli dataset
The E. Coli dataset used in this study has five variables with a total of 129 rows. Similar to the iris
dataset, the E. Coli dataset is a dataset used for simulating small datasets.
3.4. Dataset Breast Cancer 1
For large datasets, this study uses the Breast Cancer 1 dataset and the Breast Cancer 2 dataset. The
Breast Cancer 1 dataset is a dataset that has 65 variables with 80 rows. This dataset was first used in
2012 for taxonomic research on breast cancer.
3.5. Dataset Breast Cancer 2
The Breast Cancer 2 dataset has 60 variables with a total of 89 rows. This dataset was used in 2002 for
a Breast Cancer Survival Prediction Study.
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4. Experimental Evaluations
In analyzing the dataset, several methods were applied in this study to obtain analytical results following
the research objectives. So, several analytical methods are used in this study.
4.1. Data Simulation
In this study, the data analysis phase begins with applying a simulation to the dataset. The initial dataset
that is still complete was formed into a dataset that has a missing value. The datasets used in this study
are:
• A small subset of the March 2019 SUSENAS KOR data. This dataset is a subset of the March
2019 SUSENAS KOR dataset, which has been sampled by 600 observation units.
• A large subset of the March 2019 SUSENAS KOR data. This dataset is a subset of the March
2019 SUSENAS KOR dataset, which has been sampled by 9000 observation units.
• Iris dataset. This dataset does not undergo a sampling process and is a small dataset.
• E.Coli dataset. This dataset does not undergo a sampling process and is a small dataset.
• Dataset Breast Cancer I. This dataset does not undergo a sampling process and is a large dataset.
• Breast Cancer II dataset. This dataset does not undergo a sampling process and is a large dataset.
The formation of missing values applied all missing value mechanisms, namely Missing Completely
at Random (MCAR), Missing At Random (MAR), and Missing Not At Random (MNAR), at ten levels
of missing value with an interval of 5% starting from the missing value as much as 5% until the missing
value is 50%. After this dataset is formed, the next step is to impute this dataset with the three selected
methods, namely Hot-Deck Imputation, KNNI, and PMM. After the imputation process is complete,
each method at each level of missing value and each dataset calculated the value of the criteria in the
comparative analysis. The criteria values obtained from this simulation process were recorded and
inputted into the recording table.
4.2. Comparison Analysis
In this process, the average value of the four criteria used in the comparative analysis was calculated.
The criteria used in the comparative analysis in this study are RMSE, UCE, and SCE. The explanation
of the three methods is in the previous section. Similar studies, such as [5] and [13], also used this
method of evaluation.
Besides RMSE, UCE, and SCE, we also evaluated the performance of each imputation method from
the time used to execute the algorithm like conducted by [13]. The time used to execute the algorithm
calculates the time used from the start of entering the dataset into the RStudio application until the
algorithm is completed. The time used to run the algorithm was calculated manually using a stopwatch
from the researcher's smartphone, which will then be recorded in the recording table. The criteria
assessed from this aspect are the shorter the time used by a method in carrying out the imputation
process. The method is considered to have a practical algorithm.
4.3. Scoring Analysis
The scoring analysis conducted in this study aims to determine the best method for handling missing
values in the five datasets. Scoring analysis uses values from the comparison table that has been obtained
from the comparative analysis. The score is done by giving a cutting point based on the quartile value
of the criteria in each mechanism. The quartiles used in this study were the first quartile (Q1), the second
quartile (Q2), and the third quartile (Q3). Each quartile is obtained through calculations carried out with
the help of the RStudio application.
After calculating the quartile value, a cutting point was formed, divided into four groups. For the
more accessible analysis, the score is denoted by an *. Thus, the more * signs obtained, the better the
computational performance of a method. This sign applies to the opposite. The fewer * signs a method
gets, the less good its computational performance is. Based on the quartiles, the maximum score obtained
by a method is ****, which means that the method has an excellent criterion value. The minimum score
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is *, which means that the method has a poor criterion value. The scoring for the attached imputation
method is shown in Table 3 below.
Table 3. Score Table
Skor
*
**
***
****

Range
𝑄3 – Maximum Score
𝑄2 - 𝑄3
𝑄1 - 𝑄2
0 - 𝑄1

The scores obtained by the three methods were totaled. The method with the highest score was
considered the best method in dealing with missing values. Scoring analysis is also carried out to
determine each method's advantages, disadvantages, and characteristics based on the scores obtained.
4.4. Implementation
The stage begins with processing the March 2019 SUSENAS KOR dataset. The SUSENAS dataset at
first went through a manipulation process before entering the sampling process. After that, the
SUSENAS dataset was sampled as many as 600 and 9000 units of observation. The final results are a
small SUSENAS dataset with 600 observations and a large SUSENAS dataset with 9000 observations.

Figure 4. Analysis Process
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Furthermore, as shown in Figure 4, forming a dataset with missing values is carried out. In this
process, the six datasets are formed with a missing value of 5% until later they end up with a missing
value of 50%. The formation of this missing value paid attention to the missing value mechanism. Thus,
the results obtained from the missing value generalization process are datasets with missing values in
the range of 5% - 50% with the MCAR, MNAR, and MNAR mechanisms.
The dataset that already has this missing value is imputed using three imputation methods, namely
Hot-Deck Imputation, KNNI, and PMM. Furthermore, the performance of the three imputation methods
was assessed using the RMSE, UCE, SCE, and time values used. The value of the criteria obtained was
entered into the recording table and summarized based on the average using a comparison table. The
use of comparison tables aims to make the analysis process more straightforward. After the average
table of imputation, results are obtained. The last is the scoring process. In this process, the purpose of
this research was answered, namely, to get the best method. Scoring is done based on the quantile value
of the average table of imputation results.
5. Results
Comparative analysis was conducted to compare the Hot-Deck Imputation, KNNI, and PMM methods.
In the analysis process, the values obtained from the simulations on each dataset were averaged and
combined into a comparison table as in Table 4, Table 5, and Table 6. These tables contain the values
obtained of the comparison criteria determined using the MCAR mechanism, the MAR mechanism, and
the MNAR mechanism.
Table 4 is a table of the average results of imputation with the MCAR mechanism. The MCAR
mechanism is a situation where missing values occur randomly. So, the user cannot predict in what
variable or even in which unit of observation the missing value occurred.
Table 4. Imputation result with MCAR mechanism
Method

Dataset
1
2
3
Hot-Deck
Imputation
4
5
6
1
2
3
KNNI
4
5
6
1
2
3
PMM
4
5
6

RMSE
33.098
33.199
1479681.356
1456234.198
32.249
33.298
15.233
15.984
1278961.190
926501.660
9.667
9.699
45.120
45.361
1567256.146
1432115.800
39.723
39.500

UCE
2.710
2.789
36.246
36.330
3.535
3.564
3.812
3.766
27.634
21.093
3.210
3.246
4.015
4.015
29.345
30.998
3.850
3.856

SCE
2.222
2.019
20.344
24.665
2.361
2.431
2.430
2.653
21.444
23.987
1.798
2.356
3.221
3.199
25.667
24.109
2.567
2.439

Time
0.016
0.015
0.270
0.450
0.019
0.019
0.033
0.034
0.222
9.360
0.168
0.210
0.008
0.010
0.156
0.256
0.018
0.020
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Next is the missing value mechanism that we often find in our daily life. The MAR mechanism
usually occurs due to non-response to a survey. The results of comparing the Hot-Deck Imputation
method, the KNNI method, and the PMM method in this mechanism are attached in Table 5 below.
Table 5. Imputation result with MAR mechanism
Method

Dataset
1
2
3
Hot-Deck
Imputation
4
5
6
1
2
3
KNNI
4
5
6
1
2
3
PMM
4
5
6

RMSE
32.910
33.017
1476738.300
1447584.899
32.141
32.290
14.763
14.709
1257838.932
924856.834
8.132
8.156
44.654
44.78
1562372.820
1428484.378
39.296
39.381

UCE
3.583
3.577
27.099
27.492
3.512
3.528
3.620
3.637
26.238
20.935
3.200
3.227
3.905
3.933
28.111
30.149
3.732
3.755

SCE
2.094
2.142
19.868
23.531
1.843
2.574
2.130
2.901
20.530
23.122
1.209
2.356
2.168
2.382
25.100
23.789
2.943
3.146

Time
0.016
0.017
0.290
0.490
0.019
0.019
0.051
0.054
0.250
9.950
0.199
0.300
0.009
0.014
0.210
0.277
0.020
0.034

The last mechanism used in the comparative analysis in this study is the MNAR mechanism. This
mechanism occurs because there is a standard for a question in the survey. So that when the respondent
does not meet the conditions specified for the question, this question was automatically be emptied or
missing. For this reason, usually missing values with this mechanism have their patterns and are easy to
guess where the data was empty. The imputation results of the Hot-Deck Imputation method, the KNNI
method, and the PMM method in dealing with missing values with this mechanism are attached in Table
6 below.
Table 6. Imputation result with MNAR mechanism
Method

Dataset
RMSE
UCE
SCE
1
31.654 3.439 1.846
2
31.93 3.457 1.835
3 1467939.508 26.260 18.674
Hot-Deck
Imputation
4 1467890.642 26.601 22.957
5
30.980 3.470 1.700
6
31.123 3.488 2.328
1
14.783 3.553 1.860
KNNI
2
14.99 3.556 1.875

Time
0.017
0.016
0.300
0.512
0.021
0.024
0.065
0.066
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Method

PMM

Dataset
RMSE
UCE
SCE
Time
3 1256383.930 24.910 19.983 0.467
4 918348.493 20.103 22.742 13.792
5
7.997 3.286 1.079 0.256
6
8.012 3.289 2.245 0.333
1
43.880 3.868 2.701 0.010
2
43.096 3.888 2.771 0.012
3 1557934.309 27.827 24.742 0.273
4 1427545.489 28.999 22.999 0.310
5
38.991 3.694 1.951 0.036
6
39.091 3.688 2.300 0.045

After obtaining the average table of the results of the imputation of the Hot-Deck Imputation method,
the KNNI method, and the PMM method, the next step is to perform a scoring analysis. The scoring
analysis was carried out to narrow the results of the comparison obtained from the comparative analysis
so that conclusions were obtained regarding the best method in handling missing values. Scoring is done
using quantile values from the average table of imputation results in Table 4, Table 5, and Table 6. After
scoring, the total score obtained by each method is calculated based on the missing value mechanism.
The scoring for each method is based on the assessment attached in Table 7 below.
Table 7. Scoring Table
Criterion

Mechanism
MCAR

RMSE

MAR

MNAR

MCAR
UCE
MAR
MNAR

Range
0 - 3.246
3.247 - 3.961
3.961 - 1190846.000
1190846.001 - 1567256.146
0 - 3.217
3.218 - 3.933
3.934 - 1174593.000
1174593.001 - 1562372.280
0 - 3.101
3.102 - 3.904
3.905 - 1171875.000
1171875.001 - 1557934.309
0 - 3.542
3.543 - 3.853
3.854 - 25.998
25.999 - 36.330
0 - 3.578
3.579 - 3.743
3.744 - 24.912
24.913 - 30.149
0 - 3.474

Score
****
***
**
*
****
***
**
*
****
***
**
*
****
***
**
*
****
***
**
*
****
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Criterion

Mechanism

MCAR

MAR

SCE
MNAR

MCAR

Time

MAR

MNAR

Range
3.475 - 3.691
3.692 - 23.708
23.709 - 28.999
0 - 2.378
2.379 - 2.610
2.611 - 21.169
21.170 - 25.667
0 - 2.148
2.149 - 2.737
2.738 - 20.364
20.365 - 25.100
0 - 1.863
1.864 - 2.314
2.315 - 19.655
19.655 - 24.742
0 - 0.018
0.019 -0.033
0.034 - 0.219
0.219 - 9.360
0 - 0.019
0.020 - 0.052

Score
***
**
*
****
***
**
*
****
***
**
*
****
***
**
*
****
***
**
*
****
***

0.053 - 0.270

**

0.271 - 9.950
0 - 0.021
0.022 - 0.065
0.066 - 0.307
0.308 - 13.792

*
****
***
**
*

Based on the scoring table that has been formed in Table 7, the scoring results were obtained as
shown in Table 8, Table 9, and Table 10 below.
Table 8. Scoring result in MNAR mechanism
Method

Hot-Deck
Imputation

KNNI

Dataset
1
2
3
4
5
6
1
2

RMSE
***
***
*
*
***
***
****
****

UCE
****
****
*
*
****
***
**
***

SCE
****
****
*
*
**
**
***
**

Time
****
****
*
*
***
***
**
**

Total
15
15
4
4
12
11
11
11

Total Score

61

59
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Method

Dataset
3
4
5
6
1
2
3
4
5
6

PMM

RMSE
*
**
*
*
**
**
*
*
***
***

UCE
*
*
****
****
**
**
*
*
**
**

SCE
*
*
****
****
**
**
*
*
***
***

Time
***
*
****
***
****
****
**
*
****
***

Total
7
5
13
12
10
10
5
4
12
11

Total Score

52

In the MCAR mechanism, the Hot-Deck Imputation method is the method that has the highest score
among the other two methods, with a total score of 61. The hot-Deck Imputation method got 2 points
higher than the KNNI method and 9 points higher than the PMM method. With this score, the Hot-Deck
Imputation method has better imputation to handle missing values with the MCAR mechanism
compared to the KNNI and PMM methods.
Table 9. Scoring result in MAR mechanism
Method

Hot-Deck
Imputation

KNNI

PMM

Dataset
1
2
3
4
5
6
1
2
3
4
5
6
1
2
3
4
5
6

RMSE
***
***
*
*
****
***
****
****
*
**
****
****
**
**
****
****
***
**

UCE
***
****
*
*
****
****
***
***
*
*
****
****
**
**
*
*
***
**

SCE
****
****
*
*
****
***
****
**
*
*
****
***
***
***
*
*
**
**

Time
****
****
*
*
***
***
**
**
*
*
***
***
****
****
**
***
***
**

Total
14
15
4
4
15
13
13
11
4
5
15
14
11
11
8
9
11
8

Total Score

65

62

58

Based on Table 9, it can be concluded that the Hot-Deck method is the best in dealing with missing
values with the MAR mechanism. The points obtained by the Hot-Deck Imputation method are above
the KNNI method and the PMM method. The Hot-Deck Imputation's point is 3 points higher than the
points obtained by KNNI and 7 points higher than PMM's points.
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Table 10. Scoring result in MNAR mechanism
Method

Hot-Deck
Imputation

KNNI

PMM

Dataset

1
2
3
4
5
6
1
2
3
4
5
6
1
2
3
4
5
6

RMSE
***
***
*
*
****
**
****
****
*
**
*
*
**
**
*
*
***
**

UCE
****
****
*
*
****
***
***
***
*
*
****
****
**
**
*
*
**
***

SCE
****
****
*
*
****
**
****
***
*
*
****
***
**
**
*
*
***
***

Time
****
****
**
*
****
***
**
**
*
*
**
*
****
****
***
*
***
***

Total
15
15
5
4
16
10
11
12
4
5
11
9
10
10
6
4
11
11

Total Score

65

52

52

With the MNAR mechanism, the Hot-Deck Imputation method is superior to the KNNI and PMM
methods. This method gets 65 points which is the highest point in the MNAR mechanism. The HotDeck Imputation is far above the PMM and KNNI methods, which get the same 52 points.

Figure 5. Score comparison for each criterion
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Based on Figure 5, it can be concluded that the Hot-Deck Imputation method is the best in dealing
with missing values with the MCAR, MAR, and MNAR mechanisms. Based on the scoring results, it
can be concluded that Hot-Deck Imputation is the best method to handle missing values. Although
overall, this method gets relatively high points, if it is examined again, it is relatively weak in dealing
with missing values in the official statistics dataset. As shown in Table 8, Table 9, and Table 10, the
Hot-Deck Imputation method gets very minimal points in dataset 3 and dataset 4, which are simulations
for the official statistics dataset, namely the March 2019 SUSENAS KOR dataset. The imputation
method would be better applied to normally distributed data [5]. While the raw data used in dataset 3
and dataset 4 do not meet this assumption. Therefore, there is a possibility that if the data is transformed
into standard data points that will be obtained by the Hot-Deck Imputation method in the scoring analysis
will be better. In addition, the number of variables also affects the performance of the Hot-Deck
Imputation method[14]. Hot-Deck Imputation is more suitable when applied to datasets that have many
variables. It can be proven in dataset 5 with the MNAR mechanism. The Hot-Deck Imputation method
gets a perfect score of 16. In dataset 5, the Breast Cancer I dataset is used, which has 65 variables, which
is the dataset with the most variables in this study. So, it can be concluded that the Hot-Deck Imputation
method has better computational performance because the total points obtained in the scoring analysis
are always at the top. In addition, the Hot-Deck Imputation method will be more effective in running on
datasets with many variables. However, this method is relatively weak in the consistency of the estimator
based on the RMSE value of this method which is relatively low compared to the other two methods.
Regarding the estimator's accuracy, the KNNI method has better accuracy than the Hot-Deck
Imputation method and the PMM method based on the RMSE value of the KNNI method, which is quite
good. The RMSE value of the KNNI method can be even higher if there is a data standardization process
in the six datasets. One of the main factors that must be considered in the KNNI method is the data unit.
So the use of raw data in this study will undoubtedly affect the performance of the KNNI method[12].
In contrast to the Hot-Deck Imputation method, which is quite good at handling datasets with large
numbers and many variables, the KNNI method is not well applied in big datasets, especially dataset
with many variables. KNNI method has decreased computational performance, based on the results of
scoring in dataset 4, dataset 5, and dataset 6. In addition, the time required to run the algorithm on the
KNNI method is quite time-consuming compared to the Hot-Deck Imputation method and the PMM
method. As can be seen from the results of the KNNI's average time scoring is only in the range of 1 to
3. The use of quite a long time in the KNNI method is driven by the algorithm owned by the KNNI
method is quite long, so the time required to execute the algorithm method The KNNI has also become
longer. So that this KNNI method would be better if used for data with a small unit of observation and
few variables.
The problem of using time in the KNNI method does not apply to the PMM method. The PMM
method has a good performance in the time criterion. The scoring results show that this method has a
reasonably short time to execute the algorithm influenced by the algorithm owned by the PMM method
is quite simple, making the PMM method one of the most frequently used imputation methods. The
PMM method works better on non-normally distributed data compared to datasets with normal
distribution[19]. The scoring analysis shows that the PMM method has higher points than the Hot-Deck
Imputation method and the KNNI method in dataset 3 and dataset 4. From the points obtained by the
PMM method. In that case, the PMM method works better when handling the March 2019 SUSENAS
KOR dataset, which is official statistical data that does not meet the normality assumption. So the PMM
method can be the best choice compared to the Hot-Deck Imputation and method.
6. Discussion and Conclusion
Based on the results and discussion in the previous chapter, it can be concluded from this study that, in
general, the Hot-Deck Imputation method is the best in dealing with missing values. This method is very
good at handling missing values in datasets with many variables but less able to handle missing values
in small datasets. The shortcomings of the Hot-Deck Imputation method do not apply to the KNNI
method, which is very good at handling small datasets. However, the KNNI method is not suitable in
terms of time. The algorithm is quite complicated, making this method take quite a lot of time in its
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execution. The time problem experienced by the KNNI method does not apply to the PMM method,
which has a short time in imputing missing values in the data.
The three methods are equally not good at handling missing values in SUSENAS data. The decrease
in performance was experienced by the three methods in the third and fourth simulations, which are
simulations using SUSENAS data. The decrease in performance can be caused by the SUSENAS data
used in the simulation is raw data so that the data is not normally distributed. It is possible that if
normalization is carried out, the imputation results can be better.
Based on the results and conclusions obtained from this research, some suggestions that researchers
can give for further research are to pay attention to the pattern of missing values and develop a better
scoring method.
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Abstract. The impact of coronavirus disease 2019 (Covid-19) pandemic is not only on health
problems, but also has a negative impact on economic. The sector that economically worst
affected by the pandemic is the tourism and its derivatives. As a result of depending heavily on
the tourism sector, Bali is the province with the most labor force that has stopped working during
the pandemic. In this study, data from the national labor force survey were analyzed using the
Weibull-Gamma Shared Frailty Survival Model to explore the determinants of labor force
resilience against the event of stop working due to the Covid-19 pandemic. The results show that
gender, education level, experience in training, marital status, and age of labor force are variables
that significantly affect on how quickly a labor force experiences an event of stop working.
Moreover, variations among regions where they work (regencies/cities) also have a significant
effect on stop working acceleration.

1. Introduction
The world is currently facing a crucial problem with the outbreak of a new virus, the coronavirus (Covid19). After the first infected case of the coronavirus was detected in Wuhan, China, in December 2019,
the number of infected people increased rapidly until it eventually spread throughout the world,
including Indonesia. In March 2020, the World Health Organization (WHO) determined the existence
of Covid-19 as a pandemic, so prevention efforts must be made so that there is no increase in cases. In
line with this, the Indonesian Government has issued several policies to break the chain of Covid-19
spread, including urge people to stay at home, implementing social distancing, and implementing LargeScale Social Restrictions (Pembatasan Sosial Berskala Besar/PSBB) in several areas.
In the conditions of the outbreak of the coronavirus, it turned out to have many impacts in various
sectors, not only on health problems. This pandemic condition also has a negative impact on the
economic sector. All jobs or businesses, regardless of size, face serious challenges with actual threats of
significant income declines, bankruptcy, and job losses in certain sectors (ILO, 2020a). This situation
occurred as a result of restrictions on economic activity throughout the fields in many countries which
led to a sharp and unexpected decline in economic activity so that there would be a drastic decline in
employment (ILO, 2020b). On the one hand, protecting workers and their families from the risk of
transmitting this virus must be a top priority, so it is necessary to have a restriction on activities in the
world of work that can minimize the occurrence of transmission, that is by seeking work to be done
from home. On the other hand, the existence of activity restrictions and an appeal to work from home
causes a new problem because workers cannot do all types of work from home (Randi, 2020).
The sector that economically worst affected by the Covid-19 pandemic is the tourism sector. Pforr
and Hosie (2008) state that the tourism business is very vulnerable to potential crises stemming from
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external shocks, which are inherently unpredictable, so they cannot prepare for crises. Bali is an
international tourist destination that makes tourism as the main commodity, so that the impact of the
Covid-19 pandemic is very much felt for the Bali economy and also tourism actors in it (Paramita and
Putra, 2020). The paralysis of the tourism sector has caused many of the labor force who work in this
sector to be forced to stop working or lose their jobs. Based on data from Sakernas August 2020, it is
known that the Bali Province is a province with the highest cases of stop working due to the Covid-19
pandemic in Indonesia, which is 6.50 percent. Ngadi and Purba (2020) stated that the area with the
highest number of layoff cases occurred in Bali-Nusa Tenggara. Even the case of layoffs without
severance pay in Bali Province are the highest in Indonesia which causes Bali Province to become a red
zone area in terms of employment vulnerability (Ngadi and Purba, 2020).
The large number of labor force who have stopped working due to the Covid-19 pandemic would
cause unemployment in Indonesia to increase. This is in accordance with the ILO's initial estimate
(2020a), which shows a significant increase in the number of unemployed and underemployed during
the Covid-19 pandemic. Even though the government has successfully suppressed the unemployment
rate in Indonesia in the last five years, the presence of Covid-19 has increased the unemployment rate
again (Fahri, Jalil, and Kasnelly, 2020). Another impact of the labor force who has stopped working due
to the Covid-19 pandemic and has changed status to unemployment is loss of income. This can cause
the labor force near the poverty line to fall into poverty and the labor force below the poverty line to
worsen. As a result, poverty would also increase due to the Covid-19 pandemic (ILO, 2020a). This
situation can automatically affect people's purchasing power which tends to decline, where the
circulation of money in the community becomes very minimal, which causes the production of goods
to be limited so that there is a trade deficit in the economic cycle (Kurniawansyah, Amrullah,
Salahuddin, Muslim, and Nurhidayati, 2020).
The Covid-19 pandemic can certainly be a big problem because Bali tourism, which empowers a lot
of workers and drives Bali's economy, is at a disadvantage at this time (Kusuma, 2020). These problems
can have an impact on other sectors. Aji, Pramono, and Rahmi (2018) state that tourism has a multiplier
effect that can affect the conditions of other industries that support tourism itself, either directly or
indirectly. Judging from the decline in the tourism sector which has an impact on the worrying labor
conditions in Bali Province and the emergence of various negative impacts caused by the large number
of labor force who have stopped working due to the Covid-19 pandemic, it is necessary to conduct
research to analyze the resilience of the labor force in Bali Province not to stop working due to the
Covid-19 pandemic.
2. Methodology
2.1. Research scope
The data used in this study is secondary data, that is raw data from the August 2020 National Labor
Force Survey (Survei Angkatan Kerja Nasional/Sakernas) organized by the Indonesian Central Bureau
Statistics (Badan Pusat Statistik Indonesia/BPS Indonesia). This research covers all areas in Bali
Province. The scope of the analysis unit in this study was the entire labor force in Bali Province which
was sampled in the August 2020 Sakernas. The labor force classified as unemployed was excluded from
the analysis because they had no potential to stop working due to the Covid-19 pandemic.
In this study, there are two kinds of variables: the dependent and independent variables. The
dependent variable used in this study is the working period of the labor force starting from the first case
of Covid-19 infection in Indonesia, precisely in March 2020 until the labor force lost their job or stopped
working due to the Covid-19 pandemic. The labor force that stopped working due to the Covid-19
pandemic was declared as an event, while the labor force that did not stop working due to the Covid-19
pandemic from March 2020 until the enumeration was carried out (August 2020) was classified as a
censored. The independent variables that are suspected to affect the working period of the labor force
until they stop working due to the Covid-19 pandemic include the classification of the area of residence,
gender, education level, training, marital status, age group, and unobserved variables (frailty).

772

N L P Y S Ningsih and M Dokhi

2.2. Analysis method
The stages of analysis in this research began from exploring the data, then continued by doing
descriptive analysis and inferential analysis. Descriptive analysis is used to see an overview of the
resilience of the labor force in Bali Province during the Covid-19 pandemic. The analytical tools used
are tables, pie charts, and Kaplan-Meier curves. The inferential analysis is used to determine the
variables that significantly affect the resilience of the labor force in Bali Province not to stop working
due to the Covid-19 pandemic and to find out whether the unobserved variables that are assumed to be
generally the same in individuals who live in the same regency/city have a significant effect on the
resilience of the labor force in Bali Province not to stop working due to the Covid-19 pandemic.
Therefore, the appropriate inferential analysis used in this study is survival analysis with the shared
frailty model. Survival function of several models in survival analysis is shown in Table 1.
Table 1. Survival Function.
Model
Exponential
Weibull
Distributions

Log-logistic
Log-normal

Accelerated Failure Time (AFT)
Shared Frailty
Source: Kleinbaum and Klein (2012)

Survival Function
𝑆(𝑡) = 𝑒 −λt , 𝑡 ≥ 0
𝑝
𝑆(𝑡) = 𝑒 −λt , 𝑡 ≥ 0, λ > 0, 𝑝 > 0
1
𝑆(𝑡) =
, 𝑝 > 0, λ > 0
1 + λ𝑡 𝑝
log 𝑡 − 𝜇
𝑆(𝑡) = 1 − 𝛷 (
)
𝜎
𝑆0 (𝑡) = 𝑆1 (𝛾𝑡) for 𝑡 ≥ 0
𝑆𝑗𝑘 (𝑡|𝑍𝑘 ) = 𝑆𝑗𝑘 (𝑡)𝑍𝑘

3. Results and Discussion
3.1. Overview of the resilience of the labor force in Bali Province during the Covid-19 pandemic
13.71 5.07
Layoff

35.61

31.53

Business stopped/bankrupt
Unsatisfactory income

81.22

Not suitable with the work environment
Expiration of work/contract

The labor force who experienced the event
Censored labor force
Not the labor force and unemployment

0.60
3.00
0.12

23.50

Taking care of household
Other

5.64

Figure 1. Percentage of the labor force in Bali Figure 2. Percentage of the labor force who stopped
Province based on status (event/censor).
working due to the Covid-19 pandemic in Bali
Province based on the main reason for stop working.
The working-age population in Bali Province in 2020 based on the August 2020 National Labor Force
Survey (Sakernas) results amounted to 16,444 people. Of this number, 834 people in the labor force or
5.07 percent experienced an event or stopped working due to the Covid-19 pandemic, 13,356 people in
the labor force or 81.22 percent experienced censorship or did not stop working due to the Covid-19
pandemic, and 2,254 people or 13.71 percent are not in the labor force and are unemployed. The labor
force that has experienced censorship is said to have survived during the Covid-19 pandemic.
In Figure 2, it can be seen that 31.53 percent of the labor force stated that they had stopped working
due to Covid-19 because they were laid off, 23.5 percent because their business was stopped/bankrupt,
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0.90

0.95

1.00

5.64 percent because their income was not satisfactory, 0.12 percent because they were not suitable with
the work environment, 3.00 percent due to the expiration of the work/contract, 0.60 percent due to taking
care of the household, and 35.61 percent due to other reasons.
Of the entire labor force in Bali Province, most of them live in urban areas, are male, have the highest
education of junior high school and below, have never participated in training, ever been married, and
are in the age range of 25-54 years. The frequency and percentage of each characteristic of the labor
force in the Bali Province can be seen in Appendix A.
From Figure 3, it can be seen that most
of the entire labor force stopped working in
the first two months of the Covid-19
pandemic, in March and April 2020. This
is indicated by a steeper downward curve
in the first two months. After passing the
second month, the curve's decline became
more gentle, indicating that fewer events
(the labor force who stopped working due
to the Covid-19 pandemic) had occurred
Figure 3. Kaplan-Meier curve of labor force resilience
during that time.
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Figure 4. Kaplan-Meier curve of labor force resilience not to stop working due to the Covid-19
pandemic based on independent variables.
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Through the Kaplan-Meier curve shown in Figure 4, it can be seen that the labor force that has higher
resilience not to stop working due to the Covid-19 pandemic is the labor force who live in rural areas,
are female, have the highest education of junior high school and below, have never participated in
training, ever been married, and are more than 55 years old. This is reinforced by the Log-rank Statistic
test shown in Appendix B, which shows the results of rejecting H0, which means that there is a
significant difference in the Kaplan-Meier curve between categories.
3.2. Variables that significantly affect the resilience of the labor force not to stop working due to the
Covid-19 pandemic in Bali Province
This study uses a parametric distribution that can accommodate Accelerated Failure Time (AFT)
assumptions. Based on Table 2, the distribution used in this study should be the Lognormal distribution
because it has the smallest AIC value. However, the Lognormal distribution was not chosen in this study
because it is related to the problem of data convergence, so that when using this distribution, the iteration
process occurs continuously and does not produce a model. This also happens when using the
Loglogistic distribution. Therefore, the Weibull distribution was chosen to model survival data used in
this study.
Table 2. Null model AIC value on AFT parametric distribution.
Distribution
Exponential
Weibull
Loglogistic
Lognormal

AIC
8169.719
8164.871
8159.631
8088.645

In this study, the authors wanted to find out whether the unobserved variables that are assumed to be
generally the same in individuals who live in the same regency/city in Bali Province have a significant
effect on the resilience of the labor force not to stop working due to the Covid-19 pandemic. Therefore,
it is necessary to include shared frailty variables, that is, random effects that affect survival time, where
individuals in the same cluster have the same unobservable factors. Regency/city in Bali Province that
are residence to the labor force are suspected of having an immeasurable effect on the resilience of the
labor force not to stop working due to the Covid-19 pandemic.
In Appendix B, it can be seen the results of the Logrank test to see if there are differences in resilience
not to stop working due to the Covid-19 pandemic based on regencies/cities in Bali Province. Significant
results indicate that there are differences in resilience between regencies/cities in Bali Province. This
can be the basis for using the shared frailty method, where there are factors that cannot be measured in
each regency/city that can affect the resilience of the labor force not to stop working due to the Covid19 pandemic.
In using the shared frailty model, the frailty variable in the model is assumed to follow a certain
distribution. Based on the principle of parsimony, the simplest and most commonly used distribution is
the gamma distribution. In addition, it can be seen in Table 3 that the shared frailty model with Gamma
distribution and Inverse-Gaussian distribution has AIC values that are not much different. Therefore,
the frailty distribution chosen to model the survival data in this study is the Gamma distribution.
Table 3. AIC value of Weibull Shared Frailty model for
Gamma and Inverse-Gaussian distribution.
Distribution
Gamma
Inverse-Gaussian

AIC
8055.936
8055.573

In Appendix C, it can be seen that the likelihood ratio (LR) test of theta shows the result of rejecting
the null hypothesis, which means that the presence of the frailty variable in the model is more suitable
to explain the resilience of the labor force not to stop working due to the Covid-19 pandemic in Bali
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Province than the model without the frailty variable. In addition, the test results of the frailty variance
(ln theta) also show the results of rejecting the null hypothesis, which means that the frailty variable has
a significant influence on the resilience of the labor force not to stop working due to the Covid-19
pandemic in Bali Province.
Determination of the best model in this study using the backward elimination method, that is, by
eliminating the independent variables one by one starting from the independent variable that is least
significant in the model or has the highest p-value. Based on this method, the best model was obtained
with five independent variables, that is, gender, education level, training, marital status, and age group.
The output of the best model can be seen in Table 4.
Table 4. Best model: Weibull Gamma Shared Frailty Model.
Variables and characteristics
Gender
Femalea
Male (𝑋1 )
Education level
≤Junior high schoola
Senior high school (𝑋21 )
Vocational high school (𝑋22 )
College (𝑋23 )
Training
Nevera
Ever (𝑋3 )
Marital status
Never marrieda
Ever been married (𝑋4 )
Age group
15-24 yearsa
25-54 years (𝑋51 )
≥55 years (𝑋52 )
_cons
/lntheta
P
Theta
Weibull Gamma Shared Frailty Model
vs. Weibull Model (without frailty)
Simultaneous test

Coefficients (β)

Acceleration Factor (𝒆𝜷 )

p > |z|

1
-0.4850

0.616

0.000b

1
-0.3833
-0.6867
-0.2611

0.682
0.503
0.770

0.000b
0.000b
0.039b

1
-0.2422

0.785

0.008b

1
0.3282

1.388

0.003b

1.633
5.795

0.000b
0.000b
0.000b
0.000b

1
0.4907
1.7569
4.5321
-2.2490
0.9327
0.1055
65.05

0.000b

426.76

Reference category
b
Significant at alpha = 0,05
a

0.000b

Thus, the Weibull Gamma Shared Frailty model equation formed is as follows:
̂ 0.933
𝑆̂(𝑡|𝑍𝑘 ) = [𝑒 −λt̂
]

̂
𝑍

𝑍̂𝑘

1/0.933

𝑘
𝑡̂ = (− √𝑙𝑛(𝑆̂(𝑡|𝑍𝑘 )))

1
𝜆̂1/0,933

(1)
1

𝜆̂1/0.933

= 𝑒𝑥𝑝 (4.532∗ − 0.485𝑋1 ∗ − 0.383𝑋21 ∗ − 0.687𝑋22 ∗ − 0.261𝑋23 ∗ − 0.242𝑋3 ∗
+ 0.328𝑋4 ∗ + 0.491𝑋51 ∗ + 1.757𝑋52 ∗ )

(2)

(3)

3.2.1.
Simultaneous test. Simultaneous test in this study resulted in a chi-square value of 426.76 and
a p-value of 0.000, which resulted in a decision to reject the null hypothesis. This decision means that
there is at least one independent variable that affects the resilience of the labor force not to stop working
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due to the Covid-19 pandemic in Bali Province.
3.2.2.
Partial test. Partial test in this study shows that variables that significantly affect the resilience
of the labor force not to stop working due to the Covid-19 pandemic in Bali Province include gender,
education level, training, marital status, age group, and unobserved variables (frailty).
3.2.3.
Interpretation. The interpretation of the results of the parameter estimator in this study uses
the acceleration factor from the Weibull distribution so that the difference in the resilience of the labor
force not to stop working due to the Covid-19 pandemic in Bali Province can be seen between categories
in the independent variable.
• Gender
The male labor force is 0.616 times faster to stop working due to the Covid-19 pandemic than the
female labor force in Bali Province when other variables are constant. Women have higher
resilience because modern Balinese women have now received a lot of education up to college
and have established jobs that provide opportunities for women to have a very important role in
social, educational, political, and family life (Pramita, Yasa, and Artika, 2020).
• Education level
The labor force with the highest education in senior high school is 0.682 times faster to stop
working due to the Covid-19 pandemic than the labor force with the highest education in junior
high school and below when other variables are constant. The labor force with the highest
education in vocational high shool is 0.503 times faster to stop working due to the Covid-19
pandemic than the labor force with the highest education in junior high school and below when
other variables are constant. Meanwhile, the labor force with the highest education in college is
0.770 times faster to stop working due to the Covid-19 pandemic than the labor force with the
highest education in junior high school and below when other variables are constant.
The results of this study were not in line with the research conducted by Montenovo et al.
(2020), which states that highly educated workers appear to be safer because they have a greater
chance of working remotely or without direct interaction. Data published on the state of
employment in Bali Province in August 2019 shows that the labor force with junior high school
education and below has the lowest percentage of the labor force working in the accommodation
and food and drink supply sector. The accommodation and food and drink supply sector is used
to approach the tourism sector because more than 50 percent of tourist spending is used to pay for
hotel accommodation and food and drinks (Yoeti in Santoso, 2014). Given that the impact of this
pandemic is being felt for the tourism sector, it is possible that the labor force with junior high
school education and below has the highest resilience in the conditions of the Covid-19 pandemic.
• Training
The labor force who have participated in training is 0.785 times faster to stop working due to the
Covid-19 pandemic than the labor force who have never participated in training in Bali Province
when other variables are constant. It can be concluded that participation in training does not have
a good impact on reducing the risk of the labor force not to stop working due to the Covid-19
pandemic or the labor force that has participated in training has lower resilience to not stop
working due to the Covid-19 pandemic. Based on the descriptive analysis of this study, the results
showed that most of the labor force had never participated in training. This provides quite strong
information that participation in training is not a priority when entering the working world.
• Marital Status
The labor force that had been married is 1.388 times longer to stop working due to the Covid-19
pandemic than the unmarried labor force in Bali Province when other variables are constant. The
results of this study are in line with the research conducted by Montenovo et al. (2020), which
states that unmarried workers experienced a greater decline in employment during the Covid-19
pandemic than married workers. This can happen because the married labor force tends to try to
maintain their jobs so that they and their families can survive during the Covid-19 pandemic.
• Age group
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The labor force aged 25-54 years is 1.633 times longer to stop working due to the Covid-19
pandemic than the labor force aged 15-24 years in Bali Province when other variables are constant.
Meanwhile, the labor force aged 55 years and over is 5.795 times longer to stop working due to
the Covid-19 pandemic than the labor force aged 15-24 years in Bali Province when other
variables are constant. The results of this study are in line with the research conducted by
Montenovo et al. (2020), which states that young workers have had bad luck during this Covid19 pandemic, where these young workers have smaller remote work prospects and tend to require
face-to-face interaction in their work, thus causing resilience not to stop working to be low.
• Unobserved variables (frailty)
The frailty variable is denoted by Zk, which is a random variable with a gamma distribution for
the k-th cluster with an average = 1 and the value of variance (theta) = 0.1055, where k consists
of nine regencies/cities in Bali Province. The labor force in regencies/cities with a Zk value > 1 is
said to be weaker or more at risk of experiencing events (stop working due to the Covid-19
pandemic).
Based on Figure 5, it can be seen that the three regencies with a Zk value > 1 have a fairly high
percentage of the population working in the accommodation and food and drink supply sector, that is,
10.595 percent for Tabanan Regency, 23.696 percent for Badung Regency, and 16,400 percent for
Gianyar Regency. There are also inconsistent conditions, that is, several regencies/cities with a high
percentage of the population working in the accommodation and food and drink supply sector but having
a Zk value < 1, which is 16.318 percent for Denpasar City and 11.505 percent for Klungkung Regency.
This means that although quite a lot of residents in Denpasar City and Klungkung Regency work in the
accommodation and food and drink supply sector, the risk or potential to stop working due to the Covid19 pandemic is lower than Tabanan, Badung, and Gianyar Regencies. Meanwhile, Jembrana, Bangli,
Karangasem, and Buleleng regencies have a value of Zk < 1, which is in line with the low percentage of
the population working in the accommodation and food and drink supply sector.

Buleleng

Bangli
Karangasem

Jembrana
Tabanan
Gianyar

Badung

Percentage
Frailty value
Frailty value < 1
Frailty value > 1

Denpasar

Klungkung

Figure 5. Frailty value and
percentage of Balinese
population aged 15 years and
over who worked in the
accommodation and food
and drink supply sector
during the past week in 2019
by regency/city.

4. Conclusion
Based on the results of the analysis and discussion regarding the resilience of the labor force not to stop
working due to the Covid-19 pandemic in Bali Province, the following conclusions can be drawn:
• The labor force in Bali Province mostly stopped working in the first two months of the Covid-19
pandemic, that is, in March and April 2020. Characteristics of the labor force with higher
resilience not to stop working due to the Covid-19 pandemic based on the Kaplan-Meier survival
curve, that is, living in rural areas, female, having the highest education at junior high school and
below, never having participated in training, having been married, and are in the age range of 55
years and over.
• There are five independent variables that significantly affect the resilience of the labor force not
to stop working due to the Covid-19 pandemic in Bali Province. The five variables are gender,
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education level, participation in training, marital status, and age group. In addition, there are three
regencies/cities in Bali Province that have more than one frailty value, that is Tabanan Regency,
Badung Regency, and Gianyar Regency. This means that there are unobserved variables that cause
the labor force living in the three regencies/cities to have a greater risk or potential to stop working
due to the Covid-19 pandemic than other regencies/cities with a frailty value of less than one.
Based on the conclusions, there are several suggestions that can be given, that is:
• The government is expected to continue to carry out the handling program for the labor force who
stopped working due to the Covid-19 pandemic by taking into account the characteristics of the
labor force that has lower resilience.
• The labor force that has lower resilience during the Covid-19 pandemic are expected to make
better preparations, such as participating in various existing government programs or
independently seeks to improve skills according to the needs during this Covid-19 pandemic, such
as the ability to use technology, the ability to use social media, and language skills.
• Further researchers are expected to be able to dig deeper into the variables that are thought to
affect the resilience of the labor force not to stop working due to the Covid-19 pandemic, using
more diverse analytical methods and in accordance with the conditions of the data used, and if
necessary can use primary data to suit the needs of the analysis so that better research results can
be obtained.
Appendices
Appendix A. Frequency and percentage of labor force based on independent variables
No

Variables and characteristics

1

Classification of the area of residence

2

Gender

3

Education level

4

Training

5

Marital status

6

Age group

Category

Urban
Rural
Male
Female
≤Junior high school
Senior high school
Vocational high school
College
Ever
Never
Never married
Ever been married
15-24 years
25-54 years
≥55 years

Frequency
8,418
5,772
7,228
6,962
7,544
2,964
1,715
1,967
2,449
11,741
2,317
11,873
1,661
8,748
3,781

(%)
59.32
40.68
50.94
49.06
53.16
20.89
12.09
13.86
17.26
82.74
16.33
83.67
11.71
61.65
26.65

Appendix B. Logrank Statistic Test
Variables
Classification of the area of residence
Gender
Education level
Training
Marital status
Age group
Regency/city

p-value
0.000
0.000
0.000
0.000
0.000
0.000
0.000
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Appendix C. Output null model: Weibull Gamma Shared Frailty
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Abstract. Nowadays, employment has become one of the focus of attention for developing
countries, including Indonesia. This is one of the urgencies that must be addressed considering
that the Indonesian population is entering the demographic divident period. Success in achieving
the demographic divident is very dependent on the employment conditions of young people in
realizing a low level of dependence. However, obstacles in terms of education and employment
are still experienced by youth which can be seen from the percentage of NEET from Year-onYear (YoY), especially in 2020 it is exacerbated by Covid-19 pandemic. Based on these
problems, it is necessary to research NEET in Indonesia in 2020. This study uses 2020 National
Labor Force Survey (Sakernas) data which is analyzed by using multilevel binary logistic
regression analysis. The unemployed status of young NEETs is influenced by gender, age,
marital status, highest education completed, disability status, classification of the area of
residence, and recent migrant status. There is a multilevel effect in the NEET assessment of
young people as evidenced by the influence of Gross Domestic Product (GDP) and Human
Development Index (HDI). The research results are expected to be used as a reference in making
policies to optimizing the mismatch program on the pre-employment card to bridge the young
age of job seekers with available job opportunities and based on the province-level variable, the
province government are expected to maximize the province-level variables that affect the
tendency of NEETs to remain active in the labor market. that are targeted towards the NEET
problem in Indonesia.

1. Introduction
Employment is one of the complex problems that become the focus of attention, especially for
developing countries, including Indonesia. According to Law No.13/2004, employment is matters
relating to labor before, during, and after the work period. Based on this definition, Indonesia is still
facing various labor problems, including unemployment, exploitation of child labor, inadequate wages,
low quality of labor, labor productivity and others (Danish Trade Union Development Agency, 2020).
On the other hand, Indonesia has been entering a phase that is called the "demographic dividend" (or
"demographic bonus ") from 2030 to 2040 (Indonesian Ministry of National Development Planning,
2017). According to Noor (2015), the demographic dividend would open a “window of opportunity”
due to the population’s changing age structure, which could be a catalyst to boost economic growth and
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enhance social welfare. That is because the productive population (age range 15-64 years) becomes
larger than the unproductive population in its population evolution. The Ministry of Manpower of the
Republic of Indonesia stated that this demographic dividend provides an opportunity to availability ideal
conditions or sizes in the ratio of the productive population to the unproductive population (Indonesian
Ministry of Manpower, 2019). In this demographic dividend condition, things that need to be considered
are improving the quality of the workforce and the availability of job opportunities for the youth.
According to Gribble and Bremner (2012), the demographic dividend can be achieved through three
possible conditions: investment in health programs for mothers and children, education and skills of
children and youth, and promoting good governance. Based on this statement, it can be said that success
in achieving the demographic dividend is highly dependent on the conditions of youth employment in
realizing a low level of dependency. On the other hand, if the young population is incompetent, facing
difficulties in finding jobs that match their skills, difficulties in accessing employment information, and
so on, the demographic dividend has the potential to be disastrous. Departing from the problems faced
by the youth, the Not in Employment, Education, or Training (NEET) indicator was developed by the
International Labor Organization (ILO) and the United Nations (UN) to identify the vulnerability of
young people to unemployment, school dropout, and hopelessness in the labor market (Wickremeratne
and Danusinghe, 2018). According to the European Commission (2011), NEET is a term that refers to
a phenomenon when a person is not working, not in education, and not in training. Based on data from
BPS-Statistics Indonesia, the proportion of NEET in Indonesia from 2015-2020 tends to fluctuate (BPSStatistics Indonesia, 2020). From 2015 to 2017, the percentage of NEET has decreased but increased
again in 2018. In 2019, NEET decreased to increase again in 2020, as shown in Figure 1.
26

Percentage of NEET
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24.28

24

23.19
22.48

23
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21.72
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Source: BPS-Statistics Indonesia (2020)
Figure 1. Indonesian youth Not in Employment, Education, or Training (NEET)
Based on Figure 1, it can be seen that although in 2017 and 2019, the NEET percentage decreased,
the value of the NEET percentage become 21.41 percent in 2017 and then increasing again in the
following year. This shows that efforts are needed to minimize unproductive young people to maximize
the potential of existing youth so that they can realize development targets through the demographic
dividend. On the other hand, the increase in NEET percentage in 2020 indicated some obstacles in
realizing these goals since the spread of the Covid-19 pandemic in recent months.
Seeing these problems, the government has made various efforts to minimize NEET in Indonesia,
one of which is fully committed to implementing the Sustainable Development Goals (SDGs),
guidelines for developing countries in the world. Minimizing NEET is included in the eighth goal of the
SDGs, promote sustained, inclusive and sustainable economic growth, full and productive employment
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and decent work for all (Indonesian Ministry of National Development Planning, 2020). The sixth target
of this goal also emphasizes NEET, which is expected by 2020 to substantially reduce the proportion of
youth not in employment, education or training. However, efforts to deal with this problem have not
shown maximum results, as seen from the percentage of NEET in Indonesia from Year-on-Year (YoY).
In addition, according to ILO-OECD (2020) as the pandemic is causing massive damage to the economy,
the situation for young workers in this vulnerable sector is even more worrisome. The reduction of
economic and social activities to inhibit the spread of COVID-19 in Indonesia is causing various
economic sectors to contract. The result is that a number of workers are furloughed, while some others
are even laid off (Rahman, Kusuma, and Afyanto, 2020). This can be one of the reasons for the changes
of young people’s labor condition such as the increasing of NEET percentage compared to previous
years. As an effort to support the formulation of employment policies which suit the characteristics of
young people who classified as NEET impacted by the crisis, it is necessary to formulate policies that
are right on target by first knowing the current overall picture of NEET.
According to Centeno and Fernandes (2004), it is essential to distinguish NEET between those who
are looking for work (the unemployed) and those not looking (the inactive) to find out the proper
treatment for the problems experienced. Moreover, these categories can be used to see young people's
productivity during non-employment periods and assess the rate of transition to work. This statement is
following the categorization of NEET by Eurofound (2012), where NEET can be divided into two
subcategories based on status in the labor market, namely young people who are unemployed
(unemployed NEET) and young people who are not actively looking for work (inactive NEET). The
difference between the two categories based on the desire/effort to seek or accept a job offer can be used
to see the productivity of young people in the labor market.
Based on these problems, it is necessary to research NEET in Indonesia in 2020, considering the
previous efforts that have not been maximized, which is made worse by the Covid-19 pandemic.
According to Hox, Moerbeek, and Schoot (2018), in social research, individuals can interact with the
social context in which the individual comes from. This shows that individuals can be influenced by the
context or group to which the individual belongs. Conversely, a group is also influenced by the
individuals who make up the group. Based on this statement, individual characteristics such as the status
of young NEETs maybe also influenced by the levels above them, such as households, districts, or
provinces, so this study considers the influence of the province-level, which may affect the status of
young NEETs. On the other hand, due to the limited data at the district-level when this study was
conducted, province-level as a higher level of the group was chosen as the second level in the analysis.
Based on the statements before, this study conducted a multilevel analysis where some variables
hypothesized to affect the young NEET to become unemployed NEET. Therefore, the objectives of this
study are to know the descriptive of NEET in Indonesia in 2020 and to analyze individual and provincelevel variables that affect unemployed NEET status at a young age and the magnitude of the trend of the
variables that influence it in 2020.
2. Methodology
2.1. Study area and data sources
The data of individual variables were retrieved from the National Labor Force Survey (Sakernas)
conducted in August 2020 meanwhile the province-level data obtained from website of BPS-Statistics
Indonesia. This survey was conducted in the entire territory of Indonesia. The unit of analysis in this
study is the young people -age 15 to 24 years- in Indonesia who are not actively working, do not continue
their education, and are not currently attending training (NEET).
2.2. Study variables
In this study, the dependent variable was the young people categorized as NEET’s status in the labor
market. NEET’s status in the labor market was a dichotomy variable since it consists of two
subcategories, namely unemployed NEET and inactive NEET. All the independent variables were
classified into individual-level and province-level variables. Individual-level variables include gender,
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age, marital status, highest education completed, disability status, classification of the area of residence,
and recent migrant status. Meanwhile, the province-level variables consist of the province's Gross
Regional Domestic Product (Produk Domestik Regional Bruto/GDRP) at constant prices to 2010 as a
baseline, provincial minimum wage (Upah Minimum Provinsi/UMP), and the Human Development
Index (HDI) of each province in Indonesia. The detail of variables used in this research can be seen in
Table 1.
Table 1. Variables used in this research
Variable
Status of NEET in the labor
market
1. Individual Variable
Gender
Age

Type of Data
Dependent Variable
Categorical
Independent Variable
Categorical
Numerical
Categorical

Marital status

Categorical

Educational level

Categorical

Disability status

Categorical

Residence

Categorical

Recent migrant status
2. Province-level Variable
GDRP
The province minimum wage
(UMP)
HDI

Category
1: Unemployed NEET
0: Inactive NEET
1: Male (reference)
0: Female
1: Never married (reference)
0: Married
1: Junio high school or below
(reference)
0: Senior high school or above
1: Disabled (reference)
0: Non-disabled
1: Rural (reference)
0: Urban
1: Migrant recent (reference)
0: Non-migrant recent

Numerical
Numerical

-

Numerical

-

2.3. Descriptive statistics
In the descriptive statistics, tables and graphs were provided to describe an overview of young NEETs
in Indonesia and an overview of young NEETs divided by subcategories and individual and provincelevel variables that hypothesized affect young people NEETs to become unemployed NEET.
2.4. Multilevel binary logistic regression analysis
Multilevel binary logistic regression analysis was used to analyze the influence and tendency of the
independent variable on the dependent variable. In this study, a multilevel model with a random intercept
is used to determine the effect of variation at province-level on the dependent variable. This model also
assumes that the effect of independent variable has the same effect on the dependent variable for each
province. The following is the general form of a two-level binary logistic regression model with a
random intercept (Hox, Moerbeek, and Schoot, 2018).
𝑙𝑛 (

𝑃
𝑄
𝜋𝑖𝑗
) = 𝛾00 + ∑ 𝛾𝑝0 𝑋𝑝𝑖𝑗 + ∑ 𝛾0𝑞 𝑍𝑞𝑗 + 𝑢0𝑗 + 𝜀𝑖𝑗
1 − 𝜋𝑖𝑗
𝑝=1
𝑞=1

(1)

where:
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i
j
p
q
𝛾00
𝛾𝑝0
𝛾0𝑞
𝑋𝑝𝑖𝑗
𝑍𝑞𝑗
𝑢0𝑗
𝑒𝑖𝑗

= 1,2,3,….,nj is the number of observation units at level 1 in group j
= 1,2, …, J where J is the number of groups at level 2
= 1,2, …, P where P is the number of explanatory variables at level 1
= 1,2, …, Q where Q is the number of explanatory variables at level 2
= fixed intercept
= fixed effect for the explanatory variable p at level 1
= fixed effect for the explanatory variable q at level 2
= explanatory variable p for individu i in group j at level 1
= explanatory variable q in group j at level 2
= random effect for group j at level 2
= error for individu i at level 1 in group j

The steps in multilevel binary logistic regression analysis are as follows:
1. Random effect significance test (likelihood ratio (LR) test)
This test conducted to determine which model is more suitable to use, the model without random
effects or the model with random effects. Deviance is the statistic test used which also called as
likelihood ratio. The hypothesis of this test can be seen as follow:
2
H0 : 𝜎𝑢𝑜
= 0 (the random effect is not significant)
2
H1 : 𝜎𝑢𝑜
≠ 0 (the random effect is significant)
Meanwhile, the likelihood ratio can be obtained using this following formula:

𝑙𝑖𝑘𝑒𝑙𝑖ℎ𝑜𝑜𝑑 𝑜𝑓 𝑚𝑜𝑑𝑒𝑙 𝑤𝑖𝑡ℎ𝑜𝑢𝑡 𝑟𝑎𝑛𝑑𝑜𝑚 𝑒𝑓𝑓𝑒𝑐𝑡
2
𝐿𝑖𝑘𝑒𝑙𝑖ℎ𝑜𝑜𝑑 𝑅𝑎𝑡𝑖𝑜 𝑇𝑒𝑠𝑡 (𝐿𝑅) = −2𝑙𝑛 [
] ~𝜒(1)
𝑙𝑖𝑘𝑒𝑙𝑖ℎ𝑜𝑜𝑑 𝑜𝑓 𝑚𝑜𝑑𝑒𝑙 𝑤𝑖𝑡ℎ 𝑟𝑎𝑛𝑑𝑜𝑚 𝑒𝑓𝑓𝑒𝑐𝑡

(2)

Using the likelihood ratio test, if the LR is more than \chi_{0,05:1}^2 or the LR is more
than 3.84, the conclusion is that there are differences between groups so that a binary
logistic model with two levels is better used than a one-level binary logistic regression.

2. Calculating of Intraclass Correlation Coefficient (ICC).
Intraclass correlation coefficient (ICC) is the proportion of variation in dependent variables that
can be explained by differences in group characteristics (Hox, Moerbeek, and Schoot, 2018).
ICC can also be interpreted as the ratio between between-group and total variance (Twisk,
2005). The ICC value is in the range of 0 to 1, where the higher the value means the more
significant the diversity of NEET status due to inter-provincial characteristics. The ICC value
is calculated to determine the magnitude of the diversity or variation in the status of young
NEETs caused by differences in provincial characteristics. The value of ICC can be obtained
using this following formula:
2
𝜎𝑢0
ICC = 2
𝜎𝑢0 + 𝜎𝑒2

(3)

3. Simultaneous Parameter Significance Test (G Test)
This test was conducted to determine the presence or absence of explanatory variables that affect
a person's NEET status. The hypothesis of this test can be seen as follow:
H0 : 𝛾10 = 𝛾20 = ⋯ = 𝛾𝑃0 = 𝛾01 = ⋯ = 𝛾0𝑄 = 0 (the independent variables do not
significantly affect the dependent variable)
H1 : 𝛾 ≠ 0 (at least there is one independent variable significantly affect the dependen variable)
Meanwhile, the likelihood ratio can be obtained using this following test statistics:
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𝐺 = −2𝑙𝑛 (

𝑙𝑖𝑘𝑒𝑙𝑖ℎ𝑜𝑜𝑑 𝑡𝑎𝑛𝑝𝑎 𝑣𝑎𝑟𝑖𝑎𝑏𝑒𝑙 𝑝𝑒𝑛𝑗𝑒𝑙𝑎𝑠
2
) ~ 𝜒(𝑟)
𝑙𝑖𝑘𝑒𝑙𝑖ℎ𝑜𝑜𝑑 𝑑𝑒𝑛𝑔𝑎𝑛 𝑣𝑎𝑟𝑖𝑎𝑏𝑒𝑙 𝑝𝑒𝑛𝑗𝑒𝑙𝑎𝑠

(4)

where r is the total of independent variables in the level 1 (individual level) and level 2
(province-level).
The calculation is carried out using the likelihood ratio test equation where if G is worth more
2
than 𝜒0,05;10
or G is more than 18.31, then the decision is to reject H0, which means that there
is at least one independent variable that affects the dependent variable and the model with a
variable independent is more suitable.
4. Partial Parameter Significance Test (Wald Test).
This test was conducted to determine the effect of each independent variable on NEET status,
both at individual-level and province-level. Statistical testing was carried out using the Wald
test. The hypothesis and statistics test can be seen as follow:
Level 1 (individual level)

Level 2 (province level)

H0 : 𝛾𝑝0 = 0
H1 : 𝛾𝑝0 ≠ 0, p = 1, 2, ..., P

H0 : 𝛾0𝑞 = 0
H1 : 𝛾0𝑞 ≠ 0; q = 1, 2, ...., Q

𝑊𝑝0 =

𝛾̂𝑝0
𝑆𝑒(𝛾̂𝑝0 )

𝑊0𝑞 =

𝛾̂0𝑞
𝑆𝑒(𝛾̂0𝑞 )

(5)

If the W value is more than Zα/2 or the p-value is less than alpha, it can be concluded that the
independent variable affects the dependent variable. After that, model building with the
dependent and independent variables that significantly affect the partial test, a multilevel binary
logistic regression model is formed with a random intercept.
5. Parameter Interpretation with Odds Ratio.
The interpretation of the regression coefficients in the logistic regression model is carried out
with the odds ratio value obtained from 𝑒 γ𝑝𝑞 (Hosmer and Lemeshow, 2013). The odds ratio
value for categorical variables shows the tendency of young people to be NEET-employed status
for an explanatory categorical variable is 𝑒 γ𝑝𝑞 times compared to the reference category. As for
the numerical variables, the odds ratio value indicates the tendency of young people to become
NEET-employed is 𝑒 γ𝑝𝑞 times for every one-unit increase in the explanatory variable. The
value of odds ratio can be calculated by the following formula:
𝜋(1)
1 − 𝜋(1)
𝑂𝑅 =
𝜋(0)
1 − 𝜋(0)

(6)

3. Result and Discussion
3.1. Descriptive statistics of the study variables
Based on data from the 2020 National Labor Force Survey (Sakernas), this study involved 38,192 young
people defined as Not in Employment, Education, or Training (NEET) in Indonesia. From Table 2, out
of the total NEETs; 22,334 (58.5%) were female, 5,695 (14.9%) were in age 18, 27,720 (72.6%) were
married, and 24,091(63.1%) were maximum completing junior high school or below in their education.
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In this study, 36,891 (96.6%) were non-disabled and 21,606 ( 56.6%) were living in urban area. The
study has also shown that 37,303 (97.7%) did not migrate in the last five years (not a recent migrant).
Table 2. Characteristic of NEET in 2020
Variables
Gender
Age
Marital status
Educational Level
Disability status
Residence
Recent Migrant Status

Category of variables

Frequency

Percent

Male

15,858

41.5

Female

22,334

58.5

15-19

15,778

41,4

20-24

22.414

58,7

Never married

10,472

27.4

Married

27,720

72.6

Senior high school or above

14,101

36.9

Junior high school or below

24,091

63.1

Disabled

1,301

3.4

Non-disabled

36,891

96.6

Rural

16,586

43.4

Urban

21,606

56.6

A recent migrants

889

2.3

Not a recent migrants

37,303

97.7

Source: National Labor Force Survey (Sakernas) (processed by authors)
The study revealed that NEET in Indonesia differs between one province to another, as shown in
Figure 2. Based on Figure 2, the province with the highest NEET percentage is North Sulawesi province
(29.94%); meanwhile, the province with the lowest NEET percentage is D.I. Yogyakarta, (12.71%).
In this study, NEET is divided into two subcategories based on status in the labor market, namely
young people who are unemployed (unemployed NEET) and young people who are not actively looking
for work (inactive NEET) (Eurofound, 2012). Based on that subcategories, young people classified as
NEET in 2020 are shown in Figure 3. Based on Figure 3, it can be seen that 32.90 percent of NEETs are
included in the unemployed category, while the remaining 67.10 percent are in the inactive category.
This percentage shows that the number of young people with NEET status but not actively looking for
work and not receiving work is higher than those unemployed. This fact is following the statement of
the International Labor Organization (ILO) in 2021, namely the existence of the Covid-19 pandemic
affecting world employment by increasing more people who are inactive in the labor market (inactive)
than those who are unemployed (unemployed) (ILO, 2021).
The descriptive of the individual variables are also shown according to the NEET's status in the labor
market as can be seen in Figure 3. This study revealed that unemployed NEET is dominated by young
people who are male, never married, graduated from junior high school and below, do not have a
disability, reside in a place classified as a rural area, and have recent migrant status. On the other hand,
inactive NEET has a greater percentage in almost all individual characteristics categories than the
unemployed NEET, as for the province-level variables, GRDP, province minimum wage, and HDI
showed varied value among the 34 provinces.
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Source: National Labor Force Survey (Sakernas) (processed by authors)
Figure 2. NEET (in percent) of each province of Indonesia

67.10

32.90

Inactive

Unemployed

Source: National Labor Force Survey (Sakernas)
(processed by authors)
Figure 3. Percentage of young people who are
categorized as NEET based on their status in the labor
market
3.2. Determinants of unemployed NEET in Indonesia during 2020
The first step in multilevel binary logistic regression analysis is testing the significance of random
effects. Based on the STATA output in Appendix A, the p-value of this study is 0.0000, moreover, the
likelihood ratio test value is 1,032.28, greater than 3.84 as a value of χ20,05;1 . This value indicates that
the decision obtained rejects H0, so it can be concluded that there is a significant random effect with a
95 percent confidence level. This shows that the multilevel binary logistic regression model is better
used in this study than one-level binary logistic regression. After obtaining the right analytical decision,
the Intraclass Correlation (ICC) is calculated.
The results of data processing in Appendix B show that the ICC value of this model is 0.0453. This
value shows that 4.53 percent of the unemployed NEET diversity in Indonesia caused by differences of
characteristics among the province-level. The value of ICC can be various among the research. Hox
(2018) states that the ICC for level 2 in a household level is 0.0-0.3, means 0-30 percent of the dependent
variable variations caused by differences of characteristics among the household-level (as the level 2),
meanwhile the ICC when the postal code is chosen as the level 2 is less than 0.05, and for the district
level, it is 0.01. Twisk research (2005) also states that the ICC value is still in a question mark, and there
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is no definite provision regarding the minimum ICC value. This is also supported by research conducted
by Nezlek (2008), which explains that the multilevel model can still be used with an ICC value of 0.
Next, the parameters are tested simultaneously. This test was conducted using STATA so that it can
obtain output results of the G value.
In this study, using formula (4), the result of the calculation of the likelihood ratio test obtain is
2
67621.414, worth more than 𝜒0,05;10
, which is 18.31, so the decision obtained is to reject H0. Based on
this decision, it can be concluded that with a confidence level of 95 percent, there is at least one
explanatory variable that affects the unemployed status of young NEETs in Indonesia.
The analysis stage is then continued by testing the parameters partially. The partial test results
obtained will be used to determine which explanatory variables affect NEET unemployment in
Indonesia. This partial test decides to reject H0 because the p-value is less than alpha. Based on this
decision, it can be concluded that with a 95 percent confidence level, the explanatory variables tested
and have a significant value can be said to affect NEET employment in Indonesia.
The partial test shows that significant and insignificant variables affect NEET to become unemployed
NEET in Indonesia. Based on whether the variables are significant or not, a partial re-test was conducted
only including significant variables so that each variable's odds ratio value or tendency towards the
NEET status can be determined and interpreted. The results of the partial test of the significant variables
can be seen in Table 2.
Table 2. Multilevel logistic regression analysis output
Variables
Constant
Gender
Malea
Female
Age
Marital status
Never marrieda
Married
Education level
Junior high school or belowa
Senior high school or above
Disability status
Disableda
Non-disabled
Residence
Rurala
Urban
Migrant recent status
Migrant recenta
Non- migrant recent

Standard
Error
-8.736
0.896
Individual-level variables
Coefficients

Z

p-value

-9.75

0.000

Odds
Ratio
-

-0.770

0.026

-29.78

0.000b

0.463

0.143

0.006

25.53

0.000 b

1.153

1.762

0.041

43.10

0.000 b

5.828

0.028

17.50

0.000 b

1.639

0.104

18.58

0.000 b

6.893

0.025

-9.77

0.000 b

0.780

0.084

-4.51

0.000 b

0.685

0.494

1.930
-0.248
-0.378

Province-level variables
GDRP
0.004
0.001
The province minimum wage (UMP)
-0.112
0.078
HDI
0.035
0.013
a
Reference category
b
Significant at alpha = 0,05

4.26
-1.44
2.81

0.000 b
0.151
0.008 b

1.004
0.894
1.035
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Based on Table 2, it can be seen that gender, age, marital status, education level, disability status,
residence, migrant recent status, GDRP, and HDI significantly influence the Indonesian young NEET
status in the labour market in 2020. The multilevel binary logistic regression model formed can be seen
as follows:
̂
𝜋

ln(1−𝜋𝑖𝑗̂ ) = -8.736-0.770Genderij*+0,143Ageij*+1,762Maritalij*+
𝑖𝑗

0,494Educationij*+1,930Disabilyij*-0,249Klasifikasiij*0,378Migranij*+0,004GDRPj*-0.112UMP+0,035HDIj*

(7)

Where: *) significant at alpha = 0,05
From Table 2, it can be seen that the genders' slope is negative, and the coefficient value is -0.770,
which means that the female sex can reduce a person's tendency to become unemployed NEET 0.463
times compared to males assuming all other variables are constant. In other words, young male are 2.160
times more likely to be unemployed NEET than female. The tendency of male to keep trying to
participate in the labor market is probably due to the responsibilities associated with the division of tasks
in which men act as breadwinners in the family. Kulik (2000) said that most female are often considered
less severe than male in trying to get a job due to the responsibility to take care of the family.
This study revealed that the slope of the age variable has a positive value where the coefficient value
is 0.143 which means an increase in age can increase young NEET propensity to become unemployed
NEET. Every one-year increase in age will increase a person's tendency to become unemployed NEET
by 1.153 times, assuming all other variables are constant. In other words, as age increases, the
opportunity to actively seek work or participate in the labor market will be more significant. These
results are in line with the research of Sumarsono (2002), which states that young people usually have
less responsibility as breadwinners in the family.
In this study, someone who married can increase a person's tendency to become a unemployed NEET
by 5.828 times compared to someone who has never been married, assuming all other variables are
constant. This finding is similar to studies conducted by Rohmatin (2016) which states that most workers
with more than three dependents decide to work. Moreover, according to the duration of being
unemployed, Khan and Yousaf (2013) state that married people experience a lower duration of
unemployment than single people because married people have family responsibilities and accept jobs
even at low wages.
This study reveals that young people who complete the highest education of high school and above
can increase their tendency to become unemployed NEET by 1.639 times compared to young people
who complete the highest education of junior high school and below, assuming all other variables are
constant. These results are consistent with the research results by Theodossiou and Zangelidis (2009),
which shows that a person's low level of education can affect whether or not a person is accepted in the
labor market. This unfavorable economic condition may affect one's motivation to keep participating in
the job market so that high school graduates and above are more likely to stay active in the job market.
This can be seen from the Covid-19 pandemic, where even students with high academic achievements
face job search problems that need to be resolved.
Based on the statistical test results of the disability status variable as shown in Table 2, with a pvalue less than alpha (0.05), it can be concluded that disability status affected young NEETs in Indonesia
in 2020. Table 2 shows that disability status affects young NEET status in Indonesia with a positive
slope and a coefficient value of 1,930. This means that young people who do not have disabilities can
increase the tendency to become unemployed NEET by 6.893 times compared to someone with
disabilities assuming all other variables are constant. These results are consistent with research by
Rokhim and Handoyo (2015), which states that the condition of persons with disabilities who tend to
depend on the help of others causes persons with disabilities to be seen as inferior by others, not least in
the labor market. This results in people with disabilities who are often ignored and excluded when
applying for jobs.
Based on Table 2, it can be seen that the classification of residence affects the NEET status of young
people in Indonesia with a negative slope and a coefficient value of -0.248. This means that young
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people who live in areas with urban status can reduce a person's tendency to become unemployed NEET
by 0.780 times compared to someone who lives in rural areas assuming all other variables are constant.
In other words, young people living in rural areas have a 1.282 times greater tendency to be unemployed
NEET than young people living in urban areas. These results do not follow Pasay and Indrayanti (2012)
that the labor force that lives in the city has a higher probability of working participation than those who
live in the village. This is probably because the fastest and most significant impact of the Covid-19
pandemic is in urban areas. This can be seen from the percentage of poor people in June 2020 who are
primarily in urban areas, especially business centers, industry, trade, transportation services, and
tourism. The process of transmission through exposure and social barriers causes reduced or lost
working time and decreased individual productivity.
This study indicated that someone who is not a recent migrant could reduce the tendency to become
an unemployed NEET by 0.685 times compared to someone who is a recent migrant assuming all other
variables are constant. In other words, someone who is a recent migrant tends of 1,459 times greater
than a non-recent migrant to become an unemployed NEET. According to Behtoui (2004), someone
with the status of a migrant tends to have fewer networks where the importance of these networks tends
to increase when labor market conditions deteriorate. Based on these two studies, it can be seen that
someone with migrant status tends to have smaller opportunities in the labor market, which may affect
motivation to participate in the labor market. However, the results of this study are not in line with these
studies. This could be because work is the reason for migration by young people, thereby increasing
motivation to remain active in the labor market. Lee (1976) and Todaro (1992) stated that the economic
motive is one of the motivations for a person to migrate. This motive develops because of the economic
inequality between regions, where a person does mobility in the hope of getting a job and getting a better
income than the last place.
Province-level variables, GRDP, indicated that every one trillion increase in province-level GRDP
would increase a person's tendency to become unemployed NEET by 1.004 times, assuming all other
variables are constant. In other words, the increasing GRDP of an area will increase the chances of
becoming an unemployed NEET. This finding is similar to studies conducted by Wasilaputri (2016)
which states that if the value of GRDP increases, GRDP can affect an increase in the workforce working
and increase the amount of value-added output or sales in all economic units in a region.
The province minimum wage (UMP) is included in the research hypothesis because it is hypothesized
significantly affect unemployed NEET status at a young age in Indonesia. However, based on statistical
tests that include all variables, the UMP has a p-value of 0.151. The resulting decision is failed to reject
H0 at a significance level of 0.05. This result indicated that the research data do not support the research
hypothesis, so it can be concluded that the UMP had no effect on young NEET employment in Indonesia
in 2020. The result is in line with the ILO statement (2020) that young people tend to work in low-paid
jobs and sectors. Many of whom have been hit by the Covid-19 crisis. It also shows that the size of the
UMP is unlikely to affect young people's motivation to persist in trying to participate in the labor market.
Based on the coefficients in Table 2, it can be seen that HDI affects the unemployed status of young
NEET in Indonesia with a positive slope and a coefficient value of 0.033. This means that every increase
of one HDI unit will increase a person's tendency to become unemployed NEET by 1.034 times,
assuming all other variables are constant. In other words, an increase in HDI will increase the chances
of becoming a NEET. Saputra in Mahroji and Nurkhasanah (2019) states that the HDI shows the
achievement of human development based on several essential components of quality of life that can
affect a person's level of productivity. In other words, in this case, an increase in HDI in a province
shows the capacity of its human resources so that it is possible to increase the desire and motivation to
continue to participate in the labor market.
4. Conclusion
Based on the results and discussion described above, this study revealed that in 2020, young people with
Not in Employment, Education, or Training (NEET) status in Indonesia are dominated by young people
who are female, have never been married, have a maximum education of completing junior high school,
do not have disabilities, residing in an urban area, and judging from their migrant status, and they are
not recent migrants. Due to the limitation of district-level variables which not avaliable when this study

792

N P G Naraswati and Y A Jatmiko

conducted, province-level used as the level-two in the analysis. Multilevel binary logistic analysis
revealed that the unemployed status of young NEETs in Indonesia is influenced by gender, age, marital
status, education level, disability status, classification of residence, and recent migrant status. Among
the province-level variables, Gross Regional Domestic Product (GRDP) and Human Development Index
(HDI) have significantly affected the unemployed status of young NEET. In another hand, province
minimum wage was found to not significant affect young NEET to become unemployed NEET. This
probably because due to Covid-19 pandemic, young people tend to work in low-paid jobs and sectors,
so minimum wage unlikely affect young people's motivation to persist in trying to participate in the
labor market. This study revealed that women, older at age, married, complete senior high school or
above in education, non-disability, live in rural area, a recent migrant young NEET, higher GDRP and
HDI will more likely to become unemployed NEET. These result can be consideration in policy making.
5. Suggestion
Based on the conclusions above, the government is expected to optimize the provision of employment
opportunities by considering the characteristics of young people who are still active in looking for work.
One of them can be done by optimizing the mismatch program on the pre-employment card to bridge
the young age of job seekers with available job opportunities. Moreover, based on the province-level
variable, the province government are expected to maximize the province-level variables that affect the
tendency of NEETs to remain active in the labor market, GRDP and HDI. This can be done through the
preparation of a budget that is right on target in GRDP and pays attention to and maximizes the
dimensions of the HDI components, namely a long and healthy life (a long and healthy life), knowledge
(knowledge), and a decent standard of living (decent standard of living). The province goverment also
expected to monitor the minimum wage due to the result which indicating that the amount of wage is no
more motivated young NEET in seeking job. For further study, expected to do a further direct analysis
of the influence of the Covid-19 pandemic on the employment conditions of young people, especially
in NEET.
Appendices
Appendix A. STATA output from the significance of random effect test
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Appendix B. STATA output of ICC value
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Abstract. The large population in Indonesia has an impact on providing basic services for
population which is not optimal so the condition and distribution of the population in a country
must be addressed through fertility control methods. Total Fertility Rate (TFR) is one of fertility
measures used in Indonesia. The estimation of TFR at the district level is very important,
especially for the Nusa Tenggara Timur (NTT) Province as the province with the highest TFR
in Indonesia. The availability of TFR data up to the district level is difficult to obtain every year
due to data limitations. This study uses the National Socio-Economic Survey to address these
problems. TFR estimation through survey data (direct estimation) generally results in a large
Relative Standard Error (RSE) value, so it is necessary to estimate using an indirect estimate in
the form of Small Area Estimation (SAE). By using SAERestricted Maximum
Likelihood (REML) procedure, TFR with an RSE that is lower than the direct estimate is
obtained. There are 5 district that have a medium-high TFR, namely: Sumba Barat Daya, Sumba
Tengah, Sabu Raijua, Sumba Barat, and Manggarai Barat. The government is recommended to
focus more on that 5 districts to suppress the high TFR in NTT.

1. Introduction
The population is one of the important conditions for the formation of a country. In various aspects, the
population is the party that takes the role, including advancing the welfare of a country. Based on
population projection year 2015-2045, Indonesia's population in the year 2021 is 272.248 million [1].
In fact, in 2021 Indonesia would be in the fourth position of the country with the largest population in
the world [2]. Huge population and a limited state budget have an impact on the provision of basic
services to the population that is not optimal in a given country. Because of these problems, the
condition and distribution of the population in a country must be considered. To support the success of
development, as well as to deal with population problems including the number, composition, and
distribution of the population, it is necessary to control the population through fertility control [3]. The
fertility control in Indonesia carried out by the National Population and Family Planning Board
(BKKBN) is an effort to suppress the population with specific steps in the form of the Keluarga
Berencana (KB) program. The KB program is implemented to reduce the Total Fertility Rate (TFR) to
a value of 2.1 in 2025.
TFR is the average number of children born to a woman during her childbearing age (WUS) obtained
through the accumulation of the Age-Specific Fertility Rate (ASFR) [4]. TFR is useful as an indicator
to compare success between regions in implementing socio-economic development, showing the level
of success of family planning programs, helping development program planners to increase the
average age of marriage, improving health service programs related to maternal and child care services,
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and developing birth rate reduction program [4]. Based on Indonesia Demographic and Health Survey
(IDHS) 2017, the values TFR Indonesia in 2017 is 2.4 which means that Indonesian women aged 15-49
years on average have 2 to 3 children during her fertile age. Based on IDHS 2017, the province with
the highest TFR is Nusa Tenggara Timur (NTT) (3.4) and the province with the lowest TFR is
Jawa Timur (2.1) and Yogyakarta (2.1). Thus, the handling of the high TFR in Indonesia can be focused
on the province with the highest TFR, namely NTT. If look at the condition of TFR more specifically,
then the data required TFR at the districts level. Estimation of TFR which was published by IDHS and
the National Socio-Economic Survey (SUSENAS) only national and provincial level. The availability
of TFR data at the provincial level is still difficult to obtain every year. In several surveys with the level
of presentation in the form of districts/cities, TFR estimates are also rarely published. With their
decentralized systems and data needs, required estimation of TFR to a smaller area by geographic
(district level).
TFR estimation can be done using direct and indirect estimation methods. The direct estimation
method is very suitable if applied to data that is supported by a good registration system so that the
estimation results are accurate. However, the use of direct estimation methods sometimes results in
large standard errors [5]. Estimation TFR at the district level also can be done through surveys (direct
estimation) who have publications county level, but the indirect estimation methods can still be used to
lower the standard error. Indirect estimation methods are widely applied in countries with poor vital
registration systems such as Indonesia [6]. The TFR in 2013 was calculated using the indirect estimation
method of the Own Child Method (OCM) [7]. This method turns out to have a weakness namely, it does
not have a Relative Standard Error (RSE) precision measure, so it cannot be known whether the results
of the estimations carried out are more reliable than direct estimates. This method also requires census
data as a component of calculating TFR, even though this data is difficult to obtain every year. This
study applies a different indirect method, namely Small Area Estimation (SAE). This SAE method has
the advantage that it can provide more reliable estimation results with the strength of the loan from the
accompanying variables used with comprehensive coverage [8]. SAE Restricted Maximum Likelihood
(REML) method was used in this research to reduce the standard error of the direct estimation method.
Research related to the SAE method to estimate ASFR and TFR was conducted at the district level
in Portugal [9]. In that study, SAE was carried out without the use of auxiliary variables because no
suitable auxiliary variables were found. Also in that study, SAE was applied to estimate the fertility
rate of 28 districts in Portugal referring to 7 age groups of women of childbearing age, namely 15-19,
20-24, 25-29, 30-34, 35-39, 40-44, and 45-49 in 2009. Research on fertility rates was also conducted
to estimate the percentage of women of childbearing age with high fertility in Mamuju and Mamuju
Tengah Districts using the SAE method of Spatial Empirical Best Linear Unbiased Predictor (SEBLUP)
[10]. With a significance level of 20%, of the 9 proposed variables, there are 4 significant accompanying
variables in this case. The concomitant significant variable is the ratio of school per 1000 women was
significant, at α = 10%, the industry ratio per 100 women was significant at α = 5%, and the average
distance to health facilities which was significant at α = 20%. The results of this study, the SEBLUP
method SAE with the Restricted Maximum Likelihood (REML) procedure resulted in the estimated
value of the percentage of women of childbearing age with high fertility at village level is better than
the direct estimation results and SEBLUP Maximum Likelihood (ML) procedure.
In this study, the estimated variable is TFR. This study aims to estimate TFR at the district level so
that it is useful for the government especially local government in suppressing the high TFR. The SAE
EBLUP method is considered appropriate to use on continuous data [11]. TFR is a variable of the
continuous type so that the estimation of TFR using SAE would be more appropriate if using the EBLUP
Fay-Herriot (FH) with the REML method. Therefore, the purpose of this study is to examine the
estimation of the district level TFR in NTT in 2019 through the Small Area Estimation. This study uses
a method that produces a precision measure in the form of RSE so that the goodness of the estimation
results can be known. Previous research has calculated the TFR using the Own Children Method but
this method does not have a precision measure that guarantees the goodness of the estimation results
[6]. In terms of data use, this study uses data that can be obtained every year such as SUSENAS so that
data availability is guaranteed and estimations can be carried out continuously for every year, in contrast
to the previous research which requires census data in its estimation [7].
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2. Methodology
The data used in this study is secondary data sourced from BPS, namely the March 2019 SUSENAS
data, Village Potential Statistics (PODES) in 2018, and the 2010 Population Census (SP) in Nusa
Tenggara Timur Province. This study discusses the direct and indirect estimation of TFR in NTT in
2019. NTT consists of 21 districts and 1 city. A direct estimate of TFR is obtained using the following
formula.
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with 𝑤𝑔ℎ𝑖𝑗 is weighted at the gth district/city, the hth age group in the ith census block (BS), and jth
households. Then, 𝑦𝑔ℎ𝑖𝑗 is the number of children born in the district/city to-g, the age group of to-h in
the census block (BS) to-i, and households to-j and is the number of women of childbearing age in the
district/city to-g , age group h in the i-th census block, and the j-th household. The estimation of
the direct estimation variance is based on the accumulated ASFR variance. Assuming that the ASFRs
are independent, the following is the formula for the variance [12].
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2.1. Small Area Estimation
Small area modeling is a model with random area-specific effects that calculates the variation between
areas that is not explained by the auxiliary variable. Indirect estimation based on a small area model is
called model-based estimation. Area-level-based model is a model based on the availability of auxiliary
variable data that only exists for a certain area level through a linear model as follows [13]:
𝜃̂𝑖 = 𝒙𝑇𝑖 𝜷 + 𝑏𝑖 𝑣𝑖 + 𝑒𝑖

i= 1, …, m

(7)

Where 𝜃̂𝑖 is a direct estimate of the parameters θi for each of the ith areas. Then, xi is the vector
size p × 1 of concomitant variables, 𝜷 = (𝛽1 , 𝛽2 , … , 𝛽𝑝 )𝑇 is a fixed effect model coefficients, vi
are random effects area with vi ~iid N(0, σ2vi ) and ei is sampling error with ei ~N(0, Ψi ) the variance
(Ψi ) obtained from direct estimation. It is assumed that 𝑣i and 𝑒𝑖 are mutually independent with i being
the index for the area. Meanwhile, b is a positive constant which is known, in which the Fay-Herriot
model for the level of the basic area b is 1. Estimates of indirect estimators Best Linear Unbiased
Predictor (BLUP) for θi the following:
̃ + 𝛾𝑖 (𝜃̂𝑖 − 𝒙𝑇𝑖 𝜷
̃)
𝜃̃𝑖𝐵𝐿𝑈𝑃 = 𝒙𝑇𝑖 𝜷
̃
𝜃̃𝑖𝐵𝐿𝑈𝑃 = 𝛾𝑖 𝜃̂𝑖 + (1 − 𝛾𝑖 )𝒙𝑇𝑖 𝜷

(8)
(9)
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𝜎𝑣2
𝛾𝑖 =
𝛹𝑖 + 𝜎𝑣2

(10)

𝜎𝑣2 is the variance of the random effects area, 𝛹𝑖 is the variance of sampling error of 𝜃̃𝑖 for the area
̃ is the regression coefficient BLUP. 𝜷
̃ is the Best Linear Unbiased Estimator (BLUE) which
to- i, and 𝜷
is stated as follows.
̃=𝜷
̃ (𝜎𝑣2 ) = [∑
𝜷

𝑚

−1

𝒙𝑖 𝒙𝑇𝑖 /(𝛹𝑖 + 𝜎𝑣2 𝑏𝑖2 )]

𝑚

[∑

𝑖=1

𝒙𝑖 𝜃̃𝑖 /(𝛹𝑖 + 𝜎𝑣2 𝑏𝑖2 )]

(11)

𝑖=1

The BLUP estimator requires components 𝜎𝑣2 in its estimation, which in practice the component
is 𝜎𝑣2 not known for its value. The components 𝜎𝑣2 need to be estimated using the Restricted Maximum
Likelihood (REML) method. By replacing the value 𝜎𝑣2 with the value of the estimator(𝜎̂𝑣2 ), the BLUP
estimator would turn into an Empirical Best Linear Unbiased Predictor (EBLUP) estimator which can
be written as follows:
(12)

̂
𝜃̂ 𝐸𝐵𝐿𝑈𝑃 = 𝛾̂𝑖 𝜃̂𝑖 + (1 − 𝛾̂𝑖 ) 𝒙𝑇𝑖 𝜷
2
𝜎̂𝑣
𝛾̂𝑖 =
𝛹𝑖 + 𝜎̂𝑣2
̂)
𝑣̂𝑖 = 𝛾̂𝑖 (𝜃̂𝑖 − 𝒙𝑇𝑖 𝜷

(13)
(14)

Equation (12) shows that the EBLUP estimator can be written as a weighted average of a direct
̂ ) where the weight is 𝛾 with a value 0 ≤ 𝛾 ≤ 1.
estimate and a synthetic estimate (𝒙𝑻 𝜷
The gamma value measures the uncertainty in the modeling parameters. If the gamma value is small,
then the weight attached to the synthetic estimate is greater.
2.2. MSE of EBLUP Fay-Herriot Estimator
To measure how good EBLUP is, the Mean Square Error (MSE) value is used which can be written as
follows.
(15)

𝑀𝑆𝐸(𝜃̂ 𝐸𝐵𝐿𝑈𝑃 ) ≈ 𝑔1𝑖 (𝜎̂𝑣2 ) + 𝑔2𝑖 (𝜎̂𝑣2 ) + 2𝑔3𝑖 (𝜎̂𝑣2 )
𝜎̂𝑣2 𝑏𝑖2 𝛹𝑖
𝑔1𝑖 (𝜎̂𝑣2 ) =
= 𝛾̂𝑖 𝛹𝑖
𝛹𝑖 + 𝜎̂𝑣2 𝑏𝑖2
𝑔2𝑖 (𝜎̂𝑣2 ) = (1 − 𝛾̂𝑖 )2 𝒙𝑇𝑖 [∑

𝑚

−1

𝒙𝑖 𝒙𝑇𝑖 /(𝛹𝑖 + 𝜎̂𝑣2 𝑏𝑖2 )]

𝑖=1

−3
𝑔3𝑖 (𝜎̂𝑣2 ) = 𝛹𝑖 2 (𝛹𝑖 + 𝜎̂𝑣2 𝑏𝑖2 ) 𝑉̅ (𝜎̂𝑣2 )

𝑉̅ (𝜎̂𝑣2 ) = 2 [∑

𝑚
𝑖=1

(16)

2

𝑏𝑖4 /(𝛹𝑖 + 𝜎̂𝑣2 𝑏𝑖2 ) ]

𝒙𝑖

(17)
(18)

−1

(19)

𝑉̅ (𝜎̂𝑣2 ) = asymptotic diversity of 𝜎̂𝑣2
2.3. TFR Indirect Estimation Stage
1. Prepare the results of the direct estimation (TFR and variance) and the candidate auxiliary
variables used. The estimation results are obtained by using Equations (1) and (6).
2. Select candidate auxiliary variables by considering the significance of the correlation between
candidate auxiliary variables and TFR. Candidate variables in full can be found inAppendix D.
3. Select variable using the backward elimination method, which is removing the variable that
has the largest p-value. Akaike Information Criterion (AIC) value is also used to see the
goodness of the model obtained. After that, re-modeling was carried out with the remaining
auxiliary variables until the best model was obtained. AIC is obtained through the following
formula:
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̂ , 𝜎̂𝑣2 ) + 2𝑝
𝐴𝐼𝐶 = −2 𝑙(𝜷
1
𝑙(𝜷, 𝜎𝑣2 ) = 𝑐𝑜𝑛𝑠𝑡 − [𝑙𝑜𝑔|𝑽𝒆 | + (𝒚 − 𝑿𝜷 − 𝒁𝒗)𝑻 𝑽𝒆 −𝟏 (𝒚 − 𝑿𝜷 − 𝒁𝒗)]
2

(20)

𝜎̂𝑣2 =random effects variance
𝛽̂ =regression coefficients
𝑝 = dimension of 𝛽̂
m = number of observation
𝑿 is the vector size 𝑚 × 𝑝 from auxiliary variables, 𝜷 = (𝛽1 , 𝛽2 , … , 𝛽𝑝 )𝑇 is a fixed effect model
coefficients with size 𝑝 × 1, 𝒗 is a random effects area with size 𝑚 × 1, 𝑽𝒆 is a matrix variance
of direct estimation with 𝐕e = diag[𝑽𝒆𝒊 ] with size 𝑚 × 𝑚 where i for each of the ith areas, and
Z is a positive constant matrix that is worth 1 (identity matrix) with size 𝑚 × 𝑚.
4. Estimate the TFR value with the EBLUP FH Model (REML), MSE, and Relative Standard
Error (RSE) of each region through the RStudio application with the “sae” package. MSE is
obtained from Equation (15). RSE is obtained through the following formula.
𝑅𝑆𝐸(𝜃̂𝑖 ) =

√𝑀𝑆𝐸(𝜃̂𝑖 )
𝜃̂𝑖

× 100%

(21)

5. Estimate the random effects area and gamma. Estimates are made using Equations( (13) and
(14).

6. Select the best model of indirect estimation then check the RSE, the results of the random effect
area normality test and model error, and the gamma value. The normality test used is the
Shapiro-Wilk test.
7. Compare direct and indirect methods through model evaluation and comparing the estimation
results by considering the residual value. The residual formula used is as follows:
̂
𝑒̂𝑖 = 𝜃̂𝑖 −𝒙𝑇𝑖 𝜷
̂
𝜃̂𝑖 −𝒙𝑇𝑖 𝜷
𝑠𝑡𝑎𝑛𝑑𝑎𝑟𝑑𝑖𝑧𝑒𝑑: 𝑒̂𝑖 =
√𝛹𝑖 + 𝜎̂𝑣2

(22)

8. Check the efficiency of the model.
9. Present TFR visualization through the thematic map of the indirect estimation TFR distribution
(EBLUP FH REML model) and compares it with the direct estimation TFR thematic map.

3. Result and Discussion
A general description is needed to determine the condition of the area by paying attention to aspects
related to the fertility component. Table 1 presents an overview of the percentage of WUS and births in
NTT Province based on 2019 SUSENAS data.
Table 1. Estimated Percentage of WUS and Births by Age Group
Age Group
15-19
20-24
25-29
30-34
35-39
40-44
45-49
Total

Percentage of WUS
19.295%
15.397%
15.684%
13.717%
13.018%
11.887%
11.002%
100% (1349441)

Percentage of Births
4.699%
20.638%
27.810%
22.965%
16.349%
6.475%
1.064%
100% (124886)
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From Table 1, it is known that most of the WUS in NTT is 15-19 years old (19.295%) while the least
WUS is 45-49 years old (11.002%). This indicates that NTT is dominated by WUS who have a long
reach in their fertile period so that WUS aged 15-19 years have a great opportunity to give birth when
they are in other age groups. This has an impact on increasing fertility in NTT in the future. Meanwhile,
the largest number of births in NTT was in WUS in the 25-29 year age group, which was marked by the
highest percentage (27.810%). In the 45-49 year age group, it is known that the lowest percentage of
births (very low) is 1.064%.
3.1. Direct Estimation of TFR
After knowing the general description of NTT Province in 2019, the analysis continued by making a
direct estimate of the TFR in NTT Province at the district level.
5.069 5.140

2.181

3.426 3.455 3.539 3.561
3.141 3.186 3.239 3.291 3.375
2.864 2.907 2.931 3.043 3.095 3.101
2.489 2.691

3.927 4.028

Figure 1. Direct estimation of TFR by district/city of NTT Province in 2019
Based on Figure 1, it can be seen that the districts of Sumba Tengah, Sumba Barat Daya, and Sabu
Raijua are the 3 districts with the highest TFR in the province of NTT. United Nations (2015) states that
the TFR is over 5 into the category of high TFR (high) so that the TFR is owned by Southwest Sumba
(5.069) and Sumba Barat (5.140) fall into the category of high TFR. Meanwhile, the only city in NTT,
namely Kupang City, has the lowest TFR compared to 21 other regencies. The lowest TFR at the district
level in 22 districts/cities in NTT Province is 2.181 and the largest is 5.140. This indicates that in the
districts with the lowest TFR in NTT in 2019, women aged 15-49 years on average had 2 to 3 children
during their fertile period, while in the districts with the largest TFR they had an average of 5 to 6
children during their fertile period. After making a direct estimate of the TFR, the analysis is continued
by calculating the RSE from the direct estimate. This RSE is used to see the goodness of direct estimates
made. The RSE generated by direct estimation is quite good because it is below 25% [14]. However,
the indirect estimation of TFR was continued to get a better estimation precision. Thus, the resulting
TFR is more accurate which is characterized by a lower RSE value.
3.2. Indirect Estimation of TFR
In building an indirect estimation model using SAE EBLUP FH, an auxiliary variable that does not
contain errors is needed. After checking the significance of the correlation, the candidate auxiliary
variables that can be used are levels of Public and Private Academy/University (x5), the percentage of
families using electricity (x7), the closest distance to the Community Health Centers
(Puskesmas)without hospitalization (x11) and the number of doctors' offices (x27). The variables that
have been obtained are then used to estimate TFR. This step begins with finding the estimated value of
the regression coefficient ( 𝛽̂ ) and the area-level random effect using the Restricted Maximum
Likelihood (REML) estimation methods. The estimation of the regression coefficient and the area-level
random effect is done by eliminating the variable that has the highest p-value (backward
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elimination). The model chosen from this series is the model that has the smallest AIC value. Table 2
contains a summary of the results of the process of forming the best model.
Table 2. EBLUP-REML Model Selection Process
Model

Variables

AIC

1
2
3

x5, x7, x11, x27
x7, x11, x27
x7, x11

38,932
37,043
34,855

From Table 2, it is known that the 3rd model are the best models for the EBLUP indirect estimation
method. The estimation of regression coefficients and coefficients of random variance in the selected
models is shown in Table 3.
Table 3. Estimation of Regression Coefficients and
Random Diversity EBLUP-REML Methods
Variables

𝛽̂

p-value

std.error

Intercept
x7
x11
𝜎̂𝑣2

4,855
-0,026
0,013
0,115

0,000
0,000
0,013
-

0,539
0,007
0,005
-

From Table 3, it is known that all variables are significant at a significance level of 0.05. Table presents
the complete estimation results using the EBLUP REML method.
Table 4. Results of the 2019 NTT District Level TFR Estimation
District/City

TFR

RSE (%)

Sumba Barat
Sumba Timur
Kupang
Timor Tengah Selatan
Timor Tengah Utara
Belu
Alor
Lembata
Flores Timur
Sikka
Ende
Ngada
Manggarai
Rote Ndao
Manggarai Barat
Sumba Tengah
Sumba Barat Daya
Nagekeo
Manggarai Timur
Sabu Raijua

3.863
3.452
3.306
3.448
3.160
3.020
3.291
3.197
2.721
2.756
3.232
3.227
3.150
3.233
3.543
4.554
4.602
2.686
3.222
4.145

7.262
7.004
7.531
7.717
8.417
8.458
8.157
8.825
9.494
8.256
8.587
8.242
8.485
8.104
7.314
6.713
6.272
8.643
8.004
7.504
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District/City
Malaka
Kupang City

TFR

RSE (%)

3.234
2.196

8.658
10.027

Based on Table 4, it is known that of the 22 districts in NTT Province, the lowest district level TFRs
are 2.196 (EBLUP REML) namely Kupang City. Meanwhile, the largest district-level TFRs are 4.602
(EBLUP REML) which are both located in Sumba Barat Daya Regency. Through the smallest TFR, it
can be interpreted that the Kupang City in 2019 women aged 15-49 years on average had 2 to 3 children
during their childbearing age, while in the district that had the largest TFR (Sumba Barat Daya) on
average had 4 up to 5 children during their childbearing years. The average RSE of EBLUP REML is
8.076%. The highest RSE is in Kupang City with an RSE of 10.027%. Meanwhile, the lowest RSE was
in Southwest Sumba Regency with an RSE of 6.272%.
3.3. Model Evaluation
In addition to using the RSE value, checking the best model is also done by assessing whether the model
meets the assumptions of random effect area normality and model error. Furthermore, the gamma value
is also checked. The results of testing the assumption of normal random effect area through the ShapiroWilk test prove that with a significance level of 0.05, there is not enough evidence to support that the
random effect area is not normally distributed. This is indicated by p-values of 0.789 (EBLUP
REML). In the error model, with a significance level of 0.05, there is not enough evidence to support
that the model error is not normally distributed. This is indicated by a p-value of 0.407 (error model
EBLUP REML). Based on the model formed, it was found that the average gamma values obtained were
0.524. This indicates that the estimated value is highly dependent on the accompanying variables used
in the model.
The evaluation of the model was carried out to see the goodness of the best model that was found,
namely the SAE EBLUP FH REML indirect estimation method. It is assumed that the equally unbiased
direct estimate fluctuates around the model-based estimate. The plot distribution is distributed around
the bisector distribution (black line). The regression line is marked by a red line.

Figure 2. The relationship between
direct estimation and indirect estimation
of TFR
Based on Figure 2, it is known that the direct estimator and the indirect estimator have the same
results. This is evident from the overlap of the bisector line and the regression line. This indicates that
the resulting model leads to unbiased results. This is evident from the overlap of the bisector line and
the regression line which indicates that the resulting model leads to unbiased results because the indirect
estimates produced are similar to the direct estimates [15].
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Figure 3. Q-Q Plot Standardized Residual

Figure 4. Residual plot with model estimation
results

The Normal Quantile-Quantile plot of the standardized residual in Figure 3 shows a slight deviation
from the normal distribution. In other words, the standardized residual is normally distributed. Based on
Figure, it can be seen that the residuals of the indirect estimator are spread around the standardized
residual = 0 so that visually it can be said that the sampling error tends to have a constant variance. From
the evaluation of this model, it can be said that the model formed is quite good.
3.4. Comparison of Direct and Indirect Estimation Results
After deciding that the SAE EBLUP REML model is the best model for estimating TFR in NTT
Province in 2019, the next step is to compare the results of the direct and indirect estimates to see the
differences in the estimation results form.
Table 5. Results of the 2019 NTT District Level TFR Estimation
District/City
Sumba Barat
Sumba Timur
Kupang
Timor Tengah Selatan
Timor Tengah Utara
Belu
Alor
Lembata
Flores Timur
Sikka
Ende
Ngada
Manggarai
Rote Ndao
Manggarai Barat
Sumba Tengah
Sumba Barat Daya
Nagekeo
Manggarai Timur
Sabu Raijua
Malaka
Kupang City

Direct Estimation Indirect Estimation
TFR RSE (%) TFR
RSE (%)
3.927
9.287
3.863
7.262
3.426
8.255
3.452
7.004
3.375
9.026
3.306
7.531
3.186
9.854
3.448
7.717
3.095
11.123 3.160
8.417
3.141
9.905
3.020
8.458
3.455
10.152 3.291
8.157
2.931
11.045 3.197
8.825
2.907
10.501 2.721
9.494
2.691
9.679
2.756
8.256
3.291
10.061 3.232
8.587
3.561
9.448
3.227
8.242
3.239
10.638 3.150
8.485
3.101
10.730 3.233
8.104
3.539
9.104
3.543
7.314
5.140
7.900
4.554
6.713
5.069
6.963
4.602
6.272
2.489
10.841 2.686
8.643
2.864
10.476 3.222
8.004
4.028
9.755
4.145
7.504
3.043
12.281 3.234
8.658
2.181
10.800 2.196
10.027
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From Table 5, it can be seen that through direct and indirect estimation methods the lowest TFR are
both in Kupang City. Through the lowest TFR, it can be interpreted that in Kupang City in 2019 women
aged 15-49 years on average have 2 to 3 children during their childbearing age. Meanwhile, the highest
TFR through direct estimation is located in Sumba Tengah with a value of 5.140 while the highest TFR
by an indirect method is 4.602 located in Sumba Barat Daya Regency. Through the highest TFR, it can
be interpreted that in 2019 women aged 15-49 years on average had 5 to 6 children (based on direct
estimates) or 4 to 5 children (based on indirect estimates) during their childbearing years.

Relative Standard Error (%)

3.5. Comparison of Relative Standard Error (RSE)
To find out that the indirect estimation method gives better estimation results, it is necessary to compare
the estimation results between the direct method and the indirect method. The comparison of this method
can be visualized through the comparison of RSE values.
14
12
10
8
6
4
2
0

District/City
RSE of Direct Estimation

RSE of Indirect Estimation

Figure 51. RSE direct and indirect estimation of NTT Province TFR 2019
From Figure 5, it can be seen that the results of estimating TFR through the indirect method give a
smaller RSE than the results of the estimation by the direct method. Based on descriptive statistics, with
a number of observations of 22 districts/cities, the RSE of the direct estimator ranged from 6.963% to
12.281% with a variance of 1.408. Meanwhile, the RSE of the indirect estimator has a value ranging
from 6.272% to 10.027% with a variance of 0.765. The average RSE of the direct estimator was 9.901%
while the average RSE of the indirect estimator was 8.076%.
3.6. Model Efficiency
To see the efficiency gains that can be achieved by the application of indirect estimation, a graph of the
efficiency of the model is shown by comparing the MSE of the indirect estimator and the variance of
the direct estimator in Figure 6. With the observations as the horizontal axis and the ratio between the
MSE EBLUP REML and the variance of the direct estimator as the axis Based on Figure 6, it can be
obtained that the ratio value between MSE and the direct estimation variance is less than 1. This indicates
that the MSE value is smaller than the direct estimation variance so that the SAE EBLUP REML model
provides efficiency advantages in estimating TFR.
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Figure 6. Model efficiency
3.7. Visualization of TFR Indirect Estimation Results
The fertility rate is classified into 5 levels, namely very low for a TFR of 1.5 or less, low for a TFR of
less than 2.1 but more than 1.5, medium for a TFR of 2.1 to 3.5, medium-high for TFR 3.5 to 5,
and high for TFR more than 5 [16]. Visualization of TFR indirect estimation through thematic maps can
be compared with TFR direct estimation as shown in Figure 7 and Figure 8 below.

Figure 7. District level TFR in NTT 2019 based on direct estimation

Figure 8. District level TFR in NTT 2019 based on indirect estimation
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Based on the comparison between Figure 7 and Figure 8, it can be seen that there are 2 districts,
namely Southwest Sumba and Central Sumba which have different TFR categories. Through direct
estimation, these 2 districts fall into the high TFR category, while through indirect estimation these 2
districts fall into the medium-high TFR category. In Figure 8 there are 2 classifications obtained from
TFR, namely medium and medium-high. There are no areas with very low, low, or high TFR. From
Figure 8, it can also be seen that the TFR per district/city in the province of NTT is
mostly medium TFR because 17 of the 22 districts (77.273%) fall into this classification. Meanwhile,
there are five areas that have TFR medium-high that Sumba Barat Daya, Sumba Tengah, Sabu Raijua,
Sumba Barat, and Manggarai Barat. Therefore, the high concentration of TFR handling in NTT Province
can be more specifically emphasized in these 5 districts.
4. Conclusions and Suggestions
4.1. Conclusions
Based on the results of the discussions that have been carried out in this study, the conclusions and
suggestions that can be obtained regarding the district/city level TFR in NTT Province in 2019 are as
follows.
• Through the general description of the data, most of the WUS in NTT Province are in the age
group 1 (15-19 years).
• The results of direct TFR estimation show that there are 2 districts in NTT that have high fertility
rates, namely Sumba Barat Daya (5.069) and Sumba Tengah (5.140). This direct estimation
produces a fairly good RSE, which is less than 25%.
• Auxilliary variables from PODES and SP data that can be used to estimate TFR in NTT
arethe percentage of families using electricity and the closest distance to the Community Health
Centers (Puskesmas) without hospitalization.
• Model evaluation shows that the results of the indirect estimator (EBLUP FH REML) have a
satisfies the assumption of normality of the random effect area and the error model, variance
that tends to be constant, and the RSE is lower than the direct estimator. In addition, the
efficiency of the model proves that the indirect estimator is more efficient than the direct
estimator.
• Based on the UN classification, the TFR thematic maps for the medium-high category are
owned by the districts of Sumba Barat Daya, Sumba Tengah, Sabu Raijua, Sumba Barat, and
Manggarai Barat. Meanwhile, other districts are included in the medium category.
4.2. Suggestions
• By utilizing the availability of data, further research can estimate a small area of TFR at the subdistrict level.
• The government is recommended to increase the focus on handling the high TFR in districts
with the medium-high category (the result of indirect estimation).
• To prevent high TFR in the future, the government is recommended to provide outreach
activities to WUS in the 15-19 age group or in general, SMA/SMK age equivalent related to
efforts to avoid early marriage which can be inserted through school activities, social media,
and public service advertisements.
• The government can reduce the number of cases of short birth spacing through socialization and
activation of family planning programs by assisting in the form of free family planning
programs.
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Appendix
Appendix D. Candidate Auxiliary Variables
Variables
x1
x2
x3
x4
x5
x6
x7
x8
x9
x10
x11
x12
x13
x14
x15
x16
x17
x18
x19
x20
x21
x22
x23
x24
x25
x26
x27
x28
x29
x30
x31
x32
x33
x34

Description
The number of people who have Community Health insurance
(Jamkesmas)
The number of people who haveSurat Keterangan Tidak Mampu
(SKTM)
The number of education levels of SMP / MTS public and private
The number of education levels of SMA / MA / SMK public and
private
The number of levels of education in the State and Private Colleges
Number of processing industries
percentage of the number of electric user families
the closest distance to the hospital
The closest distance to the maternity hospital
The closest distance to the health center with hospitalization
The closest distance to the health center without hospitalization
The closest distance to the Puskesmas Pembantu
The closest distance to the polyclinic / treatment center
The closest distance to the doctor's practice
The closest distance to the maternity house
the closest distance to the midwife practice
The closest distance to Poskesdes (village health post)
The closest distance to Polindes (village maternity cottage)
the closest distance to the pharmacy
The closest distance to a drug specialty / herbal medicine
Number of Hospitals
Number of Maternity Hospitals
Number of Puskesmas with hospitalization
Number of Puskesmas without hospitalization
Number of Puskesmas Pembantu
Number of Polyclinic / Medical Balai
Number of the doctor's practice
Number of maternity houses
Number of Midwife Practice
Number of Poskesdes (Village Health Post)
Number of Polindes (Village Maternity Cottage)
Number of the pharmacy
Number of specialized / medicinal stores
WUS percentage with education more than high school equivalent

Source
PODES 2018
PODES 2018
PODES 2018
PODES 2018
PODES 2018
PODES 2018
PODES 2018
PODES 2018
PODES 2018
PODES 2018
PODES 2018
PODES 2018
PODES 2018
PODES 2018
PODES 2018
PODES 2018
PODES 2018
PODES 2018
PODES 2018
PODES 2018
PODES 2018
PODES 2018
PODES 2018
PODES 2018
PODES 2018
PODES 2018
PODES 2018
PODES 2018
PODES 2018
PODES 2018
PODES 2018
PODES 2018
PODES 2018
SP 2010
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Abstract. This research aims to answer the problem of the appropriate sample size in the case
of the quick count of the election so that the results obtained are close to the actual results.
Although there are practical procedures that are widely used to calculate the sample size in the
quick count methodology, in reality, the results obtained often deviate from the actual results, so
the issue of precision is always an interesting discussion. The formulation of the problem
regarding the size of the sample and how the level of precision of the forecast results are
important issue to be discussed. This research method is included in experimental research where
the analysis used is the Kruskal-Wallis test. The data used is primary data from the real count
results of the regency election Sumedang by consultants and teams. The results showed that there
was a significant difference between the seven sample size groups in vote acquisition and the
percentage of votes at the polling station (TPS), where the sample sizes n =408, n=500, n=875
and n=1674 were the most appropriate sample sizes in the implementation of the quick count.

1. Introduction
Quick Count (QC, quick count) is a way that is provided to find out the results of the vote in the
implementation of presidential elections or regional head elections. Quick Count has the main function
as a control tool for the results of manual calculations by election organizers when performing manual
calculations on the final result. As a method of estimating early calculations, quick count is believed to
be able to provide estimates and detect early in preventing manual miscalculations, calculation
irregularities or disclosing vote calculation fraud, so it is believed that the QC will encourage the results
of a calculation in an honest and fair general election (Kismiantini, 2007). From the function of good
QC control, but along with it often the result of his estimate becomes a verdict of the claim of victory
by the contestants before the announcement of the final results of the recapitulation of official votes
issued by the general election. This results in conflict between contestants, and public distrust of the
general election, if there is a difference in results, especially the difference that occurs is not significant
enough between the results of the QC and the results of manual calculations by the organizers.
There are several cases around differences in the results of official calculations from the election
organizers, namely the General Election Commission (KPU), such as the case in the 2014 presidential
election. No less than 11 pollsters participated in enlivening the 2014 Presidential Election by
conducting a quick count (Susanto, 2019). Some of the names of the pollsters suddenly came to the
attention of the public and were widely discussed in the mass media because they released different QC
results data and claimed the victory of one of the presidential candidates by certifying the results of the
QC conducted by his institution is the most accurate (precision). Call it the difference in QC results from
4 QC organizers, announcing that the Prabowo Subianto - Hatta Rajasa got a vote advantage over their
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competitor, Joko Widodo-Yusuf Kala. But the QC results from other QC organizers also released
different results, there were at least 7 other QC institutions that announced the superiority of presidential
candidate Joko Widodo – Jusuf Kala in the appeal with presidential candidate Prabowo Subianto-Hatta
Rajasa. The difference in the results of QC predictions by various institutions in the presidential elections
made a stir in the community.
Another example of QC results that resulted in noise in the community included the election of the
regional head (pilkada) of Tasikmalaya regency (CNN Indonesia, 2020), a well-known Survey Institute
announced the results of the QC where candidate number 4 was superior to the candidate number 2 with
a margin 2.7%. But in fact, the results of the recapitulation of the vote of the Regional Election
Commission (KPUD) of Tasikmalaya Regency, candidate number 2 narrowly superior to candidate
number 4 by a margin of 0.7 percent. This condition makes noise in the community, especially for
supporters who have been celebrating victory, but ultimately have to accept defeat. Academics and
democracy activists, thus impacting suspicion of the methodology on QC sampling due to differences
in prediction results by QC machines with official results published by KPUD.
The more information about transparency about the background of QC implementation, the more
questions arise from the public about scientific procedures in conducting QC activities. Especially
regarding sampling methodology or known as sampling technique. From the aspect of human error is
also questioned, who is the person behind the pollsters. Reflecting on the Presidential election in 2014
and the Tasikmalaya Regency Election in 2020 and occurred also in several other regions, the institution
that held the QC has published the results of a quick count of election results so that when using the
correct research rules (scientific methodology), there are many errors in results.
The QC method is based on direct observation at a randomly selected polling station (TPS), where
the polling station becomes a unit of analysis, so sampling cannot be done before registering for
availability from the polling station or village to be monitored (Kismianti, 2007). The true strength of
the quick count data depends on how the sample is taken. The sample will determine the voter's vote to
be used as a basis for predicting the outcome of the election. QC predictions will be accurate if they
meet the requirements of precise and rigorous statistical and sampling methods so that they will describe
or represent actual population characteristics.
Sampling techniques are often needed in research because it is not possible to collect all data from
each population unit that we take (Kumar et al., 2013; Now, 2003). Therefore, determining the
appropriate sample size is very important to draw valid conclusions from the research findings.
However, it is often considered a difficult step in empirical research design (Dattalo, 2008). While there
are several tables and rules of thumb for calculating sample sizes in social science research, many
researchers are still unclear about which they should use to determine the appropriate sample size in
their studies, especially when their studies use survey research collect data. . Previous literature has
highlighted that sample size is one of the main limitations of empirical studies published in top journals
(see Aguinis & Lawal, 2012; Green et al., 2016; Uttley, 2019).
The success of QC is also greatly influenced by the accuracy and precision used, this precision will
affect the number of samples used then the number of samples taken will be greater, and vice versa, the
greater the precision used will be the smaller the number of samples taken, but the precision and samples
taken will likely affect the accuracy of QC results, by weighing it, so that the purpose of this paper is to
find out how big the exact sample size in the QC at the city district level.
2. Research methodology
2.1. Data Sources and Research Variables
The data used in this study are primary data obtained from the real calculation process on the ground
(real count) at the time of the Sumedang regency election in 2018. The variables used in this study are
the number of votes of candidates for regent number 1 and the total valid votes at each polling station
(TPS) in Sumedang regency and the sample size used, where the data collected reached 1925 polling
stations from 2026 polling stations or 95%.
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2.2. Method and Analysis
This research method is included in the experimental study, which consists of dependent variables and
independent variables, dependent variable is sample sizes, while independent variables are the average
of candidate votes in each polling station and the percentage of candidate votes. The group's analysis
design used non-parametric Kruskal-Wallis test analysis. Kruskal-Wallis is an alternative test for the F
test and a one-way ANOVA test for testing the difference in means or for testing the similarity of several
mean values and analysis of variance that we can use if the assumption of normality is not met. The
design tables include:
Table 1. Candidate 1 vote with sample size.
Sample Size (B)
Candidate Vote
Candidate vote
(A)

n = 92
(B1)

n = 158
(B2)

n = 324
(B3)

n = 408
(B4)

n = 500
(B5)

n = 875
(B6)

n = 1674
(B7)

(AB1)

(AB2)

(AB3)

(AB4)

(AB5)

(AB6)

(AB7)

Table 2. Percentage of candidate vote by sample size.
Percentage of
Candidate vote
Percentage (P)

Sample Size (B)
n = 92
(B1)

n = 158
(B2)

n = 324
(B3)

n = 408
(B4)

n = 500
(B5)

n = 875
(B6)

n = 1674
(B7)

(P B1)

(P B2)

(P B3)

(P B4)

(P B5)

(P B6)

(PB7)

2.3. Population and Sample
2.3.1. Population
The voter population in the implementation of quick count is all voters who have the right to vote and
have been registered on the Permanent Voter List (DPT) by the Election Commission (KPU). The
population of polling stations in the implementation of quick count is all polling stations (TPS) in all
districts of Sumedang.
2.3.2. Sample
As for the sample of voters in the implementation of quick count is the people who will vote and have
the right to vote in polling stations that have been randomly selected. Polling stations (TPS) sample is a
TPS that is randomly selected will be a sample in the implementation of the quick count. This paper
uses TPS as its unit of analysis whose sampling is done randomly. Therefore, to find out the size of the
sample of polling stations that must be taken in order to represent or represent the population, it can be
determined through the following equation from Parel, Cristina P:
𝑛=

𝑁𝑍 2 𝑝(1 − 𝑝)
𝑁𝑑2 + 𝑍 2 𝑝(1 − 𝑝)

(1)

n= size or number of polling place samples, Z=Reliability coefficient or standard normal variable value,
d = Tolerable error rate (margin of error), p= 0.5 (proportion of those who voted in an election), q=
proportion of those who did not vote in an election i.e. (1−p), N= rate or population number of polling
stations.
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2.4. Research Hypothesis
Based on the analysis design above, a provisional hypothesis is proposed which will be tested in this
study in the form of a research hypothesis as follows:
•

•

𝐻0 ∶ 𝜇𝐴𝐵1 = 𝜇𝐴𝐵2 = 𝜇𝐴𝐵3 = 𝜇𝐴𝐵4 = 𝜇𝐴𝐵5 = 𝜇𝐴𝐵6 = 𝜇𝑠𝐴𝐵7
The average candidate votes in the sample size group are the same, or there is no difference in
the mean between groups
𝐻1 ∶ 𝜇𝐴𝐵1 ≠ 𝜇𝐴𝐵2 ≠ 𝜇𝐴𝐵3 ≠ 𝜇𝐴𝐵4 ≠ 𝜇𝐴𝐵5 ≠ 𝜇𝐴𝐵6 ≠ 𝜇𝑠𝐴𝐵7
The average candidate votes in the sample size group are not the same, or there is a difference
in the mean between the groups
𝐻0 ∶ 𝜇𝑃𝐵1 = 𝜇𝑃𝐵2 = 𝜇𝑃𝐵3 = 𝜇𝑃𝐵4 = 𝜇𝑃𝐵5 = 𝜇𝑃𝐵6 = 𝜇𝑃𝐵7
The average percentage of votes in the sample size group is the same, or there is no difference
in the average percentage between the sample size groups
𝐻1 ∶ 𝜇𝑃𝐵1 ≠ 𝜇𝑃𝐵2 ≠ 𝜇𝑃𝐵3 ≠ 𝜇𝑃𝐵4 ≠ 𝜇𝑃𝐵5 ≠ 𝜇𝑃𝐵6 ≠ 𝜇𝑃𝐵7
The average percentage of votes in the sample size group is not the same, or there is a difference
in the average percentage between the sample size groups.

3. Results of research and discussion
The Regional Election Commission (KPU) of Sumedang stated that in the recapitulation of permanent
voter data in the 2018 Sumedang District Head Election there were 834276 voters spread in 2026 polling
stations. Real data recapitulation (Real Count) conducted by the internal team can be as follows:
Table 3. Real count recapitulation results by district.
No

Districts

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26

Buahdua
Cibugel
Cimalaka
Cimanggung
Cisarua
Cisitu
Conggeang
Darmaraja
Ganeas
Jatigede
Jatinangor
Jatinunggal
Pamulihan
Paseh
Rancakalong
Situraja
Sukasari
Sumedang Selatan
Sumedang Utara
Surian
Tanjungkerta
Tanjungmedar
Tanjungsari
Tomo
Ujung Jaya
Wado
TOTAL

Vote Of Candidate
Number 1
7.666
2.449
16.155
17.469
3.923
6.818
6.290
5.931
7.913
6.481
11.679
8.881
15.233
8.321
11.996
8.761
6.832
27.000
26.102
1.670
8.828
7.020
23.273
4.086
6.549
6.968
264.294

Vote Of Other
Candidate
10.157
9.104
17.532
26.531
7.518
9.984
11.552
12.007
6.999
7.728
20.503
15.188
15.237
13.188
11.159
15.065
12.986
18.779
22.870
5.311
11.260
7.936
24.028
9.149
10.684
13.214
345.669

Total
Vote
17.823
11.553
33.687
44.000
11.441
16.802
17.842
17.938
14.912
14.209
32.182
24.069
30.470
21.509
23.155
23.826
19.818
45.779
48.972
6.981
20.088
14.956
47.301
13.235
17.233
20.182
609.963

Polling
Stations
23
50
33
82
148
37
57
56
64
51
51
104
90
91
74
68
71
67
135
128
84
43
154
47
54
63
1.925
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The data collected only reached 1925 TPS from 2026 or 95% conducted for 3 days, this data will be
used as a reference in data processing.
3.1. Sample Size
The size of the voter population is 834,276 voters spread across 2026 polling stations. The calculation
of sample rate taken relies heavily on d = precision (margin of error), in this study tried to use the
precision of 1%, 2.5%, 5%, 7.5%, and 10%, with a confidence level of 95% and a default value of Z =
1.96. The reason for choosing the precision amount is based on quick count comparisons conducted by
several leading institutions in Indonesia, for comparison, the 2020 Jambi Provincial Governor Election,
LSI with a sample of 325 TPS from 8236 TPS or 2415862. The 2020 Riau Islands Governor Election,
by LSI with the number of samples, is 250 TPS from 8416 TPS or 2415862. Election of the 2020
Karawang Regency Regent, by Indicator with a sample of 200 TPS from 4436 TPS. The election of the
mayor of Medan City 2020, by Charta Politica with a total sample of 300 polling stations from 4303
polling stations. Meanwhile, the quick count conducted by Swamedia Research and Communication
(SRC) on the selection of regents in Sumedang district with a total sample of 408 polling stations from
2026 polling stations. From the comparison of the use of the number of samples, in this study we want
to compare the number of samples as in the table below based on the following formula:
𝑛=

2026 (1.962 )(∗ 0.5(1 − 0.5))
(2026 ∗ 0.0012 ) + (1.962 ∗ 0.5(1 − 0.5))

(2)

𝑛 = 1673.1 ≈ 1674
The number of samples with different precision is obtained as follows:
Table 4. Sample size based on precision used.
Precision (%)
1
2.5
3.80
4.34
5
7.5
10

Sampel Size (n)
1674
875
500
408
324
158
92

Samples of 408 and 500 were taken because the number of samples in that range is often used in various
District/City level QCs, with the size of the number of samples above to be tested at the average
difference level.
3.2. Descriptive Statistics
3.2.1. Votes from candidate at each polling station
The sample selection process was carried out by random sampling with 100 repetitions from each sample
size group. For example, if n = 92, then the data is taken as many as 92 TPS and then carried out 100
repetitions, as well as the other sample size groups so that the following descriptive statistics can be
obtained:
Table 5. Description of the vote distribution of candidate vote at polling station based on sample size.
Descriptive
statistics
Mean

n = 92
135,08

n = 158
136,63

n = 324
137,09

Sample Size
n = 408 n = 500
137,20
137,00

n = 875
137,12

n = 1674
137,30
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Descriptive
statistics
Median
Variance
Std. Deviation
Minimum
Maximum
Skewness

n = 92
135,08
33,48
5,79
119,37
147,57
-0,065

n = 158
136,97
18,92
4,35
124,82
145,02
-0,427

n = 324
137,62
10,49
3,24
129,10
144,84
-0,361

Sample Size
n = 408 n = 500
137,11
137,16
8,32
6,07
2,88
2,46
130,49
131,11
143,46
142,20
-0,153
-0,277

n = 875
137,03
2,73
1,65
133,65
140,55
0,013

n = 1674
137,28
0,30
0,55
136,16
138,67
0,241

The above empirical results showed that the average votes of the candidate ranged from 135.08 votes
per polling station for a sample of 92 and the highest average was 137.3 votes in the sample of 1674.
The highest votes were 147.57 in the sample of 92 and by 138 votes for the sample of 1674, while the
lowest votes were 119.37 for the sample of 92 and 136 in the sample of 1674, the other distribution can
be seen in the table above.

Figure 1. Boxplot distribution of Candidate vote at Each Polling Station Based on Sample Size
Table 5 data can also be explained by boxplot, where there are 7 data groups, namely sample size
data groups 92, 158, 324, 408, 500, 875, and 1674. The average position of boxplot on sample size 92
is below that of boxplots of other sample sizes, this indicates that the percentage value of sample size
92 is lower than the average percentage of other sample size votes, as stated in table 6 where the sample
mean size 92 is 135.08 at the lowest than the mean value on other sample sizes.
The sample size of 1674 is more homogeneous than the smaller sample size, this is indicated by the
length of the 1674 box is shorter than all the boxes or in other words, The percentage variant of candidate
vote at n = 1674 is 0.30 smaller than the percentage variance in other sample sizes, and the percentage
variant of the sample n = 92 has the largest value of 33.48, as well as the sample n = 158 which has a
variant of 18.92, from descriptive statistics and boxplot, it can be concluded that small size samples have
an average difference with the size of the larger sample, it can be seen also that the larger the sample
taken then the smaller the standard deviation, this shows that, the small size samples tend to be close to
average.
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3.2.2.

Percentage of candidate votes at each polling station

Table 6. Description of the percentage distribution of candidate votes in each polling station based
on sample size.
Descriptive
statistics
Mean
Median
Variance
Std. Deviation
Minimum
Maximum
Skewness

n = 92
42,72
42,78
2,47
1,57
38,85
46,06
-0,084

n = 158
43,09
43,05
1,33
1,15
40,18
45,97
-0,275

n = 324
43,21
43,25
0,68
0,83
41,31
45,58
-0,028

Sample Size
n = 408
n = 500
43,28
43,25
43,27
43,31
0,56
0,42
0,75
0,65
41,50
41,79
45,00
44,77
0,111
-0,092

n = 875
43,27
43,29
0,17
0,41
42,48
44,30
0,247

n = 1674
43,32
43,32
0,02
0,14
43,01
43,70
0,219

The above empirical results show that the average percentage of candidate votes is 42.72% for a sample
of 92 and the other average is about 43%. The highest percentage gain was 46.06% in the sample of 92
and by 43.70% of the votes for the sample of 1674, while the lowest percentage was 38.85% for the
sample of 92 and 43.01% in the sample of 1674, the distribution of other percentages can be seen in the
table above.

Figure 2. Boxplot Distribution percentage of Candidate vote in each
polling station based on the sample size
Table 6 data can also be explained by boxplot, where there are 7 groups of data, namely sample size
data groups 92, 158, 324, 408, 500, 875, and 1674. The average position of boxplot on sample size 92
is below that of boxplots of other sample sizes, this indicates that the percentage value of sample size
92 is lower than the average percentage of other sample size sounds, as stated in table 6 where the mean
of sample size 92 is 42.72% lower than the mean value in other sample sizes of about 43%.
The sample size of 1674 is more homogeneous than the smaller sample size, this is indicated by the
length of the box shorter than all the boxes or in other words, the percentage variance at n = 1674 is
0.02 smaller than the percentage variance in other sample sizes, and the percentage variant of the sample
n = 92 has the largest value of 2.47, as well as the sample size n = 158 which has a variant of 1.15, from
descriptive statistics and boxplot, it can be concluded that the sample size n = 92 and n = 157 has an
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average difference with other sample sizes. From the table and boxplot above, it can be concluded that
a small sample size has an average difference with a larger sample size, it can also be seen that the larger
the sample is taken, the smaller the standard deviation, this indicates that the values tend to be close to
average. The sample sizes n=324, n=408, n=500, n=875 and n=1674 are the most appropriate sample
sizes in quick count execution.
3.3. Hypothesis test on sample size differences
This study proposed two hypotheses that must be tested empirically. Both hypotheses are about the
alleged average difference between the vote and the percentage of the vote to the sample size.
3.3.1. Test the first hypothesis
The first hypothesis in the study was to compare the average votes of candidate number 1 between the
sample size groups n=92, n=158, n=324, n=408, n=500, n=875, and n=1674, which are as follows:
Table 7. Mean ranks of Kruskal-Wallis test.
Sample Size

Average Votes

n = 92
n = 158
n = 324
n = 408
n = 500
n = 875
n = 1674
Total

N
100
100
100
100
100
100
100
700

Mean Rank
281.40
351.78
373.68
366.46
355.64
353.13
371.40

The Mean Rank value shows the average rank of each treatment. In the above case, the mean rank of
candidate votes with a sample of 324 is higher than all groups, while the sample n of 92 is the smallest.
Are these differences all statistically significant overall, then this is where the role of the Kruskal-Wallis
Test, which is to measure statistically whether the difference in the average ratings will be significant
or not?
The hypothesis formulated in the first test is as follows:
𝐻0 ∶ 𝜇𝐴𝐵1 = 𝜇𝐴𝐵2 = 𝜇𝐴𝐵3 = 𝜇𝐴𝐵4 = 𝜇𝐴𝐵5 = 𝜇𝐴𝐵6 = 𝜇𝑠𝐴𝐵7
The average votes in the sample size group were the same, or there was no difference in averages
between sample size groups of AB1 (n=92), AB2 (n=158), AB3 (n=324), AB4 (n=408), AB5 (n=500), AB6
(n=875), and AB7 (n=1674).
𝐻1 ∶ 𝜇𝐴𝐵1 ≠ 𝜇𝐴𝐵2 ≠ 𝜇𝐴𝐵3 ≠ 𝜇𝐴𝐵4 ≠ 𝜇𝐴𝐵5 ≠ 𝜇𝐴𝐵6 ≠ 𝜇𝑠𝐴𝐵7
The average votes in the sample size group are not the same, or there is an average difference
between the sample size groups of 92, 158, 324, 408, 500, 875, and 1674.
The basis for the decision-making in the Kruskal-Wallis test is to compare the value of significance
(Asymp. Sig) with a probability of 0.05, with the following conditions:
• If the value of Asymp.Sig > 0.05, then accept H0 or no difference in average
• If the value of Asymp.Sig < 0.05, then reject H0 or accept H1 in other words there is a difference
in average
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Table 8. Test Statisticsa,b.
Average Votes 1
Chi-Square
14.770
df
6
Asymp.
.022
Itself.
a. Kruskal Wallis Test
b. Grouping Variable: SAMPLE SIZE
Based on the output of the test statistic above, it is known that the value of Asymp. Sig is 0.022 <
0.05, thus, it can be concluded that H0 is rejected or H1 is accepted which means that there is a real
(significant) difference between the votes of the seven sample size groups, so it can be decided that the
votes of the candidate on the sample 92, 158, 324, 408, 500, 875 and 1674 are not the same or different.
Because the test results showed H0 was rejected (there was a difference), it was tried a follow-up test
(post hoc test) with the Bonferroni test and the Games-Howell test to see which sample size groups
experienced differences, as stated in the following table:
Table 9. Post Hoc Advanced Tests.
Multiple Comparisons
Dependent Variable: AVERAGE CANDIDATE VOTE 1
POST HOC FURTHER
(I) SAMPLE
(J) SAMPLE
Mean
TEST
SIZE
SIZE
Difference (I-J)
Bonferroni Games-Howell
n = 158
-1,5531
*
n = 324
-2,0167
*
*
n = 408
-2,1248
*
*
n = 92
n = 500
-1,9202
*
*
n = 875
-2,0448
*
*
n = 1674
-2,2279
*
*
n = 92
1,5531
*
n = 324
-0,4636
n = 408
-0,5717
n = 158
n = 500
-0,3671
n = 875
-0,4917
n = 1674
-0,6748
n = 92
2,0167
*
*
n = 158
0,4636
n = 408
-0,1081
n = 324
n = 500
0,0965
n = 875
-0,0281
n = 1674
-0,2112
n = 92
2,1248
*
*
n = 158
0,5717
n = 324
0,1081
n = 408
n = 500
0,2046
n = 875
0,08
n = 1674
-0,1031
n = 500
n = 92
1,9202
*
*
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Multiple Comparisons
Dependent Variable: AVERAGE CANDIDATE VOTE 1
POST HOC FURTHER
(I) SAMPLE
(J) SAMPLE
Mean
TEST
SIZE
SIZE
Difference (I-J)
Bonferroni Games-Howell
n = 158
0,3671
n = 324
-0,0965
n = 408
-0,2046
n = 875
-0,1246
n = 1674
-0,3077
n = 92
2,0448
*
*
n = 158
0,4917
n = 324
0,0281
n = 875
n = 408
-0,08
n = 500
0,1246
n = 1674
-0,1831
n = 92
2,2279
*
*
n = 158
0,6748
n = 324
0,2112
n = 1674
n = 408
0,1031
n = 500
0,3077
n = 875
0,1831
*. The mean difference is significant at the 0.05 level.
From the further test with the post hoc test above it is seen that the sample size group that showed the
difference in the average vote of the candidate, namely the sampling of the sample size n = 92 is different
from the sampling of n =158, n = 324, n = 408, n = 500, n = 875 and n = 1674. The Games-Howell test
showed that taking samples n=92 and n=158 was different from sampling n=324, n=408, n=500, n=875,
and n=1674.
3.3.2.

Second hypothesis test
Table 10. Mean ranks of Kruskal-Wallis test
Sample Size

percentage of
candidate vote

n = 92
n = 158
n = 324
n = 408
n = 500
n = 875
n = 1674
Total

N
100
100
100
100
100
100
100
700

Mean Rank
278.77
333.49
355.60
363.88
365.83
364.40
391.54

The Mean Rank value shows the average rank of each treatment. In the above case, the mean rank of
candidate votes with a sample of n 1674 is higher than all groups, while the sample n of 92 is the smallest.
Are these differences all statistically significant overall, then this is where the role of the Kruskal-Wallis
Test, which is to measure statistically whether the difference in the average ratings will be significant
or not?
The formulation of the hypothesis proposed in the second hypothesis test is as follows:
𝐻0 ∶ 𝜇𝑃𝐵1 = 𝜇𝑃𝐵2 = 𝜇𝑃𝐵3 = 𝜇𝑃𝐵4 = 𝜇𝑃𝐵5 = 𝜇𝑃𝐵6 = 𝜇𝑃𝐵7
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The average percentage of votes in the sample size group is the same, or there is no difference in
the average percentage between sample size groups of PB1 (n=92), PB2 (n=158), PB3 (n=324), PB4
(n=408), PB5 (n=500), PB6 (n=875), and PB7 (n=1674).
𝐻1 ∶ 𝜇𝑃𝐵1 ≠ 𝜇𝑃𝐵2 ≠ 𝜇𝑃𝐵3 ≠ 𝜇𝑃𝐵4 ≠ 𝜇𝑃𝐵5 ≠ 𝜇𝑃𝐵6 ≠ 𝜇𝑃𝐵7
The average percentage of votes in the sample size group is not the same, or there is an average
percentage difference between sample size groups of 92, 158, 324, 408, 500, 875, and 1674.
The basis for the decision-making in the Kruskal-Wallis test is to compare the value of significance
(Asymp. Sig) with a probability of 0.05, with the following conditions:
• If the value of Asymp. Sig > 0.05, then accept H0 or no difference in average
• If the value of Asymp. Sig < 0.05, then reject H0 or accept H1 in other words there is a difference
in average
Table 11. Test Statisticsa,b.
Percentage of Candidate
Vote Number 1
Chi-Square
18.958
df
6
Asymp. Itself.
.004
a. Kruskal Wallis Test
b. Grouping Variable: SAMPLE SIZE
Based on the output of the test statistic above, it is known that the value of Asymp. Sig is 0.004 <
0.05, thus, it can be concluded that H0 is rejected or H1 is accepted which means that there is a real
(significant) difference between the percentage of votes from the seven sample size groups, so it can be
decided that the percentage of votes of the candidate on the sample n = 92, 158, 324, 408, 500, 875 and
1674 is not the same or different.
Because the test results showed H0 was rejected (there was a difference), it was tried a follow-up test
(post hoc test) with the Bonferroni test and the Games-Howell test to see which sample size groups
experienced differences, as stated in the following table:
Table 12. Post hoc advanced tests.
Multiple Comparisons
Dependent Variable:PERCENTAGE OF CANDIDATE VOTES NUMBER 1
Post Hoc Further Test
(I) Sample
(J) Sample
Mean Difference (I-J)
Size
Size
Bonferroni Games-Howell
-0,3754
n = 158
n = 324
-0,4931
*
-0,5621
*
*
n = 408
n = 92
n = 500
-0,5375
*
*
n = 875
-0,5541
*
*
*
*
n = 1674
-0,6089
n = 92
0,3754
n = 324
-0,1177
n = 408
-0,1867
n = 158
n = 500
-0,1621
n = 875
-0,1787
n = 1674
-0,2335
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Multiple Comparisons
Dependent Variable:PERCENTAGE OF CANDIDATE VOTES NUMBER 1
Post Hoc Further Test
(I) Sample
(J) Sample
Mean Difference (I-J)
Size
Size
Bonferroni Games-Howell
n = 92
0,4931
*
n = 158
0,1177
n = 408
-0,069
n = 324
n = 500
-0,0444
n = 875
-0,061
n = 1674
-0,1158
*
*
n = 92
0,5621
n = 158
0,1867
n = 324
0,069
n = 408
n = 500
0,0246
n = 875
0,008
n = 1674
-0,0468
n = 92
0,5375
*
*
n = 158
0,1621
n = 324
0,0444
n = 500
n = 408
-0,0246
n = 875
-0,0166
n = 1674
-0,0714
*
*
n = 92
0,5541
n = 158
0,1787
n = 324
0,061
n = 875
n = 408
-0,008
n = 500
0,0166
n = 1674
-0,0548
n = 92
0,6089
*
*
n = 158
0,2335
n = 324
0,1158
n = 1674
n = 408
0,0468
n = 500
0,0714
n = 875
0,0548
*. The mean difference is significant at the 0.05 level.
From the further test with the post hoc test above it is seen that the sample size group that shows the
difference in the average percentage of candidate vote, namely sampling sizes n = 92 and n =158 is
different from sampling n = 324, n = 408, n = 500, n = 875 and n = 1674. The Games-Howell test showed
that the sample sizes n=92, n=158, and n=324 differed from the sampling of n=408, n=500, n=875, and
n=1674. From these two further tests, it can be concluded that the sample rate n = 408, n = 500, n = 875,
and n = 1674 is the most appropriate sample size in the implementation of the quick count.
In the process of this research, there are several limitations experienced for more attention to
improving the research in the future. Some of the limitations of this study include 1. The sampling
method used is simple random sampling, while quick counts always use stratified or multi-stage random
sampling. 2. The number of TPS samples used was seven groups. 3. The analysis used is Kruskal-Walls,
which should be able to use ANOVA where the number of variables studied can also be more than one,
for example comparing the number of several samples and several sampling methods.
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4. Conclusion
What is the correct number of samples in the quick count? According to Cohen (2007, p. 101) the larger
the sample from the size of the existing population, the better, but there is a minimum number that must
be taken by researchers, which is as many as 30 samples. From the theory, these rules, the sample of 30
can be tolerated but the more samples used, the better. Although in this paper, only "seven sample size
groups" are tested in the case of quick count data, it can be concluded that:
• The number of samples n=92 and n=158 (precision 10 - 7.5%) is very vulnerable to producing
accurate quick count data, if this number of samples is used in quick counts it will be possible
to produce a sound range with great precision as shown in Figure 1 and Figure 2.
• The number of samples n=324 (5% precision) if used in a quick count it will produce data that
can still be tolerated, although the results of the Games-Howel test show that the number of
samples n=92 and n=158 is not different from n=324.
• The right number of samples to perform a quick count is n=408 or the larger it is because the
larger the number of TPS samples taken, the smaller the precision range, as shown in Figure 1
and Figure 2.
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Abstract. Changes in business processes in pandemic conditions are a must. The field survey
were most affected, not only the interview process but also the route selection to survey location.
To support the field survey officer, it is necessary to provide alternative route choices to the
survey location as fast as possible. This research proposed a methodology that combines three
information source, administrative border maps, google maps services, and information from
social media that elaborated to provide best recommendation route to the assigned survey
location. The combination of three different sources can enhance the current existing route that
only relies on google map services. Our mechanism was tested on custom my maps application
provided by Google and evaluated using system usability scale. This research aims to give the
personalized route to field survey officers based on the assigned survey location and information
from social media. The limitation of this research is that the social media channels used are still
few, in the future, this research can be leveraged by integrating other platforms owned by the
government and other public services to enrich the information.

1. Introduction
The current pandemic condition makes all activities carried out increasingly limited. The restrictions
imposed by the Indonesian government called restrictions on community activities on a micro-scale
(PPKM) make all sectors, both government, private, and community, have to change their way of doing
business that is more adaptive to conditions. These restrictions make some areas inaccessible, from its
restriction the activities that were affected are survey activities that require face-to-face interview
contact with the respondents in the community.
Census and survey activities for basic data needs are carried out by the Statistics of Indonesia (BPS).
Before the pandemic period the survey activity been done by BPS must conduct interviews in the field,
while in the pandemic conditions the field activities had changed significantly to comply with the health
protocol rules issued by the government. With restrictions on both micro and macro scales, survey
activities must be adjusted immediately not only the business processes of the survey but also the field
strategy. The problems that are currently being faced are the information on restriction and information
on isolation from one location cannot be easily accessed, so it could be a factor that hinders survey
officers from going to the location to carry out survey activities as usual. Others factor are the google
route sometimes cannot reach the destination location of survey location because of lack of signal or
other factors.
The implementation of this proposed route recommendation can increased success in the field of
survey. The goals of the proposed mechanism with combination and integration between three different
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sources such as administrative border maps from government, information from private companies such
as Google has open access, then involving information from social media from community services will
make the information more useful and accurate. The BPS activities almost using assigned survey
locations in a specific area for each survey officer, using this research methodology by combining
administrative border maps can give information for survey officers to minimize wrong scope area while
collecting data. This research aims to give the personalized route recommendation to the survey officer
to go to the assigned survey location.
2. Related Works
Many studies on big data involving social media as a source of information to identify disasters [1]
location of ambulance services [2] inform about road congestion conditions [3] [4] [5] [6]. Social media
also provides public APIs such as Twitter which are used to analyze transportation conditions in an area
[4]. Social media lately can be used to do social information work such as helping to find missing
children, helping to find blood donors, finding financial donors. In terms of personalized route, had been
researched using big data from hot spot urban crime from government agencies [7]. By looking at the
potential that exists, the information provided on social media is used to help determine paths to help
solve problems in census or survey activities also give the personalized path to the survey officer.
Many activities for calculating routes and distances have been carried out, using the Euclidean
distance, the shortest distance, using other methods that are tailored to the needs of the user and the most
commonly used is google maps. Google maps itself are used as a tool in determining the accuracy of the
location of the occurrence of problems or events [1] [8]. Google maps have been widely used in
determining distances or spatial-based analysis [9] [10] [2]. Google map is a resource for maps that can
be used for free by users. One of the features provided to users is that users can create personal and
custom maps according to their individual needs [11]. Google map itself have often been used in
providing road or route recommendations for users [12] [13], used in planning the location of electric
charging stations for electric-powered vehicles [14] determining agricultural locations with satellite
imagery [15], minimizing accidents [14] [3], to classify children's health [16] and determine the location
of water pipe damage [8]. However, the use of google maps for officers' route recommendations were
very limited and in this research, we proposed a new mechanism that can be proposed for the survey
officer to minimize error scope and other problems in field survey caused by a restriction in location or
because PPKM.
3. Methodology
3.1. Personalized Route Recommendation
This study uses data from the smallest administrative borders (SLS) map owned by BPS in conducting
simulations. The administrative border data from BPS and from open administrative maps [17] were
used to identify the start and end locations of survey officers. Furthermore, the data assignment of
officers is simulated start and end with route maps obtained from google [18], then the information is
combined with the results of extra information from social media Twitter [19]. The mechanism to select
the finest route recommendation is showen in Figure 1.
In this study, a simulation will be presented using a search keyword from social media Twitter then
the information that had been crawled will be extracted. The crawling and extraction process has been
done using R software. The result of the information extraction process is used to provide the latest
information regarding information traffic, PPKM, or other related keywords. Mapping information from
social media to spatial form we use QGIS application software then converted to kml extension. To
integrate all sources we use ‘my maps’ application provided by Google that is available for android and
web access. Algorithm 1 showed detailed process and steps in this methodology. The algorithm gives
detailed steps that survey officers to select a path that are more efficient they can pass by as show in the
line 6 to 10 in the algorithm 1.
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Figure 1. The route recommendation selection steps for field survey officer
This study proposes a methodology that combines data available in the government, namely data
related to regional boundaries or administrative borders, and then integrated with google maps and social
media information that has been extracted. Although research related to route selection
recommendations is still very little, supporting research such as the use of google maps, then research
on the use of social media has been widely carried out. So that with this research can be the basis for
development to researchers.
Personalized Route Selection Based On Administrative Maps And Social Media
Information
1. Start
2. Initialize location: location point of the user of the survey officer.
• Assignment database for each survey location
3. Request: Assignment information data and location information are stored on the server.
4. Check administrative border maps: the location of origin and location of destination from the
map data owned by BPS itself for the distribution of the initial location point and the point of
a destination location for the survey officer.
5. Generate path: Path will be generated.
6. Select: Selection of the initial path is to use the closest available path from the location (All
available paths)
7. Google maps route available: Then the next stage is determining the location of the shortest
path that may be obtained by comparison users with the google path.
8. Social media information: Crawling information from social media
9. Information extraction: Select information related to the path or location based on related
information such as traffic jams, restriction, or other things resulted from social media.
10. The result: social media information
• If there’s related social media information: Convert and match to layer maps social media
information
• Else: No information generated from social media
11. Display: all available information from administrative borders, google maps services, and
social media information
12. End
Algorithm 1. Algorithm Personalized Route Selection based on administrative borders maps,
google service and social media information
The limitation in this research is the addition of new limited sources of social media that are used
only which have an open API such as Twitter. Information related to this location is based on the paths
traversed by the paths that have been passed by the officers. Given the limitations in this test, we tried
to combine the open-source API from Twitter and then with google path with kml format to determine
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the length of the route as well as by calculating the nearest point on the map to determine the effective
route from the origin to the destination point. Preparation of path selection by location to help speed up
resolving the problem of delays in officers going to the location or officers will report the results of their
work because there are obstacles during field implementation.
3.2. Comparison of existing google maps
The google maps services were map service that had widely used as the personalized route selection for
almost all android users. In this research, we proposed to give more information for survey officer to
select an alternative route to the assigned suvey location. The comparison of existing maps services and
the proposed method that combine the information from administrative borders maps, the social media
information and the route integration from google maps services were shown in table 1.
Table 1. Comparison existing google maps route and proposed method
Method

Advantages

Disadvantages

Existing Google maps a. Easy to use
a. Maps for assigned locations
b. User gives information traffic
may be misleading if user didn’t
jam from other users that use
know the location
and activate maps
b. Information about route only
displayed on a route that passed
by not all information were
showed
Prosposed method
Information on the user maps
a. Require more time to provide
(administrative border more detail:
information
maps, google services a. Location start and assigned
b. No specific application that
and social media
survey location
integrate the information
information)
b. Information from social media
(traffic jam, accident, PPKM
and other) available
4. Result and Discussion
4.1. Results
The testing of the proposed methodology has been carried out as shown in the Figure 2. The results of
the simulation carried out using the proposed methodology from Figure 1. Figure 2 describes the steps
taken in combining giving recommendations to a survey officer and show the testing had been done in
this research. Not only the steps that have been done in the testing our methodology but also Figure 2
gives information the source that we use to get the source and explain the tools that used to convert or
extract the information from social media crawling results to spatial format.
In the initial stage, the survey officers will be given an assignment by BPS in carrying out their
activities. At the same time, information about starting point to destination location were crawled from
social media as represented (number 1 in Figure 2). All information from social media were collected
and filtered only related information that will be selected, we use R software to do the crawling process
and information gathering related to the starting location, destination location, and the surrounding
information (number 2 in Figure 2). The information from social media then been filtered and only select
the most related information to support the selection route recommendation. The selected information
then stored and extracted to get information such as PPKM location, street name, disaster location,
location of an accident or other information that supported the survey officer to go the destination survey
location safely (number 3 in Figure 2). The selected information then converted to kml format, the
format that used by google platform.
The source comes from social media information generated from crawling data, the administrative
border maps, and the google service maps that are combined using google custom maps service [18].
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To import all the sources we converted to kml formatting maps, then imported in the website my maps
google (number 4 in Figure 2). After all source maps have been imported using ‘my maps’ website, the
user can download the android application to get the imported maps in mobile device format. The
android application of ‘my maps’ only require small space in the phone so it can easily download by
user. Using the android application, the imported maps layer can be view and the application can locate
the current position of the user (number 5 in Figure 2).

Figure 2. Personalized route recommendation system testing steps
The next step is to test if the maps provided using our proposed mechanism were useful. We tested
using data of Surabaya, the Tenggilis Mejoyo sub districts. We tested to show starting point and endpoint
that have been located in the same sub districs tenggilis mejoyo as shown in Figure 3. We elaborated
using the information administrative border maps from statistics Jawa Timur and social media
information that inform the current condition of street that around in the Tenggilis Mejoyo sub districs
as shown in Figure 4. In the process to produce the information from social media we get the result from
Twitter crawling text results using keywords that support the recommendation selection route for field
survey officer. Some result from crawling process in Table 2 that indicate some of the resulted text that
been crawled using R software. From Table 2 the next process is converting the information that relate
to help the field survey officer converted to kml format using QGIS application. The process depends
on the size of the information generated while crawling using R software. Because the process is still be
done using manually flagged location it requires time to generate the information into the required
format.
After information from social media has been converted into kml format, the next step is to import
the information to my maps application and the information can be seen as shown in Figure 5. The
information not only can be seen by the user but the user gives the facility to edit if the location or other
information can be added to inform other users, the process shown in Figure 6. From the information
that been added to the ‘my maps’ application user can choose wether the selection route from start to
the assigned destination have blocked or other information gives by social media as identified in Figure
4.
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Figure 3. Maps of user route without
any social media information and
administrative borders

Figure 4. Maps user route of the
location of the user option using social
media information and administrative
borders

Table 2. Social Media Information Result Extraction.
User id

Screen name

848614550

e100ss

848614550

e100ss

848614550

e100ss

Result (text)

source

09.14:
1. Raya Buduran Sidoarjo in the direction
of Surabaya JAMMED, volume impact;
2. Raya Deket Lamongan, Gresik, is
JAMMED. (hm)
07.47:
1. The Waru Toll Road in the direction of
the Satellite is JAMMED because a truck
loading cement broke down in the left
lane of KM 12,6. Vehicle queue since
KM 15;
2. Aloha Sidoarjo roundabout in the
direction of Surabaya is JAMMED, the
volume is affected. (hm)

Twitter Web
App

21.28:
1. Yono Soewoyo Street in the direction
of HR Muhammad JAMMED, the
volume effect;
2. Klakah Lumajang in the direction of
Surabaya is JAMMED. Because
PPKM(hm)

Twitter Web
App

Twitter Web
App
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Figure 5. Social media imported
information layer

Figure 6. Social media information
editing layer

Maps that are displayed to the user are synchronized with the maps in the web interface. The update
process were be done while the user use the android application and the updated information can be
imported as the user testing use the android application. To update the recent information the user must
reload the maps from android devices. Table 3 showed the recommendation process on how the user
finally selected the route that had minimum trouble while passing by.
Table 3. Recommendation final route survey officer
Recommendation

Reason

By Location

Route 1

Based on location assignment

By Distance

Route 1

Distance calculation

By Path
By Socmed

Route 1
Route 2

Based on calculation efectivity
Because the results of crawling social media
path to location, there is information there is a
problem

Conclusion

Route 2

Taking into account the path and road
information from social media

4.2. Discussion

Figure 7. Acceptance of system usability score [20]
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The testing of the system application were done after the selected user-tested and try to identify the
location that had been assigned. The system testing in this research using System Usability Score (SUS).
The SUS rate from the user gives a value of 65 on a scale of 100. Based on the SUS scale in Figure 7,
the system is categorized as ok to good system. Although its have a range on ‘ok’ and ‘good’ range, but
the value is almost on ‘good’ application range. The value were on the marginal range because some
integration in this application its come from the information from social media that still done manually.
The system can be leveraged to bigger system scope using scaling up the server that runs the extraction
information from social media in automatic ways, then the information integrated into the custom maps
application also information from social media can be seen by surveyor officer in realtime. Some users
that had using the map said they had high acceptance because it can inform not only the route that will
be passed by but also all the information from social media. The information that can be integrated in
this application such as traffic jams, the restriction of survey location because of PPKM or other reasons,
accident incidents and other information can be implemented and provided in the system.
5. Conclusion
The interpretation of the proposed mechanism can provide personalized travel route for a field survey
officer. The survey officer can select the route based on the information that had been provided using
the proposed mechanism. The information from social media source that gives location of traffic jam,
restriction, and other information can help the surveyor to locate the road condition. The administrative
border maps can be used by the field survey officer to identify the position of assigned survey location.
Although the SUS score is 65 scale from 100 scales, the integration from the three different sources as
proposed can be leveraged to more seamless. The proposed recommendation model mechanism is still
limited to social media that provides public access. In the future, it can be improved by adding access
from government sources such as care and protection applications where the status of the location zone
whether it has high, medium, or low risk can be known. So that this information can be used by BPS
survey field officers to anticipate possible risks of being exposed to Covid. Integration can also be
carried out with related agencies related to disasters, or information from the police regarding accidents,
road construction blocking, or other operations that cause field survey officers to consider while passing
the road.
6. What to do next
In the future, the number of data sources can be increased to government-related sources. Thus
increasing the synergy of performance from both the government and private sectors in supporting this
route selection database. This route selection can be developed for other activities such as plans to use
this route selection method for medical/health workers to get to the location faster, integration with the
police to find out accidents, development of ambulance routes that are faster than integration with BNP
and Polri. Firefighters and search and rescue teams can also use this model in advancing to the intended
location. Integration can be done by combining the information available on social media of government
agencies so that they can collaborate in providing the best route recommendations for users.
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Abstract. Statistics Indonesia (BPS) has been using Mobile Positioning Data (MPD) to support
official statistics since 2016. As a source of big data, MPD also has veracity characteristics,
indicating uncertainty in the data. Therefore, it is necessary to check that the data are good
enough to allow further analysis and the quality assurance process. Currently, there is no
established international standard for quality assurance of MPD. This paper describes the quality
matrix used by BPS in examining data from mobile operators. BPS uses thirteen indicators in
conducting quality assurance, where the inspection uses several different methods, such as
setting a threshold, checking data completeness, and checking the form of data distribution.
Exploratory Data Analysis is carried out to determine whether the data meets the requirements
for further analysis. We conducted this research on a mobile network operator data for June July 2020 as the basis for MPD analysis in 2021. Based on the inspection during this period,
BPS can cooperate with this cellular operator to conduct data analysis in 2021. However, the
operator must repeat the calculation of the required matrix as quality assurance every month.

1. Introduction
As the National Statistics Office, Statistics Indonesia (BPS) has the mandate to build, maintain, and
develop various statistical products. In this role, BPS is obliged to carry out statistical quality assurance
to ensure security and convince various parties to implement and use statistical data.
Laney (2001) on Patgiri and Ahmed [1] explains that big data has three main characteristics: Volume,
Velocity, and Variety. Ellars [2] explained that at the Big Data Innovation Summit in Boston, Inderpal
Bhandar, Chief Data Officer at Express Scripts, added a fourth V, namely veracity. The most critical
point of veracity is to ensure that the source of big data that we use is good enough for further analysis
[3].
BPS has been using Mobile Positioning Data (MPD) as one of the data sources since 2016, initially
in the project of counting foreign tourists who enter through cross-border [4]. The use of MPD must
meet the eligibility standards following the framework used by BPS. Therefore each quality dimension
is used as the basis for implementing quality assurance which is carried out in a quality inspection
scheme. For the MPD analysis in 2021, Statistics Indonesia uses data from June - July 2020 to determine
quality assurance at the data collection stage.
2. Mobile Positioning Data
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The increase in the use of cellular telephones, both number and area, and the continuously generated
data can further analysis in research involving human movement [5]. For example, in collaboration with
the largest cellular operator in Indonesia, BPS has been using mobile positioning data in several studies
such as tourism [4, 6], commuter, and metropolitan area delineation [7].
Cellular phones produce data with the dimensions of time and geographical location, called Mobile
Positioning Data. Cellular operators record the geographic location of cellular activity in Location Area
Coordinates (LAC) and Cell Identity (CI). LAC identifies each location area within the Global System
for Cellular Communications (GSM) Public Land Mobile Network (PLMN), while Cell Identity (CI)
represents the radio network element in a cellular operator [8].
After translation to LAU, another critical step in analyzing MPD data is determining the usual
environment. BPS uses the Anchor Mobility Data Analytic (AMDA) algorithm to determine a person's
usual environment. This algorithm pays attention to the consistency of a person's presence in the data
every day, week, and month. Therefore, completeness of information, availability of data in each period
becomes essential for the successful establishment of AMDA. In ensuring that the available data meets
the needs of BPS, a data inspection process is carried out as quality assurance as to the initial stage of
data acceptance.
This study used three types of data from cellular phones, as described in Table 1.
Table 1. Three basic types of data sources generated from LBS
Source Type
CHG
LBA
UPCC

Description
Billing domain log, which stores successful charging
transaction records such calls, messaging, and other
activity.
The technology is used to pinpoint consumers'
locations and provide location-specific advertisements
on their mobile devices.
It provides policy, service, subscription, quota, and
bearer resource management functions and admission
control for internet data usage.

Alias
calls, SMS, and
MMS logs
signaling data
internet data
usage

These three data types are complementary, and LBA is the data type that has the highest number of
rows of data. Therefore, in conducting data analysis, these three data are combined and considered a
single data unit. BPS collaborates with the largest Mobile Network Operator (MNO) in Indonesia for
data provision [9].
3. Definition and dimension of quality
The dimensions of quality as outlined in the BPS module "Statistical Quality Assurance Framework"
consist of the following dimensions [10]:
3.1. Relevance
Relevance refers to the conformity of activity outputs with user needs, targeting the primary needs and
several derivatives in the same context.
3.2. Accuracy
Accuracy refers to the output of statistical data that can accurately describe the conditions or phenomena
in the observed object being measured. Traditionally, accuracy is usually described in statistics as
sampling error and non-sampling error.
3.3. Punctuality and timeliness
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Timeliness refers to the time difference between when statistics are collected and published. The shorter
the time interval, the more time it is and the more value it adds to the results obtained. Punctuality refers
to the difference between when data is first released and the target time scheduled for release as
announced in the official release calendar or another similar term.
3.4. Interpretability
Interpretability reflects the extent to which the output of statistical activities can be presented clearly
and easily understood by users. Interpretability can be determined by the availability of metadata,
additional information, and support services for users to ask questions to gain a complete understanding
and use statistical outputs effectively.
3.5. Accessibility
Accessibility refers to the ease with which users can access statistical output data. Accessibility includes
the ease of users in using tools that can check the availability of the expected data, the suitability of the
form as a data access medium, access fees, and the availability of various access options that users can
use.
3.6. Coherence
Coherence refers to the domains/levels of statistical output at different levels but can be integrated and
comprehensively described phenomena.
3.7. Comparability
Comparability can be equated with coherence but refers to output containing the same data items but
differs in the period, region, or other relevant domain.
3.8. Trustworthiness
Trustworthiness is the level of trust of data users in recognizing and understanding the statistical output
generated efficiently. Trustworthiness is also related to the image of the BPS institution as a data
producer, which is the key to trust from users who want to take advantage of the output of statistical
activities produced.
Viewed from the quality dimension, MPD as one of the uses of Big Data for official statistics, in this
case, has several advantages, including the dimensions of relevance, accuracy, timeliness, and
reliability. These advantages are obtained because MPD can produce more timely statistical outputs than
conventional surveys. In addition, MPD also has a good guarantee of accuracy because it describes the
actual movement conditions of the observed subject. On the other hand, the use of MPD shows that BPS
has innovated by utilizing modern alternative data sources to enhance the reputation of BPS as a
statistical institution that is adaptive to technological developments.
4. Quality Checking Scheme
The principle of quality assurance is to ensure that the data to be used is adequate for further analysis.
Things of concern are the number of records per unit time, check the completeness of the data for each
variable, and data patterns. This quality measurement metric guide is based on BPS's experience in
conducting an assessment of MNO data that has been carried out since 2018. Details are described in
the following table.
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Table 2. List of indicators, level of importance, and description of indicators as quality assurance
requirements
Indicators

Description

1

Level of
Importance
Critical

2

Critical

3

Critical

4

Important

5

Critical

6
7
8

Critical
Critical
Critical

9
10

Critical
Critical

11

Critical

12
13

Critical
Nice to have

Records & subscriber per day (Number of records and unique
subscribers per day group by lbs source/type)
Records & subscriber per month (Number of unique days, records,
and subscribers per month)
Average records & subscriber per weekly (Calculate average
numbers of rows and unique subs every week)
Subscriber per AMDA (Anchor Mobility Data Analytic) steps
Check Cell Data (to master cells data)
Count no. of unique cell locations per month
Count no. of unique kabupaten and kecamatan per day
How many cells have incorrect coordinates (are out of the country)?
BPS map is used as a reference
How many of the cells have records in the domestic dataset
How many of the cells are missing from the cells table? (Master
cells as reference)
Check Pattern
On how many days domestic subscribers are present out of all days
in the period.
The average number of records per hour (0-23).
The time gap between subsequent events.

Checking missing values (Out of total records, how many NULL
values are in the dataset per mandatory field. Mandatory fields are
mno_cell_id, lon, lat (or x, y). E.g., how many lac values are
missing out of total records; how many latitude values are missing
out of total records))

Quality assurance checks are carried out in several ways, setting thresholds, checking data
completeness, and paying attention to the distribution shape. The first two indicators are the basis for
forming AMDA using thresholds. First, data were normalized for each category of observed variables.
Then, outliers are checked. Finally, the input data needs further examination and explanation if it is
below median minus three times interquartile range and is considered unreasonable (rejected) if it is
below median minus five times interquartile range.
The first indicator describes the completeness of geographic information in the daily data. As we
know, the primary information from this MPD includes time and geographical location. Human
movement is highly dependent on place and time, so the missing value in this information must be
controlled. However, not all LAC-CI can be translated into geographic coordinates. Based on the
assessment of the data for the last two years, the completeness of information for this variable is 84%.
Below 84%, operators should be given a warning that there is a problem with data retrieval. If the
completeness of the data is below 77%, then this data cannot be used for analysis.
The second quality assurance indicator describes the daily attendance of subscribers. Normally, the
number of subscribers every day is not the same because this depends on the cell phone user's activity.
However, fluctuations in numbers must be controlled. The examination is carried out separately for each
type of data, considering the unique Mobile Subscriber Integrated Services Digital Network Number
(MSISDN) and the number of data rows each day. Observations were made on daily data by first
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normalizing it to the number of customers at the beginning of the year. We get the results as shown in
Table 3. Average daily subscriber attendance based on the number of unique MSISDN for data types
LBA 0.92, CHG 0.87, and UPCC 0.92; while the threshold for data rejection is for LBA if < 0.88, CHG
if < 0.83, and UPCC if < 0.88. The average daily data rows for the LBA data type are 0.88, CHG 0.56,
and UPCC 0.83, while the threshold for assessing the data is for LBA if <0.82, CHG <0.38, and UPCC
if < 0.77. This examination is applied to weekly data to check the fourth indicator.
Table 3. Threshold for Indicator 2
Data
Records
Subscriber

Data Source
CHG
LBA
UPCC
CHG
LBA
UPCC

Warning
0.56
0.88
0.83
0.87
0.92
0.92

Reject
< 0.38
< 0.82
< 0.77
< 0.83
< 0.88
< 0.88

The third indicator requires the availability of daily data for each data type. We do not calculate the
third and fourth indicators threshold because it is already done on daily data. However, it is necessary
to ensure that there is complete data available for all dates. Therefore, if any daily data is missing, this
month's data is rejected.
Each stage of AMDA reduces data. In the fifth indicator, an examination is carried out on the
proportion of data that make up the anchor. The proportion of data that forms the anchor to the initial
data amount should not be less than 0.75.
In the sixth to tenth indicators, the position of the geographic coordinates in each data line is checked
according to the location reference table (master cell) that MNO should maintain. In addition, the sixth
and seventh indicators set a threshold for the number of locations in the data. For example, the sixth
indicator requires at least 115,000 unique locations, and the seventh indicator requires that the number
of sub-districts cannot be less than 6,718, and the number of sub-districts cannot be less than 514.
The eighth to tenth indicators explain the availability of LAC-CI to be translated into local
coordinates, which are then used to determine Local Administration Units (LAU) consisting of Provinsi,
Kabupaten, and Kecamatan. The NULL value in the data for this indicator cannot be more than 5%.
The eleventh indicator checks the completeness of the MPD data. The criteria for good data
completeness are customers who have complete data (available every day of the month) more than those
who do not. In addition, the top of the chart should be at the highest number of days in each month. For
example, the top of the chart in June should be at 30 days.
The twelfth indicator aims to check the average number of data lines per hour for one month. This
graph shows the pattern of subscriber activity each month that forms a unique pattern: the elephant curve
[11]. The graph rises from eight in the morning to eight in the evening, when subscribers are usually
active. Then it slowly descends into the wee hours of the morning when regular subscribers take a break
and then rises back up towards activity time.
Of the thirteen quality assurance indicators, the critical indicators that determine whether the existing
data sources are good enough to be analyzed are 1-12. The thirteenth indicator has nice-to-have criteria,
providing more insight into the data, but is not mandatory.
5. Result and Discussion
The following are the results of quality assurance checks on MPD data for June-July 2020, which BPS
and cellular operators carried out.
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LACCI NOT NULL

31-Jul

28-Jul

25-Jul

22-Jul

19-Jul

16-Jul

13-Jul

10-Jul

7-Jul

4-Jul

1-Jul

28-Jun

25-Jun

22-Jun

19-Jun

16-Jun

13-Jun

7-Jun

10-Jun

4-Jun

1-Jun

1.1
1
0.9
0.8
0.7

LONG LAT NOT NULL

Figure 1. Normalization of the number of data with LACCI and LONG LAT
is not null (First Indicator)
In general, the completeness of the data is good, with a daily average of 0.96. However, there is a
point where the completeness of the data reaches 85.74% (7 June). This figure is close to the lower limit,
at which the operator must explain the decrease in data.

(a)

(b)

Figure 2. Normalization of the number of data (a) and the number of the subscriber (b) based on data
source type (Second Indicator)

(a)

(b)

(c)

(d)

Figure 3. Normalization of unique MSISDN (June (a), July (c)), and average number of records per
number of days (June (b), July (d)) in 1 month per source type (Third Indicator)
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Figure 4. Normalization of the number of data and number of the subscriber on weekly data (Fourth
Indicator)
The number of records and subscribers every day tends to be stable. The image above is when
normalization is performed on all data types. We can see that from Figure 2, the LBA data source
dominates the data availability. For unique MSISDN, there are different patterns based on the existing
data source type (LBA, CHG, UPCC). The unique MSISDN from CHG shows more subscribers who
only make active transactions (call or SMS) a few times a month, while for LBA, more subscribers have
complete data (Figure 3). The three data types are complementary, so the more data we can use, the
better. The weekly data shows that the number of records is also relatively stable, while the number of
unique subscribers on weekends tends to be lower (Figure 4). However, the fourth indicator is only used
as an insight because the daily data is already above the threshold.
Not all customer data can form the usual environment. For June and July 2020, the percentage of
subscribers who have the usual environment is in the range of 0.78. This figure is still above the data
rejection threshold (below 0.75). The following vital point is location; from mobile location data, we
check how many unique location points, sub-districts, and districts are recorded is checked. Based on
the experience of previous studies, the threshold is set at a minimum of 115,000 location points and
6,718 Kecamatans. The selection of MNOs invited to cooperate by BPS requires the presence of MNOs
in all districts in Indonesia; logically, the number of locations does not decrease. The examination results
showed that in June 2020, there were 132,215 location points and 6,718 Kecamatans, while in July,
there were 132,754 locations, 6,718 Kecamatans.
Completeness of data is essential in analyzing MPD. The criteria for good data completeness are
customers who have complete data (available every day of the month) more than those who do not. The
top of the chart should be at the highest number of days in each month. From Figure 5, we can see that
the chart's peak is at 30 days for June, while for July, it is at 31 days.
1.200
1.000
0.800
2020-06

0.600

2020-07

0.400
0.200
0.000
1

3

5

7

9

11 13 15 17 19 21 23 25 27 29 31

Figure 5. Normalization of the number of days domestic subscribers are present out
of all days (Eleventh Indicator)
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Figure 6. Normalization of the average number of records per hour (Twelfth Indicator)
Indicator 12 can also be said as the natural hourly rhythm of cellular phone users in Indonesia. The
distribution of diurnal records shows that peak activity in the morning occurs at 9-10 and in the afternoon
occurs at 18-19. And as we can see in Figure 6, the shape of the distribution follows the elephant's curve.
The process of checking data quality in June - July 2020 is required for further cooperation in 2021.
Overall, based on the results of an examination of 12 of the 13 indicators that are critical (the thirteenth
indicator is not available), the quality of MNO data is good and meets the requirements for further
analysis.
6. Conclusions and suggestions
The results of quality assurance checks on MPD data for June – July 2020 indicate that the data can be
used for further analysis. However, quality assurance checks must be carried out every month to ensure
that the data condition is maintained and according to the standards that have been previously set.
BPS has plans to collaborate with other MNOs, and it is necessary to adjust the indicators and their
thresholds based on the type of data that the MNO has.
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Abstract. Welfare as an alternative measure for poverty, is an important indicator to measure.
But there is no composite indicator that specifically measures the prosperity of a population yet.
Considering the increase of data needed and the lack of available data at the smaller level, this
study develops the Welfare Index at sub-district level for West Java in 2020 using a small area
estimation approach to explain the condition of welfare of the population. The indicators in subdistrict level formed in this study were created from two kinds of data. The first type of indicators
were formed from SUSENAS using Small Area Estimation and the other type of indicators were
formed from PODES aggregation. All the indicators were then processed with factor analysis to
form the Welfare Index. The Welfare Index formed shows the range of 22.86 to 83.76 and
generally higher in the northern part of West Java. This index has a correlation of 0.798 with the
Human Development Index because of the components that defined both indexes. The existence
of this correlation shows that the Welfare Index formed is able to explain the
conditions/phenomena being measured.

1. Introduction
Good health and well-being is the third goals of Sustainable Development Goals (SDGs). Public welfare
is also the main goal of the establishment of the Republic of Indonesia. Welfare itself can be defined in
many ways. According to the Oxford dictionary, welfare is the general health, happiness and safety of
a person, an animal or a group. Indonesia Macroeconomic Outlook by University of Indonesia also
stated that a prosperous society is a society that can fully enjoy prosperity, is not poor, does not suffer
from hunger, enjoys education, is able to implement gender equality, and enjoys health facilities equally
[1]. A prosperous society can be achieved if the population is able to participate in national development.
Thus, the strategy for national development must aim to improve the welfare of the population.
In order to evaluate national development, usually single indicators are used, such as poverty rate,
school participation rate, unemployment rate, infant mortality rate, etc. There are also some composite
indexes, such as the Human Development Index. The Human Development Index (HDI) is a summary
measure of average achievement in key dimensions of human development: a long and healthy life,
being knowledgeable and having a decent standard of living.
There are so many indicators that are being used to portray a prosperous society, but there are no
composite indicators that specifically measure the prosperity of a population. World Bank in World
Development Report states that poverty is a lack of prosperity [2]. So, welfare cannot be separated from
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poverty and a measurement of welfare can give us an alternative measure for poverty. Considering the
importance of welfare, this study aims to develop a composite index to explain the condition of welfare.
Researches that formulate the welfare index have been carried out previously both in Indonesia and
in other countries. In 2016, Miko Armiento formulated The Sustainable Welfare Index (SWI) for Italy.
This index is formed from 17 components adopted from the Index of Sustainable Economic Welfare
(ISEW) and Genuine Progress Indicator (GPI). The 17 indicators are private consumption expenditure,
welfare losses due to income inequality, services provided by non-paid domestic work, services
provided by durable goods, expenditure for durable goods, public expenditure in health and education,
research and development expenditure, cost of vehicle accidents, cost of commuting, cost of noise
pollution, cost of water pollution, cost of air pollution, cost of urbanization, depletion of non-renewable
resources, social cost of annual carbon dioxide emissions, net fixed capital formation, and variation of
the net international investment position [3].
In the same year, Benjamin Held et al formulated The National and Regional Welfare Index
(NWI/RWI) in Germany. Similar to the SWI formed by Miko Armiento, the NWI/RWI is formed from
20 indicators adopted from the ISEW and GPI. The indicators that make up this index are Index of
Income Inequality, private consumption weighted by Index of Income Inequality, value of household
work, value of voluntary work, non-defensive public expenditure on health care and education, net value
of the costs and benefits of consumer durables, costs of commuting, costs of traffic accidents, costs of
crime, costs of alcohol tobacco and drug abuse, costs of avoidance and repair, damage costs of water
pollution, damage costs of soil degradation, damage costs of air pollution, damage costs of noise, value
of increase/loss of ecosystems, value of increase/loss of agricultural areas, replacement costs due to the
consumption of non-renewable energy resources, damage costs of yearly GHG emissions, and costs of
the use of nuclear energy [4].
In Indonesia itself, the welfare of population was studied by Eko Sugiharto in 2007. Adopting
indicators from the Statistics Indonesia, the welfare of population is measured using 8 indicators, namely
income, household consumption or expenditure, housing conditions, housing facilities, health of
household members, ease of obtaining health services, ease of entering children into education level,
and ease of obtaining transportation facilities [5].
Considering the condition of population and the availability of data in Indonesia, this study adopts
the indicators for constructing the welfare index from Statistics Indonesia. Since the main data source
for welfare indicators in Indonesia is the National Socio-Economic Survey (SUSENAS) in March,
several indicators must be adjusted to the availability of SUSENAS data. SUSENAS in March are
designed to estimate variables in District/Municipality Level. In order to prevent welfare problems and
to improve the level of welfare of the population, a welfare indicator at a smaller level is needed. With
the estimation at a smaller level, the effort to tackle the welfare problem will be more effective, more
focused and consume fewer resources. Hence, overcoming welfare problems that occur in the
community will also be right on target and reach the wider community. In conclusion, the development
of the welfare index at the sub-district level is urgently needed right now.
To develop welfare index in sub-district level, small area estimation is used to estimate welfare index
constituent. Small area estimation is a method to estimate with small sample size. In this case, small
sample size because SUSENAS data are designed to only provide estimation up to district/municipality
level but we want to use it to develop welfare index in sub-district level. In this study we use Empirical
Best Linear Unbiased Predictor model to estimate an area with sample and we use Cluster Information
for an area with no sample.
Small Area Estimation tend to make a better result with a large number of areas and West Java is the
most populated province in Indonesia with almost 50 million population in 2020 census and it has 627
sub-districts. Because of that, it has a relatively big sample size and can be used as pilot study to estimate
welfare indicator in sub-district level. If we can develop a welfare index in sub-district level in West
Java, we can expand this study to develop the welfare index in another province with smaller sample
size and smaller number of sub-districts.

843

N E Monadiyan and F Haris

2. Methodology
2.1. Theoretical Framework
According to Statistics Indonesia there are eight criterias to determine welfare, those are yearly income,
household consumption or expenditure, housing, ownership of housing facilities, household member
health, access to health services, access to education, and access to transportation services [5].
Housing is defined by material of roof, material of wall, ownership status of the dwelling, material
of floor and floor area. Ownership of housing facilities defined by house yard, ownership of air
conditioners, source of lighting, ownership of vehicles, type of fuel mainly used for cooking, main
source of water, drinking water facility, main source of drinking water, toilet facility, distance of waste
disposal to the dwelling. Access to health services defined by distance of nearest hospital, distance of
drug store, drug handling, drug prices, and contraception. Access to education defined by education fees,
distance of school, and admission process. Access to transportation services defined by transportation
fare, transportation facilities, and vehicle ownership status.
2.2. Small Area Estimation
According to Rao, Small Area Estimation (SAE) is a method to estimate the parameters of subpopulation
with small sample size. In this case, small area means an area that cannot be directly estimated because
it can produce a very large standard error [6].
The most common SAE method is Empirical Best Linear Unbiased Prediction (EBLUP). EBLUP
was first applied by Fay and Herriot and is a weighted average of the direct estimation and a regression
estimation that is obtained by fitting linear regression into the data. The main idea of EBLUP is to
explain the diversity of target variables that can be explained by auxiliary variables combined with a
specific area random effect. Therefore, the Fay-Herriot model is also commonly known as the linear
mixed model [7].
Because SAE usually deals with small sample size, usually there are several areas that do not have
samples for estimating. Because of that, sometimes the direct estimation of that area cannot be estimated.
Recently there are two ways to estimate an area with zero sample, there are synthetic estimation and
utilizing the cluster information. Gonzales stated that synthetic estimation is an indirect estimation that
uses variable characteristics of a large sample area to estimate the variable of small sample size [8]. It
assumes that an area with small sample size has a similar characteristic with an area that has a large
sample size. However, synthetic estimation does not take into account the effect of random areas, so
there will be bias in the estimation.
To overcome the bias in synthetic estimation, Rahma Annisa uses cluster information of sampled
area with the same characteristic as non-sampled area to improve the precision of the estimation [9].
Cluster information can be obtained by clustering an area with a similar auxiliary variable and it can be
added to non-sampled area estimation. One of the proposed models by Rahma Annisa is to add the
average of random area effect of the sampled area to the non-sampled area synthetic estimation with the
same cluster. By using this technique, the estimation has a smaller MSE and bias compared to synthetic
estimation.
2.3. RRMSE
Root Relative Means Squared Error (RRMSE) is the result of dividing the root of Mean Squared Error
(MSE) by the average true value in an area [6]. RRMSE is used to calculate the accuracy of an estimation
method and usually expressed in percent. BPS - Statistics Indonesia used a maximum estimated RRMSE
of 25% as the standard for reliability of estimates. According to international standards, Estimates with
RRMSE between 25% and 50% are considered to be high and should be used with caution. On the other
hand, estimates with RSE higher than 50% are considered unreliable for general use and used only when
the lack of reliability is understood. To calculate RRMSE we use:
𝑅𝑅𝑀𝑆𝐸(𝜃̂𝑖𝑆𝐴𝐸 ) =

̂ 𝑆𝐴𝐸 )
√𝑀𝑆𝐸(𝜃
𝑖
̂ 𝑆𝐴𝐸
𝜃
𝑖

(1)
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2.4. Factor Analysis
Factor analysis is an interdependence technique to define the underlying structure among the variables
in the analysis. Factor analysis provides the tools for analyzing the structure of the interrelationships
among a large number of variables by defining sets of variables that are highly interrelated [10]. The
simpler method used, the better the index. But, in determining the right aggregation for an index, a lot
of supporting theory and previous research are needed. Therefore, as a first step in creating a new index
in a study, factor analysis is often used to help researchers grouping the indicators into appropriate
dimensions and perform the index aggregation.
The assumptions in factor analysis are more conceptual than statistical. In factor analysis, the
overriding concern center is on the character and composition of the variables included in the analysis.
From a statistical standpoint, several necessary requirements are: (1) statistically significant Barlett’s
test of sphericity, that indicates existing sufficient correlations among variables; (2) measure of sampling
adequacy (MSA) values must exceed 0.50 for both overall test and each individual variable.
Once the variables are specified and the correlation matrix is prepared, the decision on the method
of extracting the factors and the number of factors selected to represent the underlying structure in the
data must be made. A several stopping criteria to determine the initial number of factors to retain are:
(1) factors with eigenvalues greater than 1.0; (2) a predetermined number of factors based on research
objectives and/or prior research; (3) enough factors to meet a specified percentage of variance explained,
usually 60 percent or higher; (4) factors shown by the scree test to have substantial amounts of common
variance; (5) more factors when heterogeneity is present among sample subgroups.
To assist in the process of interpreting a factor structure and selecting the final factor solution, the
factor rotation is encountered. No specific rules have been developed to guide in selecting the technique
of factor rotation, but most programs have the default rotation of varimax. In interpreting factors, the
decision made regarding the factor loadings. The loading must exceed 0.70 for the factor to account for
50 percent of the variance of a variable. But the significance level of the factor loadings are different
based on the sample size. The factor loadings 0.30 is significant for sample sizes of 350 or greater.
Once all the significant loadings have been identified, the communalities must be considered to
assess whether the variables meet acceptable levels of explanation. The communalities less than 0.50
are not having sufficient explanation. Respecifying the factor model could be done if necessary.
Respecification of a factor analysis includes such options: (1) deleting a variable(s); (2) changing
rotation methods; (3) increasing or decreasing the number of factors.
2.5. Composite Index Construction
The following steps are used in the construction of a composite indicator [11]. While the workflow of
the index construction can be seen in Figure 1.
• Theoretical framework and data selection
To get a clear understanding and definition of the multidimensional phenomenon to be
measured, and structure the various sub-groups of the phenomenon, the theoretical framework
should be formed.
• Multivariate analysis
Factor analysis is used to compose the Welfare Index in this study. The steps taken in factor
analysis are data eligibility test, variable reduction, factor formation, factor rotation, up to form
the factor scores.
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Figure 1. The workflow of the Index Construction
•

•

Normalisation
Normalisation is required prior to any data aggregation as the indicators in a data set have
different measurement units. This study uses min-max normalisation to have an identical range
[0, 1].
Weighting and aggregation
According to factor analysis, the weighting refers to the variance explained. The weighting for
each factor is the variance explained by the factor divided by the total variance explained by all
factors.
𝑉𝑎𝑟𝑖𝑎𝑛𝑐𝑒 𝑒𝑥𝑝𝑙𝑎𝑖𝑛𝑒𝑑

𝑖
𝑊𝑖 = 𝑇𝑜𝑡𝑎𝑙 𝑣𝑎𝑟𝑖𝑎𝑛𝑐𝑒 𝑒𝑥𝑝𝑙𝑎𝑖𝑛𝑒𝑑
, where ∑𝑖 𝑊𝑖 = 1

(2)

Meanwhile, to form the factor scores, the standardized values of indicators in each factor need
to be weighted by the square factor loadings divided by the total of square factor loadings.
𝑙2

𝑤𝑖𝑗 = ∑ 𝑥𝑖𝑗2 , where ∑𝑗 𝑤𝑖𝑗 = 1

(3)

𝑓𝑖 = ∑𝑗 𝑥𝑖𝑗 × 𝑤𝑖𝑗 , where 𝑥𝑖𝑗 is the standardized value of 𝑗 indicator in 𝑖 factor

(4)

𝑗 𝑙𝑥𝑖𝑗

Once the weighting and the factor scores are formed, the following linear aggregation is used.
𝑆𝑜𝑐𝑖𝑎𝑙 𝑊𝑒𝑙𝑓𝑎𝑟𝑒 𝐼𝑛𝑑𝑒𝑥 = ∑𝑖 𝑊𝑖 × 𝑓𝑖′ , where 𝑓𝑖′ is the normalized factor scores
•

•

(5)

Decomposing the indicator
Decomposing a composite indicator is needed to identify if the results are dominated by a few
indicators and to explain the relative importance of the sub-components of the composite
indicator.
Link to other variables
This step should be made to correlate the composite indicator with other relevant measures,
taking into consideration the results of sensitivity analysis.
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3. Result
3.1. Data Description
To estimate The Welfare Index at sub-district level in West Java 2020 we use two types of data, The
National Socio-Economic Survey (SUSENAS) in March 2020 and The Village Potential Data
Collection (PODES) in 2020. In Small Area Estimation, SUSENAS data used as direct estimator and
PODES 2020 data used as auxiliary variables. SUSENAS data is designed to estimate up to
district/municipality level. Therefore, the direct estimator for sub-district level has a relatively high RSE
and some sub-district have no samples at all. PODES data are also used in composite index construction
along with SUSENAS data.
We use SUSENAS data to estimate expenditure per capita (y1), household food expenditure (y2),
household non-food expenditure (y3), percentage of household with home ownership (y4), percentage of
household with decent drinking water (y5), percentage of population with health complaints (y6),
percentage of smoker (y7), percentage of population with health insurance (y8), mean years of schooling
(y9), and percentage of population with vehicle (y10). From PODES, we use a percentage of villages with
decent public bathing, washing, and toilet facilities (y11), educational facilities to population ratio (y12),
medical facilities to population ratio (y13), percentage of villages with decent roads (y14) and percentage
of villages with public transportation (y15).
3.2. Small Area Estimation
The direct estimation from SUSENAS data to estimate indicators in sub-district level have a really high
RSE and there are some indicators with RSE value 0% and have no sample at all. This is because some
sub-district are not selected as SUSENAS samples and some sub-districts have a uniform sample that
causes the MSE of the estimated sub-district to be 0. This makes the estimated indicators to be unreliable
and cannot be used in general.
Overall, if we make a composite index from this data we will get 214 sub-district with unreliable
indexes and 190 sub-district with indexes that can be used with caution. So, there are only 223 subdistrict or 35.57% of the data that is reliable and can be used to map the level of welfare in West Java.
so, to make our estimated index reliable we need to use Small Area Estimation.
To estimate all indicators we use PODES 2020 data as auxiliary variables. We use PODES variables
that have been aggregated to sub-district level and their derivative variables, such as coverage, ratio and
others. To select suitable auxiliary variables we use stepwise regression and we use the selected auxiliary
variable to find an optimum number of clusters to calculate cluster information. Once we get the best
suitable auxiliary variable and the most optimum number of cluster, we estimate the sample area using
EBLUP and add cluster information to the non-sampled area.
After that we estimate the sample area using EBLUP and add cluster information to the non-sampled
area. To see how efficient our SAE compares to direct estimation we compare the average of MSE and
Relative efficiency between SAE and direct estimator. In table 1 we can see that the optimum cluster of
auxiliary variables are between 2 and 8. Also, the average of mean squared error in all small area
estimation variables is less than direct estimation. The relative efficiency of small area estimation
variables are between 0.293 and 0.734. Thus we can say that small area estimation are more efficient
than direct estimation.
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Table 1. Optimum number of cluster, Average MSE comparison and Relative Efficiency of the model
Optimum Number Of
Cluster

Variable

Average Mean Squared Error

Relative
Efficiency

Small Area
Estimation

Direct Estimation

y1

2

35297649331.16

15622650623.11

0.443

y2

8

52530220817.41

33380496004.16

0.635

y3

5

279324857670.04

81887294599.28

0.293

y4

2

0.003808

0.002279

0.598

y5

2

0.008495

0.006237

0.734

y6

3

0.004073

0.002899

0.712

y7

2

0.000910

0.000530

0.582

y8

3

0.005338

0.003539

0.663

y9

3

0.322073

0.184585

0.573

y10

2

0.004460

0.002663

0.597

Based on Table 2, we can see that out of 10 indicators that use RRMSE , there are 6 indicators that
do not have an RRMSE above 25%. There are 3 indicators with a sub-district that have RSE between
25% and 50%, we have to be careful to use the estimated indicators in these sub-district. And lastly,
there is still one indicators that has a sub-district with an RRMSE above 50, namely percentage of
population with health complaints.
Overall, if all indicators from SAE are included in the composite index there will be 4 sub-district
with unreliable index, 175 sub-district with index that can be used with caution and there are 448 subdistrict or 71.45% data that is reliable and can be used in general.
Table 2. Percentage of Sub-district based on the RSE of Direct Estimation and RRMSE of SAE Results
per Indicator.
Variable
y1
y2
y3
y4
y5
y6
y7

Expenditure Per Capita
Household Expenditure
for Food
Household Expenditure
for Non-Food
Percentage of Households
with Home Ownership
Percentage of Household
with Decent Drinking
Water
Percentage of Population
with Health Complaints
Percentage of Smoker

Direct Estimation

SAE

0-25

25-50

>50

0 and NA

0-25

25-50

>50

92.82

4.78

0.00

2.39

100.00

0.00

0.00

96.01

1.75

0.00

2.23

100.00

0.00

0.00

83.73

13.08

0.96

2.23

93.14

6.86

0.00

81.18

2.07

0.16

16.59

100.00

0.00

0.00

69.54

11.80

4.94

13.72

91.39

8.61

0.00

75.12

19.30

3.03

2.55

82.93

16.43

0.64

93.78

3.83

0.32

2.07

100.00

0.00

0.00
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Direct Estimation

Variable
Percentage of Population
with Health Insurance
y9 Mean Years of Schooling
Percentage of Population
y10
with Vehicle
y8

SAE

0-25

25-50

>50

0 and NA

0-25

25-50

>50

87.40

8.29

0.64

3.67

98.72

1.28

0.00

97.45

0.00

0.00

2.55

100.00

0.00

0.00

92.66

3.03

0.32

3.99

100.00

0.00

0.00

3.3. Index Construction
The first step in creating the index is to synchronize the direction of each variable. In this study, the
value of all indicators will be made in a positive way, so that greater index value states higher welfare
of an area. In addition, considering the different units of each indicator, standardization is carried out
for each variable.
Table 3. The Indicators of The Welfare Index

Variable

Direction

Used in the
model
1 – Yes
0 – No

y1

Expenditure Per Capita

+

1

y2

Household Expenditure for Food

+

1

y3

Household Expenditure for Non-Food

+

1

y4

Percentage of Households with Home
Ownership

+

1

y5

Percentage of Household with Decent
Drinking Water

+

1

y6

Percentage of Population with Health
Complaints

-

0

y7

Percentage of Smoker

-

1

y8

Percentage of Population with Health
Insurance

+

1

y9

Mean Years of Schooling

+

1

y10

Percentage of Population with Vehicle

+

1

y11

Percentage of Villages with Decent
Public Bathing, Washing, and Toilet
Facilities

+

0

y12

Educational Facilities to Population
Ratio

+

1

y13

Medical Facilities to Population Ratio

+

1

Additional Information

Doesn’t meet the
requirement of RRMSE

Not representative, high
in almost all of subdistrict
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Variable

Direction

Used in the
model
1 – Yes
0 – No

Additional Information

y14

Percentage of Villages with Decent
Road

+

0

Not representative, high
in almost all of subdistrict

y15

Percentage of Villages with Public
Transportation

+

0

Not representative, high
in almost all of subdistrict

After synchronizing the direction and standardizing the variables, eligibility test is carried out on the
data used. Considering the correlation matrix and referring to the Kaiser-Mayer-Olkin (KMO), Barlett’s
Test of Sphericity, Anti-image Correlation (Measure of Sampling Adequacy/MSA), and the values of
communalities, 11 variables are selected to define the welfare index.
Those 11 variables were then grouped into 6 factors. The factor selection considering the percentage
of variance explained, prior theory or research, and the scree plot. With six factors formed, the
percentage of variance explained is up to 87.25 percent which is sufficient to explain the variance of the
data. Then to determine the variable in a factor, the eigenvalues are considered. Based on the sample
size, the eigenvalues 0.3 is acceptable. The summary of the selection of indicators in each factor can be
seen in Table 4.
Table 4. The Indicators and the Factors Formed for the Welfare Index
No.
1

2

3

4

Factor
Expenditure and mean
years of schooling

Housing

Access to educational
and medical facilities

Access to
transportation

Variable

Notation Eigenvalues

Expenditure Per Capita

y1

0.921

Household Expenditure for
Food

y2

0.849

Household Expenditure for
Non-Food

y3

0.882

Mean years of schooling

y9

0.667

Percentage of households
with home ownership

y4

0.646

Percentage of household
with decent drinking water

y5

0.804

Educational facilities to
population ratio

y12

0.922

Medical facilities to
population ratio

y13

0.621

Percentage of population
with vehicle

y10

0.857

% of
variance
29.65

13.51

13.27

10.64
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No.

Factor

Variable

Notation Eigenvalues

% of
variance

5

Access to health
insurance

Percentage of population
with health insurance

y8

0.907

10.51

6

Household member
health

Percentage of smoker

y7

0.958

9.65

Using the eigenvalues of each variable in a factor, the factor scores are formed. In order to perform
the aggregation, the factor scores must have an identical range, thus the normalisation is used. The
normalisation used in this study is min-max normalisation so the factor scores will have an identical
range [0, 1] and the Welfare Index will have a value of 0 to 100.
Once the normalized factor scores are formed, the aggregation runs using the weighting that comes
from the percentage of variance explained.
𝑆𝑜𝑐𝑖𝑎𝑙 𝑊𝑒𝑙𝑓𝑎𝑟𝑒 𝐼𝑛𝑑𝑒𝑥
= (0.3399 𝐹𝑎𝑐𝑡𝑜𝑟1 + 0.1549 𝐹𝑎𝑐𝑡𝑜𝑟2 + 0.1521 𝐹𝑎𝑐𝑡𝑜𝑟3
+ 0.1220 𝐹𝑎𝑐𝑡𝑜𝑟4 + 0.1205 𝐹𝑎𝑐𝑡𝑜𝑟5 + 0.1107 𝐹𝑎𝑐𝑡𝑜𝑟6 ) × 100

(6)

3.4. The Welfare Index
The Welfare Index formed has a value of 0 to 100. The greater index value states higher welfare of an
area. The Welfare Index in West Java 2020 shows the range of 22.86 to 83.76, with the average being
at 44.46. The lowest index was found in Tanjungsari (Bogor Regency) while the highest index was
found in Panyileukan (Bandung City).
As The Welfare Index is a new establishment index, there is no previous literature as a basis for
classification, therefore the index was then grouped into five categories based on the quantiles. The
quantiles classification method was chosen to distribute the index into groups that contain an equal
number of areas/subdistricts, in order to compare the ranking between regions. Quantile classification
divides classes so that the total number of features in each class is approximately the same. This type of
classification is useful for showing rankings and ordinal data. The distribution of the classification
results can be seen in Figure 2, where the areas with darker colors indicate higher welfare index. In
general, it can be seen that the areas in the northern part of West Java have higher welfare than the
southern part. Meanwhile, the district/city with high welfare in all sub-districts are Bogor City, Depok
City, Bekasi City, Bekasi Regency, Cimahi City, Sukabumi City, Cirebon City, Banjar City, and
Pangandaran Regency.
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Figure 2. The Welfare Index at Sub-district Level, West Java, 2020
This may happen because these cities are metropolitan areas. The rampant development in these
cities certainly spurs the economic growth. High urbanization also increases the welfare of population.
Zara Hadijah, in her research in 2020, found that the level of urbanization has a positive relationship to
per capita income [12]. World Bank also found that 1 percent urbanization growth in Indonesia increases
the value of GDP per capita by 4 percents [13]. These findings indicate that there is a relationship of
urbanization and development in a city on the welfare of the population.
The general description of this index is similar to the Human Development Index (HDI) in 2020. The
higher welfare index reflects the higher HDI in an area. There is a correlation of 0.798 between the
average welfare index in district/city and the 2020 HDI. This correlation exists because some
components that define both indexes are quite similar. The welfare index consists of expenditure,
housing, education, health, and transportation. While the HDI consists of expenditure, education, and
health. The existence of this correlation shows that the welfare index formed is able to explain the
conditions/phenomena that are being measured.

Figure 3. The Average of Welfare Index in
District Level, West Java, 2020

Figure 4. The Human Development Index,
West Java, 2020
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Factor 1 is the factor with the highest weight in the Welfare Index. This factor explains 29.65 percent
variance of the origin data. Expenditure is a key variable to welfare because it indirectly describes the
poverty of an area. In Economics, Engel’s Law states that higher income will decrease the proportion of
food expenditure. This law explains the relation of expenditure and poverty. The poverty of an area itself
is a reflection of the welfare of the population living in the area. According to World Bank in the World
Development Report, poverty is a lack of welfare [2]. According to the relation of variables defining
this factor to welfare, it is reasonable that the factor has the highest variance explained for the Welfare
Index. The general description of this factor resembles the Welfare Index and is still related to the high
urbanization in certain cities that affects per capita income.
Factor 2 consist of housing indicators. The availability of adequate housing can improve the health
status of the population. One indicator of a decent house is the availability of proper drinking water for
consumption. Improper drinking water can certainly threaten health because it causes various diseases.
Health itself will certainly affect the welfare of population. Similar to factor 2, factor 6 is the household
member health which is consist of the percentage of smoker. Although some negative impacts of
urbanization on public health were found, especially in the provision of proper water, the general
description of factors 2 and 6 shows a high level of public health in big cities as well as the general
description of the Welfare Index. This indicates that the high urbanization in certain cities in West Java
does not have a negative impact on the public health.
Similar to the Welfare Index formed, the factor scores generated by all the factors tend to be higher
in the northern part of West Java, except for factor 3. Generally, the factor scores generated by factor 3
tend to be higher in the southern part of West Java. This situation is possible because of the government
development obligation. Hence, even in sub-districts with low populations there must be health and
education facilities. Therefore, in sub-districts with low population, the ratio of health facilities to
population and the ratio of educational facilities to population are higher.
Factors 3, 4, and 5 are generally explain the accessibility of population to public facilities and
government assistance. Factor 4 specifically describes public transportation access. Transportation is a
determinant of the affordability of the other facilities such as health and education. The availability of
transportation also supports the socio-economic life of the population. In general, all sub-districts in the
province of West Java already have public transportation and decent roads so that these indicators are
not representative to distinguish welfare between regions. The indicators that available and can explain
the differences in transportation access, namely vehicle ownership. Vehicle ownership status certainly
influenced by income, therefore the general description of factor 4 also tends to be high in urban areas
with more rapid development.
Factor 5 describes access to health insurance. This factor consists of indicators of ownership of health
insurance. The value of this factor is high in several cities, namely Depok City, Bekasi City, Bekasi
Regency, Bogor City, Sukabumi City, Karawang Regency, Cimahi City, Bandung City, Cirebon City,
Banjar City, and Pangandaran Regency. Related to the level of urbanization and development in these
cities, access to insurance ownership is also higher because access to transportation tends to be better.
In addition, urban communities tend to work more in the formal sector which usually provides health
and employment protection.

Figure 5. Scores of Factor 1:
Expenditure and mean years of
schooling

Figure 6. Scores of Factor 2:
Housing

Figure 7. Scores of Factor 3:
Access to educational and
medical facilities
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Figure 8. Scores of Factor 4:
Access to transportation

Figure 9. Scores of Factor 5:
Access to health insurance

Figure 10. Scores of Factor 6:
Household member health

4. Conclusion
Considering the availability of data in Indonesia, the Welfare Index at sub-district level as an indicator
to explain the condition of welfare of the population can be generated. For West Java in 2020, the
Welfare Index shows higher value at the northern part of West Java with the range of index at 22.86 to
83.76. The distribution of this index shows the same pattern as the Human Development Index and both
indexes have a correlation of 0.798. It shows that the Welfare Index formed is able to explain the
conditions/phenomena being measured.
Further research must be obtained by considering other variables which currently cannot be estimated
to the lowest level yet. Various theories and concepts of welfare also needed to be considered so that the
index formed is able to more describe the phenomenon that is being measured.
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Abstract. The success of Indonesia’s development is marked by increasing economic growth,
which is in line with the demographic transition, where the number of people who are borne is
less than the population which bears it. Indonesia will enter the peak of the demographic bonus
in 2030, where every 100 productive aged people bear 46 to 47 non-productive-aged people. The
demographic bonus can positively impact on the economy and the quality of human resources if
its potential is adequately utilized but becomes a threat if not maximized. Therefore, path
analysis is used in this study to analyze the potencies and threats of the demographic bonus and
its effect on economic growth, either directly or indirectly through the quality of human
resources. The results of this study are the potential index consisting of labor absorption,
household savings, and women in the labor market does not significantly influence on the quality
of human resources and economic growth. Meanwhile, the threats index, which consists of
internet access, migration, and child marriage, has a significant positive direct effect on
economic growth and a significant negative indirect effect on economic growth. These results
indicate that the threat index has a greater influence than the potential and it is hoped that the
government will focus on reducing the threat of the demographic bonus, but it must be
accompanied by an increase in the quality of human resources.

1. Introduction
Economic growth is one indicator of the success of a country's development. This growth can be seen
from GDP growth which continued to increase from 2010 to 2019. Several things can encourage
economic growth, one of which is the demographic transition marked by changes in population structure
[7]. The family planning program causes the number of births to decline so that the growth of the young
population slows down. This causes the dependency ratio to decrease, resulting in a demographic bonus
[2].
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Figure 1. Indonesia’s dependency ratio in 2010-2030
A demographic bonus is a condition in which the dependency ratio in a country decreases and reaches
below 50 [4]. Meanwhile, the dependency ratio is the number of non-productive age population (age <
15 years and age > 64 years) which is borne by 100 productive age population (15-64 years). According
to Central Bureau of Statistics, as shown in Figure 1, Indonesia will enter the peak of the demographic
bonus in 2030, where the dependency ratio will reach the lowest of 46.9. It means that 100 people of
productive age will only bear 46 to 47 people of non-productive age. However, according to Central
Bureau of Statistics, after reaching the peak of the demographic bonus, this dependency ratio will
increase again, mainly due to the increasing elderly population (age > 64 years).
Several conditions must be carried out by Indonesia to maximize the opportunity for the demographic
bonus, namely increasing employment, household savings, and the high role of women in the labor
market [2]. With the fulfillment of these conditions, the demographic bonus can be adequately
maximized and become a booster for the Indonesian economy. The demographic bonus must be utilized
as well as possible to get maximum benefits for the economy, but if not, the demographic bonus can be
a threat, even an economic setback [11].
In addition, there are also several things that can threaten the success of the demographic bonus in
Indonesia. Child marriage could harm the demographic bonus because it can cause children to drop out
of school, thus affecting their quality of life [8]. In addition, the high in-migration has resulted in various
population problems, thus preventing Indonesia from achieving the benefits of the demographic bonus
[1]. Then, the lack of internet access, especially for the productive age population, is also a barrier to
achieving the benefits of the demographic bonus [11].
To achieve the maximum benefit of the demographic bonus, it is also necessary to improve the
quality of human resources (HR) because human resources are the primary foundation for the welfare
of every country [17]. The quality of human resources can be described from three factors, namely
income, health, and education [38]. These three factors are factors that make up the HDI. Therefore,
HDI is used to describe the quality of human resources. The quality of human resources also influences
the Indonesian economy. By improving the quality of human resources, Indonesia has a greater
opportunity to achieve the benefits of the demographic bonus and improve the Indonesian economy.
Therefore, it is crucial to analyze the effect of the potentials and threats of the demographic bonus
on the quality of human resources and the Indonesian economy. This study aims to analyze the general
description of the potential and threat variables of the demographic bonus, the quality of human
resources, and the Indonesian economy. In addition, this study also aims to analyze the potential and
threat of the demographic bonus and its effect on the Indonesian economy, either directly or indirectly
through the quality of human resources.
2. Methodology
2.1. Theoretical framework
Demographic bonus is a condition when a population of productive age (15-64 years) increases. The
demographic bonus occurs when the dependency rate is in a low category, which is less than 50. The
dependency rate is the ratio between the total productive age population (15-64 years) and the non-
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productive age population (age < 15 years and age > 64 years). This figure describes the number of nonproductive age population borne by every 100 people of productive age population.
Demographic bonus potential is a condition that must be done to achieve the demographic bonus
benefits. These conditions are labor absorption, household savings, and the role of women in the labor
market [2]. The success of the demographic bonus can increase human capital, improving the quality of
human resources [28]. This improvement in the quality of human resources will then create a balance
between the quality of human resources and job qualification standards to improve the economy [3].
The demographic bonus potential is a multidimensional concept that cannot be measured using only one
aspect. A composite index can be used to measure multidimensional concepts that are not captured using
only one indicator [25]. Based on this theory, the demographic bonus potential index was formed as an
indicator to measure the demographic bonus potential. The greater the potential demographic bonus
index value, the higher the potential for a province to achieve the maximum benefit of the demographic
bonus. The index and indicators of the potential demographic bonus are calculated by adapting the
formula made by UNDP (1990), which has a value of 0 to 1. This index value shows the order of each
province according to the potential demographic bonus it has. The potential index has three size
indicators, namely indicators of labor absorption, household savings, and women in the labor market.
Labor absorption is the sum of all workers scattered to various sectors whose results are goods or
services that tend to be extensive [33]. The workforce is 17-60 years who can produce goods/services
both inside and outside the employment relationship using the main production tools to meet personal
and community needs. The more the working-age population, the lower the ratio of the burden of family
dependents so that they have the potential to benefit from the demographic bonus [40]. Therefore, the
absorption of labor is one of the causes of the use of the demographic bonus and is one of the indicators
that make up the potential index of the demographic bonus.
Savings are part of income that is not spent or consumed, stored to be spent in the future where the
amount is determined from current income [35]. Savings are significant for everyone because savings
have economic value that is useful for themselves and their families. These savings can be used as an
investment in improving household welfare. The greater the percentage of households with savings, the
higher the economic benefits obtained to prepare households to face the demographic bonus well [15].
Women in the labor market is the percentage of women included in the labor market. The labor
market has two main components: the demand for labor and the supply of labor that must be balanced
to avoid labor problems [28]. Women have greater potential in employment in terms of quantity than
men [43]. This can be seen from the percentage of the productive age population, which is greater than
men, namely 76.84 percent and 75.07 percent (BPS). If this potential is utilized, the possibility of
achieving the benefits of the demographic bonus is more remarkable. Therefore women in the labor
market are one of the indicators that make up the potential index of the demographic bonus.
The threat of demographic bonus is a condition that can threaten Indonesia to achieve the benefits of
Indonesia's demographic bonus. Uncontrolled in-migration [1] and child marriage [8] can cause various
population problems that can prevent Indonesia from achieving the benefits of the demographic bonus.
Meanwhile, the lack of internet access can also be a barrier for Indonesia to earn the demographic bonus
[11]. The demographic bonus that failed to be utilized would have harmful consequences, one of which
was the quality of human resources [3]. As a result of this lack of human resources, people of both
productive and unproductive age will have difficulty finding work in the future, adversely affecting the
Indonesian economy. Based on this theory, the threat of the demographic bonus is a multidimensional
concept that cannot be measured using only one aspect, so an index of the threat of the demographic
bonus is formed. This index is calculated by adopting the formula made by UNDP [39], which has a
value of 0 to 1. This index and indicator of the threat of the demographic bonus show the order of each
province according to the magnitude of the threat of the demographic bonus it has. The potential index
has three measurement indicators, namely indicators of migration, child marriage, and the internet.
Migration is the movement of people who aim to settle from the area of origin to the destination area
beyond political, state, administrative boundaries, or state boundaries [23]. Uncontrolled in-migration
can negatively impact, one of which is unemployment which then affects the economy [1]. This
excessive unemployment will prevent Indonesia from achieving the benefits of the demographic bonus,
so that migration is one of the indicators that make up the demographic bonus threat index.
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Child marriage is the marriage of a boy or a girl before 18 [8]. Child marriage is an example of a
violation of human rights and deprives children of their right to a good education, adequate health, and
a future [26]. In addition to the number of productive age, it must also be balanced with the quality.
Therefore, child marriage is one of the threats to the success of the demographic bonus in Indonesia and
is one of the indicators in the demographic bonus threat index.
Easy internet access can help people to obtain the information they need [11]. In the Industrial 4.0
era, many advances in technology will eliminate several types of work and give birth to new kinds of
work [21]. The productive age population must adapt to existing technology, starting from the ease of
internet access for all regions. Therefore, the lack of internet access can be one of the barriers to
achieving the maximum demographic bonus. It becomes one of the indicators for making up the
demographic bonus threat index.
The quality of human resources (HR) can be explained by using the Human Development Index
(HDI). According to Central Bureau of Statistics, the HDI describes how the population can access
development outcomes for income, health, education, etc. HDI is formed from three primary
dimensions, namely long and healthy life, knowledge, and a decent standard of living. Therefore, HDI
is an indicator that can be used to see the success of developing the quality of human life.
Economic growth can be seen from the value of Gross Regional Domestic Product (GRDP). The
high economy in an area can be seen from the large GRDP of the area [18]. In addition, the economic
structure of a region can be described by GRDP based on the area's current prices [36]. According to
BPS, GRDP at current prices is used to show the added value of goods and services in a province whose
calculations are based on prevailing prices every year. Therefore, GRDP at current prices is used to
describe the economic structure and level of a region’s economy.
Path analysis is an extension analysis method of regression that can explain the influence of a variable
on other variables and see the empirical implication based on existing theories. Path analysis was first
discovered by Sewal Wright in 1920 and popularized by Otis Dudley Duncan in 1966. Path analysis can
not only be used to find the cause of a variable to other variables. Still, it can also be used to explain the
patterns of relationships either directly or indirectly from a model [27].
2.2. Data
This study uses secondary data from various data sources issued by Central Bureau of Statistics
Indonesia (Badan Pusat Statistik/BPS Indonesia). The variable quality of human resources is obtained
from each province’s HDI (Human Development Index) value obtained from the publication of the
Human Development Index in 2019. The economic growth variable is taken from the value of GRDP
based on each province’s current per capita prices, which is then transformed into a natural logarithm
sourced from the Central Bureau of Statistics dynamic table. The labor market absorption variable comes
from the February 2020 Labor Market Indicators issued by Central Bureau of Statistics. The variables
of household savings, internet, and child marriage are derived from raw data from the 2019 KOR
National Socio-Economic Survey. The variable for women in the labor market is obtained from the
publication of the 2020 National Labor Force Survey (Survei Angkatan Kerja Nasional/Sakernas) issued
by Central Bureau of Statistics. The migration variable is sourced from the publication of the 2019
Susenas Migrant Profiles published by Central Bureau of Statistics. The scope of this research is all
provinces in Indonesia in 2019.
2.3. Analysis Method
The analytical method used in this research is descriptive analysis and inferential analysis. Descriptive
analysis was carried out with thematic maps showing the value of each variable by province. Inferential
analysis is done by forming the index of potential and threat of the demographic bonus, followed by
path analysis to examine the effect of each exogenous variable on the endogenous variable. The stages
of inferential analysis are as follows.
1. Define a path chart. Path diagrams are used to illustrate relationships between variables in path
analysis using arrows. The following is the path diagram used in this study.
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Figure 3. Path diagram
2. Making indicators and indexes of potencies and threats of demographic bonuses. This index is
calculated by adapting the UNDP formula [39]. The value of each index and indicator will be 0 to
1, which indicates the order of each province based on the size of the variable. There are several
stages to create a composite index [25], which are as follows.
a. Collect theoretical framework
b. Data selection
c. Normalization with the min-max method
The minimum and maximum values used are the minimum and maximum values in all areas of
the indicator at that time. The formula is used as follows.
𝐼𝑖𝑗𝑘 =

3.
4.

5.
6.

𝑎𝑖𝑗𝑘 − 𝑎𝑗𝑘
𝑎𝑗𝑘

𝑚𝑎𝑥

𝑚𝑖𝑛

− 𝑎𝑗𝑘

(1)

𝑚𝑖𝑛

with:
𝐼𝑖𝑗𝑘
: j-th indicator for the k-th index in the i-th province
𝑎𝑖𝑗𝑘
: the value of j-th variable for k-th index in the i-th province
𝑎𝑗𝑘 𝑚𝑖𝑛
: the smallest value of j-th variable for index k from all provinces
𝑎𝑗𝑘
: the largest value of j-th variable for the kth index of all provinces
𝑚𝑎𝑥
d. Weighting and aggregation
The weighting of these two indices uses the assumption of UNDP [39], where all humanitarian
variables have the same weight, while the aggregation method uses an arithmetic method that
refers to Decancq and Lugo [9], where most of the indexes on humanity use the arithmetic
method. The aggregation formula used is as follows.
∑3𝑗=1 𝐼𝑖𝑗𝑘
𝑥𝑖𝑗 =
(2)
3
with:
𝑥𝑖𝑗
= j-th index value of i-th province
Classical assumption test. The classical assumptions tested are normality, non-multicollinearity,
and homoscedasticity.
Perform path analysis modeling. Following are the equations that can be formed from path analysis.
Structural equation I : HDI𝑖 = 𝜌𝑦𝑥1 Potencies𝑖 + 𝜌𝑦𝑥2 Threats𝑖
(4)
Structural equation II : GRDP𝑖 = 𝜌𝑧𝑥1 Potencies𝑖 + 𝜌𝑧𝑥2 Threats𝑖 + 𝜌𝑧𝑦 HDI𝑖
2
Model testing with simultaneous tests, partial tests, and R .
Calculate the value of direct influence, indirect effect, and total effect of exogenous variables
(3)on
endogenous variables. The direct effect is the direct influence between two variables directly
without going through other variables. The indirect effect is the influence between two variables
through at least one other variable. Meanwhile, the total effect is the sum of the direct and indirect
effects [5]. The following is a table for calculating the direct effect, indirect effect, and total effect.
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Table 1. Calculation of direct, indirect, and total effects
Variable Effect

Direct

Potencies to HDI
Threats to HDI
HDI to GRDP
Potencies to GRDP
Threats to GRDP

𝜌𝑦𝑥1
𝜌𝑦𝑥2
𝜌𝑧𝑦
𝜌𝑧𝑥1
𝜌𝑧𝑦

Indirect
Through

Score

HDI
HDI

(𝜌𝑦𝑥1 ) × (𝜌𝑧𝑥1 )
(𝜌𝑦𝑥2 ) × (𝜌𝑧𝑥2 )

Total
𝜌𝑦𝑥1
𝜌𝑦𝑥2
𝜌𝑧𝑦
(𝜌𝑧𝑥1 ) + ((𝜌𝑦𝑥1 ) × (𝜌𝑧𝑥1 ))
(𝜌𝑧𝑦 ) + ((𝜌𝑦𝑥2 ) × (𝜌𝑧𝑥2 ))

3. Results And Discussion
3.1. Results

Figure 3. Distribution of Indonesia's GRDP
growth by the province in 2019

Figure 4. Distribution of Indonesia’s HDI by the
province in 2019

Figure 5. Distribution of Indonesia's potencies
index by the province in 2019

Figure 6. Distribution of Indonesia's threats
index by the province in 2019

Figure 3 shows the distribution of GRDP by the province in Indonesia in 2019, which has a positive
value, where the greater the value, the better the economic growth in the province. The highest GDRP
was found in DKI Jakarta and East Kalimantan Provinces, were valued at 12.5 and 12.08, respectively.
Meanwhile, the provinces with the lowest GRDP were East Nusa Tenggara and Maluku, respectively
9.88 and 10.15. Most of the provinces in Indonesia, namely 14, have moderate GRDP values, ranging
from 10.68 to 11.
Figure 4 shows the distribution of HDI by the province in Indonesia in 2019, which has a positive
value, where the greater the value, the better the quality of human resources in the province. In general,
HDI in Indonesia has reached a minimum value of 60 or in the medium category. There is one province
in Indonesia that has reached the very high category, namely DKI Jakarta. In most of the provinces in
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Indonesia, as many as 22 provinces have HDI in the high category, while the rest, namely 11 provinces,
have HDI in the medium category.
Figure 5 shows the distribution of the potencies of demographic bonus index value by the province
in Indonesia in 2019, which is positive, where the greater the value, the better the potential for the
demographic bonus in the province. As can be seen from the figure, the provinces that have the highest
potencies value are DI Yogyakarta and Bali, with 80.49 and 85.5 percent, respectively. Meanwhile, the
provinces with the lowest potencies values were Banten and West Java, namely 8.69 and 10.69 percent.
Most provinces in Indonesia have medium and high potencies index, which ranges from 33.38 to 61.28
percent.
Figure 6 shows the distribution of the threats index value by the province in Indonesia in 2019, which
is negative, where the greater the value, the worse the conditions in the province that can threaten the
success of the demographic bonus. The figure shows that the threats index values are randomly
distributed throughout the province. Provinces with the most extensive threats index are West Papua
and West Sulawesi, worth 69.39 and 67.78 percent. Meanwhile, the provinces with the smallest threats
index were Bali and DI Yogyakarta, with 21.06 and 25.47 percent.
These index is calculated by adopting the index from UNDP. After calculating the index, the next
stage is testing the classical assumptions on the residual equation. The assumptions tested are the
assumptions of normality, non-multicollinearity, and homoscedasticity. Based on the residual normality
test of the two equations with the Shapiro-Wilk test, the p-value obtained is greater than the significance
value (5 percent), 0.280 and 0.828, respectively, which means that both residuals follow a normal
distribution. The non-multicollinearity assumption test was also carried out on the two equations. All
the VIF values of each variable were below 10, which means that both equations met the nonmulticollinearity assumption. Finally, the equations homoscedasticity test resulted in a p-value greater
than the significance value (5 percent), 0.56, and 0, respectively. The model uses path analysis to analyze
the potential and threats of the demographic bonus on the quality of human resources and economic
growth.

Figure 5. Path diagram of path analysis results
HDI𝑖 = −0.105 Potencies𝑖 − 0.656Threats𝑖∗

(5)

GDRP𝑖 = 0.025 Potencies𝑖 + 0.501 Threats𝑖∗ + 0.803 HDI𝑖∗

(6)

(*) = Significant at the 5 percent level
The next step is to perform a simultaneous test on each of the resulting equations. This test was
conducted to determine the simultaneous influence of the potential and threat variables on HDI in
structural equation I and the potential, threat, and HDI on GDRP in structural equation II. Simultaneous
test results can be seen from the following table.
Table 3. Simultaneous test results of structural equations I and II
Equation
Structural equation I
Structural equation II

df
2
3

F
10.656
6.280

Sig.
0.000
0.002

R2
0.407
0.386
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From the resulting simultaneous test, it can be seen that the two structural equations have a p-value
that is less than the significance value, which is 0.05. This can be interpreted that with a significance
level of 5 percent, it can be stated that the potencies and threats variables together have a significant
influence on HDI in structural equation I. Meanwhile, with a 5 percent significance level, it can be stated
that the potential, threat, and HDI together have a significant influence on GRDP.
In addition, it can be seen that the R2 value of the structural equation I is 0.407, which means that
40.7 percent of the HDI variable can be explained by the potential and threat of the demographic bonus,
while other variables explain the rest. Then, the R2 value of structural equation II is 0.386, which means
that 38.6 percent of the GRDP variables can be explained by the potential and threat of the demographic
bonus and HDI, while other variables explain the rest.
Table 4. Results of partial test of structural equations I and II
Variable
Path Coefficient
Structural equation I
Potencies
-0.105
Threats
-0.656
Structural equation II
Potencies
0.025
Threats
0.501
HDI
0.803

t

Sig.

-0.734
-4.596

0.468
0.000*

0.169
2.614
4.321

0.867
0.014*
0.000*

From the results of the partial test of structural equation I showed in table 4, with a significance level
of 5 percent, it can be stated that the potencies variable has no significant effect on HDI. In contrast, the
threats variable has a significant influence on HDI. Furthermore, in structural equation II, with a
significance level of 5 percent, it can be stated that the potencies variable does not have a significant
effect on GRDP. In contrast, the threats variable and HDI have a significant influence on GRDP. This
partial test, can calculate the effect of each variable on GRDP, either directly or indirectly, through HDI.
The magnitude of this direct and indirect relationship can be seen in the following table.
Table 5. Values of direct, indirect, and total effects
Variable Effect
Potencies to HDI
Threats to HDI
HDI to GRDP
Potencies to GRDP
Threats to GRDP

Direct
-0.105
-0.656
0.803
0.025
0.501

Indirect
Through

Score

HDI
HDI

0.003
-0.329

Total
-0.105
-0.656
0.803
0.028
0.172

Based on the path coefficient calculation results, the potencies variable does not have a significant
direct effect on HDI. This result is in line with previous research, namely the potencies demographic
bonus consisting of the level of job absorption [12], household savings [24], and the number of female
workers [6] that do not have a significant influence on the quality of human resources described by HDI.
In addition, the demographic bonus potencies variable also does not have a significant direct influence
on GRDP. These results are in line with previous research, namely the potencies demographic bonus
consisting of the role of women in the labor market [32], household savings, and labor market absorption
[22].
3.2. Discussion
Several reasons that can explain why the potencies demographic bonus does significantly influence on
the quality of human resources described by HDI and economic growth described by GRDP. In terms
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of labor absorption indicators, there may be a labor force that does not belong to the poor status
population but does not work, so it is not included in the scope of labor market absorption [34]. Although
he has good quality human resources and can support economic growth, he is not included in the
absorption of the labor market. These variables have no significant effect on the quality of human
resources and economic growth.
In terms of household savings, most of the population who have savings are likely non-poor.
According to Mankiw [19], saving is one of the supporters of economic growth, but the growth will be
constant when the steady-state is reached. The steady-state level of capital occurs when the investment
is worth the same as depreciation, so the savings saved will have value due to inflation and other factors.
Therefore, even though the percentage of the population with savings is high, if the population has
reached a steady-state, it will not help increase (constant) economic growth even though the quality of
human resources is good.
Finally, in terms of women in the labor market, assuming the same type of work, even though women
participate in the labor market, the wages they receive are often lower than men because women are
considered to have limited capacities [40]. This is also supported by Sakernas 2015-2019 data, where
women’s net wages/salaries are always lower than men, with an average difference of around
IDR460,000 per month. In addition, households with female household heads are more at risk of
becoming poor than male household heads because of the limitations of women [42]. The limitations in
question are in the form of energy, time, physical, and so on because women have more complex
reproductive cycles, such as pregnancy, giving birth, etc. Therefore, although many women participate
in the labor market in a province, due to limitations and their wages are also lower than men, it is more
difficult for women to improve the quality of human resources. This makes it difficult for women to
develop and is unable to increase economic growth.
Based on the calculation of the path coefficient, the threat variable has a positive direct effect on
economic growth. In contrast, the threat variable has a negative indirect effect on economic growth
through the quality of human resources. This means that the smaller the threat of the demographic bonus
will lead to a decrease in economic growth if it is not accompanied by an increase in the quality of
human resources. However, if it is accompanied by an increase in the quality of human resources, it will
increase economic growth. This is in line with the results of previous studies, where the threat of a
demographic bonus consists of migration [20], the percentage of the population who do not use the
internet [14], and child marriage [37] have a significant influence on economic growth in the region,
Several reasons can explain the threat variable that significantly influences economic growth, either
directly or indirectly. The internet is needed in almost all fields of work, even today, many jobs will not
be created without internet acces [31]. Besides supporting work, the internet could also improve the
quality of human resources, for example, to support teaching and learning activities in schools. However,
internet access can also negatively impact excessive online game addiction, illegal transactions, online
buying and selling fraud, and credit card burglary. The misuse of internet access can potentially damage
the population’s morale, causing harm to others and themselves. Therefore, even though the percentage
of internet users in an area is high, it will reduce economic growth if it is not used to improve the quality
of human resources. On the other hand, if the percentage of internet users in an area is high but used to
enhance the quality of human resources, it will help increase economic growth in that area.
Several programs to improve comprehensive internet access have been carried out by the
government. One of which is the Ministry of Communication and Information, which targets the
construction of 5,000 BTS (base transceiver systems) in remote areas. The result can be seen from 2017
to 2019. According to data from Central Bureau of Statistics, the proportion of individuals who can
access the internet both in urban and rural areas has increased to more than 10 percent.
In terms of migration, higher in-migration will increase economic growth. However, the large
number of in-migrations can cause other socio-economic problems, such as high housing needs,
exploitation of natural resources, high population density, and economic disparities [16]. To overcome
other issues, in-migration must also be accompanied by improving the quality of human resources so
that the competitiveness of migrants becomes high. In addition, the indigenous people of the area must
also improve the quality of their human resources so that they do not only rely on incoming migrants.
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Therefore, even though in-migration in an area is low, if the migrants and indigenous people have high
competitiveness, it can increase economic growth in that area.
Finally, in terms of child marriage, if there is child marriage, the child is forced to work to meet the
needs of his life so that the child can drop out of school and cannot improve the quality of human
resources [8]. This is in line with data from Central Bureau of Statistics, namely children who have their
first marriage when they are less than 18 years old have a lower average length of schooling than children
who have their first marriage at the age of 18 years and over, with an average difference 1 to 2 years on
average. High child marriage will increase in economic growth because children are required to work
[8]. However, the high number of child marriages has many disadvantages, such as increasing stunting
rates, maternal and infant mortality, and others [8].
Based on the path coefficient calculation results, the variable quality of human resources has a
significant positive effect on the variable of economic growth. The higher the value of the quality of
human resources in a province, the higher its economic growth. Research Lonni et al. [17] is in line with
the results of this study, where the quality of human resources as measured by HDI has a significant
influence on economic growth.
The HDI value, which has a significant positive effect on economic growth, can be caused by several
things. In terms of health, to achieve maximum productivity for a country, a population must have good
health [10]. In terms of education, education has an important role in increasing economic growth.
Through education, humans can have the skills and knowledge that will help them obtain the ideal job
to increase economic growth [29]. Finally, in terms of purchasing power, if the population’s purchasing
power is high, the per capita consumption will also be higher. This high per capita consumption will
trigger production to also increase so that economic growth described by GRDP will also increase [13].
4. Conclusions and Suggestions
4.1. Conclusions
The conclusion drawn from this study is that the potential demographic bonus consisting of labor market
absorption, household savings, and women in the labor market does not directly affect the quality of
human resources and economic growth, so there is no significant indirect effect on economic growth
through the quality of human resources. Meanwhile, the threat of a demographic bonus consisting of the
internet, migration, and child marriage significantly influence on economic growth, both directly and
indirectly, through the quality of human resources compared to the potential demographic bonus. When
viewed from its influence, the reduction in the threat of the demographic bonus will directly reduce
economic growth. However, if the reduction of the threats can increase the quality of human resources,
this can significantly increase economic growth.
4.2. Suggestions
Based on these results, several suggestions can be given to reduce the threats of the demographic bonus.
First, to facilitate internet access to all corners of Indonesia by increasing internet access points and
improving the quality of human resources, making it easier for the public to access health information
from trusted sources. Then, regulate migration patterns well by conducting closed city programs for
prominent cities and improving the quality of human resources. Last, preventing child marriage by
socializing to parents about the eight functions of the family and the dangers of child marriage so that
children can focus on improving their quality of life.
For further research, it is possible to develop an index of the potential and threat of the demographic
bonus to describe the demographic bonus better. In addition, it can consider the dependency ratio of the
demographic bonus at the provincial level because each province has a different demographic bonus
period. For example, in 2015, the Province of NTT had a dependency rate of 69.3, but DKI Jakarta had
reached a value of 39.41.
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Abstract. Until now, BPS - Statistics Indonesia has conducted monthly accommodation surveys
both for the star and non-star accommodation categories to provide information on commercial
accommodation activities at the national and regional levels. Both star and non-star
accommodation categories are done by complete enumeration in each region. Statistics include
guest night and room capacity to obtain the occupancy rate of a hotel room. The data contains
daily accommodation information that is collected every month, so then it will be entered
completely in each region following the observation month. Due to the timeliness requirements
for monthly press releases, BPS has implemented online data entry since 2017. It may seem
obvious, regions that have more interest will have an impact on a bigger number of
accommodations, which also affects the number of enumerators and may lead to such problems
especially in response burden. Unfortunately, the same problem is also not easily avoided by
regions with less accommodation, mostly due to the distance issues to the accommodation area
and its spread in the region. Therefore, a new data collection strategy is required to provide
respondents with convenience in order to increase response rates, as well as to reduce the
workload of enumerators which also leads to lower cost. The outbreak of COVID-19 has posed
unprecedented problems for National Statistical Offices (NSOs) around the world, including
BPS – Statistics Indonesia. This crisis has led us to think in new ways and make decisions that
will change our statistical operations in order to meet ongoing data needs even throughout the
epidemic. The purpose of this paper is to discuss the evolution of accommodation surveys, which
are designed to not only solve problems but also achieve objectives. Currently, there are nearly
180 active users of this self-enumeration accommodation survey for about 142 distinct
accommodations across Indonesia. Moreover, this addition has proven to have succeeded in
increasing the response rate average from 57.17% in 2020 to 68,35% in 2021.

1. Introduction
BPS - Statistics Indonesia has conducted monthly accommodation surveys in order to provide
information on commercial accommodation activities at the national and regional levels, and it is
targeted to establishments that provide short-term accommodation services. The survey collects daily
accommodation information such as guest night and room capacity mainly to determine the occupancy
of a hotel room.
The survey is conducted typically on a census basis in all accommodation categories, among both
star and non-star accommodations. There are numerous classifications for star accommodation
categories, which are gradually based on their license star hotel, namely from one-star, two-star, and up
to five-star categories. Non-star accommodation categories, on the other hand, are defined as
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accommodations that do not have a license to operate as a star hotel and are also known as budget hotels.
The accommodation classifications are based on the Regulation of the Ministry of Tourism and Creative
Economy of the Republic of Indonesia No. PM. 53/HM.001/MPEK/2013 concerning Hotel Business
Standards [1]. The classification also corresponds to the Regulation of the Chief of the Statistics
Indonesia No. 95 of 2015 on Indonesian Standard Business Classification (Klasifikasi Baku Lapangan
Usaha Indonesia - KBLI) [2]. Furthermore, the assessment of hotel business standards is carried out by
the Business Certification Agency (Lembaga Sertifikasi Usaha - LSU) in the Tourism Sector.
The survey produces numerous accommodation statistics indicators published monthly for tourism
official statistics, including average length of stay; guest per room; room occupancy rate; bed usage rate;
night guests stay; and room nights used (see Table 1).
Table 1. Accommodation statistics indicators
Indicator
average length of stay
guest per room
room occupancy rate
bed usage rate
night guests stay
room nights used

Description
The average length of stay of guests which is divided into
foreign, domestic, and foreign and domestic guests.
The average number of guests in one rented room which is
divided into foreign, domestic, and foreign and domestic
guests.
Comparison between the number of room nights used and the
number of available room nights.
Comparison between the number of beds used and the number
of available beds.
The number of nights guests stay.
The number of rooms used or rented every night.

Since 2017, data processing has shifted from regional processing with distributed desktop
applications, to a centralized solution based on web technology. This was driven by the need to comply
with the latest technology at that time, which was followed by the development of the ability to ensure
data security during processing. Apart from that, there is a basic need to provide timely data to assist the
process of publishing tourism official statistics in the monthly period, both at the national and regional
levels.
During the data processing phase, it was noted that technology was shown to be able to respond as
well as accelerating the process of providing data collection results up until to be specific indicators for
official statistical purposes. Nonetheless, the true issue was discovered during the data collection phase,
where it was extremely difficult to acquire respondents' confidence in providing information, including
a commitment to be ready to be asked for the following months, and despite the fact that the difficulty
in reaching accommodation locations was a major obstacle during the survey.
As is known, many accommodations exist and are usually placed to support tourism areas, although
not a few are located to assist urban areas. Whereas, most of those accommodations in tourism areas are
located far from residential areas and thus are difficult to reach, which could be a real challenge,
particularly for monthly data collection. Although if accommodations are easily accessible, they may
still pose issues, particularly due to the burden factor. On the other hand, the increasingly diverse number
and types of surveys now put a burden on surveyors at the regional level which also has a negative
impact on this survey activity. As a result, it is believed that there is a need for innovation and the
creation of new data collection techniques that are designed to not only solve the challenges listed above
but also to meet and even enhanced the needs of the main objective.
Adetia et al. examine the elements that influence the response rate of BPS e-surveys and make
recommendations for improving it [3]. The results suggest that device preference and trust are major
factors that positively influence the intention of the company to participate in the BPS e-survey. The
device preferences factor identifies the respondents' preferences for accessing the survey through
various methods and platforms, while trust factor highlighted BPS's confidentiality as a legitimate and
credible entity for statistical data collection, as well as its ability to ensure the confidentiality of
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respondents' identities and responses. These findings [3] can be used as a starting point for a
technological improvement solution approach, as well as for supporting the rejuvenation process and
enriching the data collection flow, which is expected to meet the needs of non-response solutions that
are still being faced.
2. Data collection during the COVID-19 pandemic
For years, statisticians around the world have discussed new data collection methods to replace or
complement direct, face-to-face measurements, as well as to increase the efficiency and timeliness of
statistical processes and products. The outbreak of COVID-19 has made unpredictable difficulties for
National Statistical Offices (NSOs) all across the world, including BPS. As the pandemic broke out at
the beginning of 2020, we needed to suspend face-to-face interviews, and even the employees were
asked to work from home. Simultaneously, policymakers desperately need information on the
developing pandemic and its effect, not exemption on the tourism statistics. This crisis has taught us to
think differently and make decisions that will alter our statistical operations in order to satisfy continuous
data needs even during the pandemic.

Figure 1. Response recommendations on the pandemic maximum impact on
statistical data collection by UNESCAP
In particular, the crisis scenario necessitates adaptive techniques that have the least possible impact
on quality. Due to the situation, the Statistics Division of the United Nations Economic and Social
Commission for Asia and the Pacific (UNESCAP) has proposed ideas for adopting rapid changes in
survey design and taking necessary efforts to mitigate possible quality implications [4]. The goal is to
adopt an approach that may be inferior to the original survey but fills the data gap with reasonable
accuracy (see Figure 1).
However, as the phrase goes, “the show must go on” — BPS - Statistics Indonesia is expected to
continue to issue results in the form of a press release on every first working day of the month. As
known, BPS - Statistics Indonesia has made a commitment to the public to have continual statistics
production, as the government requires timely data to make judgments about how to mitigate COVID19's impact in numerous sectors.
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Figure 2. Pandemic maximum impact responses on tourism statistics data
collection in BPS - Statistics Indonesia
Specifically, regarding tourism statistics, data collection during the pandemic was altered in
numerous ways, including the delay in the implementation of several surveys, but the utilization of other
data sources including administrative data and big data were extensively exploited (see Figure 2).
Concerning to accommodation survey, as mentioned in Figure 2, the response to the pandemic is the
creation of a self-enumeration data collection platform for accommodation, which serves as a
complement to the existing data processing system. The platform is intended to be available as an
alternative for respondents to choose an independent response through the platform or to be prepared to
receive surveyors' arrivals every month in order to be asked for information related to accommodation.
3. Self-enumeration platform
Since 2020, Indonesia, in this case, BPS - Statistics Indonesia, has officially begun integrating data
collection modes with self-enumeration methodologies. Although still in the early stages of production,
BPS - Statistics Indonesia has been working on this mode for several years before it was officially
released to the public.
When compared to face-to-face interviews, the self-enumeration method offers economic advantages
because it can save on expenses. This strategy also can eliminate bias caused by subjectivity or
interviewer questioning in addition to saving expenses. The time for filling out the questionnaire
becomes more flexible from the respondent's standpoint since they can pick the appropriate time for
completing out the survey. Furthermore, respondent privacy has been protected, making selfenumeration appropriate for sensitive instances. The difficulty in describing the concepts and definitions
of each item in the questionnaire is, however, one of the self-enumeration method's shortcomings.
Respondents will understand questions more quickly if they are provided with proper pronunciation and
intonation rather than simply reading them. The low level of understanding of respondents can cause
respondents to be wrong in answering questions, the implication is that the resulting data becomes less
accurate [5].
In the Industrial Revolution 4.0 era, the use of the internet is growing stronger every year. The use
of the internet as a source of information and a market for transactions continues to increase, with
significance for the wider economy. Nowadays, just about every accommodation has a website, and at
once as the most important lead generator, booking channels, marketing tools, and revenue manager.
Following the success of the existing data processing systems based on web technology, as well as being
regarded as familiar for accommodation actors, the development of a self-enumeration platform was
also built on web technology.
This platform is not necessarily built to take the place of an existing data processing system. The two
are clearly differentiated in terms of security, as the self-enumeration platform is open to the public,
whilst the existing data processing system is created according to the institution's security standards and
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can only be accessed through a limited Virtual Private Network (VPN). Despite being open to the public,
the self-enumeration platform has been constructed to the security standards which are permitted to be
published for production and has also met the due diligence conducted by the division responsible for
this security issue. As per the user actors, the existing data processing system is designed for internal
employees and hired trustworthy partners, whereas the self-enumeration platform will be available only
to accommodation users.
3.1. User registration
Data integrity is critical for any successful platform in web technology, and a user registration/login
system is the gateway to most web applications. User registration systems are screens, forms, or profile
pages that request information from a user to create a web-based account or profile. A user registration
system generally asks a user to create a username and password, and possibly answer other security
questions as well.
Since this accommodation survey is conducted on a monthly basis, this self-enumeration platform is
designed to be used not only for one-time enumeration but also for filling up the accommodation
information on a continuous basis. As a result, the creation of this self-enumeration platform also aids
in the creation of user management for any accommodation that accesses the platform. In order to match
the existing accommodation directory, and ensure that the registered user is really the accommodation
concerned, the registration system in the self-enumeration platform must go through a series of
integration processes with existing data processing systems.
The user registration scheme must include a unique token generated by internal users in the existing
data processing system after obtaining approval or interest from the accommodation party to want to
join the self-enumeration platform. The user will start the registration process by submitting the given
token, which will be followed by providing their email credentials like a username and password, as
appropriate. This registration process also serves as a sign of approval for respondents, indicating that
they do not need to be contacted again each month to provide information about their accommodation
(see Figure 3).

Figure 3. Self-enumeration accommodation
platform user registration scheme

survey Figure 4. Official cover letter of
granting registration token

The registration token will be distributed through an official cover letter presented by surveyors
during the visit, as shown in the schematic in Figure 3. It is suggested that this cover letter be physically
handed over by the surveyor in order to also provide an explanation of the processing flow as well as
the concept and definition of the questionnaire's content.
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The creation of this official cover letter is automatically generated along with the registration token
generation process. A registration token will be included in the official cover letter, which may then be
used to register for the self-enumeration platform. One registration token can only be used for one
registration account, but when an accommodation requires more than one account to handle, it only
requires requesting a new token. The letter also contains the token's expiration date, which has been
configured to be available no later than one month from the moment it was generated (see Figure 4).
3.2. Data entry
In general, the self-enumeration entry scheme slightly differs from the regular entry scheme. The data
entry processing system is typically constructed to adapt the original questionnaire as much as feasible,
and the question structure in the questionnaire is typically numerical, which is aimed to make it easier
for both field surveyors and data entry operators. Choice questions, for example, will typically not be
marked with a specific mark as an answer marker, but will instead require the surveyor to write down
the numerical results of the choice for the question in the provided column, allowing the entry operator
to easily enter the answer code through the system later. However, if this optional question is then
provided to be filled in independently by the respondent, of course, the display with the radio button
option will make the respondent much more comfortable in filling it out. Nonetheless, this conversion
adjustment is not implemented in this data input process on the self-enumeration accommodation survey
since the content of the questionnaire is mostly about quantity type.
The data entry system on this self-enumeration platform was designed to still adapt the original
questionnaire, which is nothing much different than the existing data processing system, considering
that actually, this questionnaire should have become something that the accommodation side usually
encounters every month. Figure 5 shows a comparison of the questionnaire view with the data entry
displays both on existing data processing and the self-enumeration platform.

Questionnaire View

Existing data processing system view

Self-enumeration platform view

Figure 5. Comparison of the questionnaire view with the data entry displays

873

I A Setyadi

Data validation is the activity to review and validate data against predefined rules to verify the value
and to identify potential problems such as missing data, inconsistency, and inappropriate
editing/imputation [6, 7]. Each document will receive two sets of data as a result of the validation
process: an error or a clean status. Documents with an error status still have incorrect details, but those
with a clean status have been verified as clean and complete. This validation procedure is, of course,
also implemented on the self-enumeration platform, ensuring the integrity and quality of the data
submitted by the accommodation actors. However, the validation process is being implemented
differently between the existing data processing system and the self-enumeration platform: on the selfenumeration platform, validation occurs immediately after the user inputs, whereas in the existing data
processing system, validation occurs after the document has been triggered to be saved. Also, when the
user enters, it also generates live daily accommodation statistics indicators based on the input data,
namely occupancy rates and night guest stay (see Figure 6). In addition, this self-enumeration data entry
is designed to be filled in available on a daily basis, whereas the existing data processing system requires
waiting for the current month to end before entering the data on a monthly basis.

occupancy rate

night guest stays

Figure 6. Live daily accommodation statistics indicators based on users input
3.3. Special features
Profit is the primary goal of any company, including accommodation. Profit is the lifeblood of any
business; without it, no company can compete in today's market. It is common for accommodations to
keep an eye on each other's competitors, especially if they are in the same neighborhood. Price is
currently the most common technique for assessing competitors, albeit this can be problematic due to
price discounting. Mathews recommended network analysis, and in particular affiliation matrices, as a
systematic technique to build the foundation for developing a competitive strategy [8]. Meanwhile,
Olmo added that it is important to study the market and including competitor's data in the research, as
well as to identify which core elements and additional services that generate more value to the target
market [9]. Hesford et al. additionally found that monitoring more contenders was related to better
revenue, attributable to a solid, beneficial effect on prices. Accommodation actors can enhance pricing
decisions by acquiring more information about market competitors, even allowing them to raise prices
without causing a drop in occupancy [10]. As a response, rather than providing merely self-enumeration
data entry, this platform is also designed to provide competitors monitoring, particularly competition in
the nearby area location. This special feature is also present as a reward for accommodations who are
willing to participate in surveys.
The monitoring feature is designed not to freely monitor accommodation specifically, because it is
clear that this activity is kept confidential under the Law of The Republic of Indonesia no. 16 of 1997
concerning Statistics [11]. Nonetheless, this particular feature will allow the users to compare their
occupancy rates with other nearby accommodation competitors in the same class category (see Figure
7). Meanwhile, if the nearby location is too specific with only a few accommodations available; the
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comparison will automatically calculate the results from expanding to a wider level and area. This
calculations algorithm has been designed to dynamically adjust to all circumstances, ensuring that no
one is exposed to the comparison outcomes for a specific accommodation.

Figure 7. Monitoring feature to compare occupancy rates between nearby accommodations in
the same class category
4. Discussion and findings
The self-enumeration platform was initially made available in October 2020, and the campaign was
heavily promoted by the end of the year. Figure 8 shows that the number of tokens generated increased
significantly from the end of 2020 to the first quarter of 2021, followed by the number of tokens used
for registration, despite the fact that some tokens were reported as being deactivated to terminate the
registration. It has an activation percentage of 10.81%, with a total of 2,036 tokens generated and about
220 utilized for the registration process. The majority of the deactivations were due to user cancellations
that were deemed excessive, though it was later discovered that several cancellations were made because
they were eventually willing to accept surveyors' visits after the COVID-19 pandemic ease.

Figure 8. The number of tokens generated, user registration, and user deactivation by month
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There are currently 170 registered users from 142 different accommodations. With a user ratio of 1
to 2 for each accommodation, 3-star class accommodations have the most users, followed by 4-star and
2-star, while 1-star, non-star, and 5-star classes are among the bottom three (see Table 2). Meanwhile,
the number of registered users is in line with the number of available accommodations, and the ratio of
registered users compared to the number of distinct accommodations is a 4-star class, which is 1.27.
Table 2. Number of user register and distinct accommodations by
accommodation class category since October 2020
Class
Category
5-star
4-star
3-star
2-star
1-star
non-star

Grand Total

KBLI
55111
55112
55113
55114
55115
55120
55130
55199

Number of User
Register
5
37
65
27
14
15
5
2
170

Number of Distinct
Accommodations
4
29
52
26
12
14
3
2
142

The map of the spread of accommodation sites registered on the platform shows that accommodation
has practically nearly reached every area of Indonesia, with the distribution center in the northern area
of Sumatra Island and the western parts of Java Island. It's interesting that some of the accommodation's
users are on island territory and that numerous accommodations in Indonesia's eastern region are already
using this platform (see Figure 9).

Figure 9. Distribution of accommodation locations based on the map of Indonesia by accommodation
class category
The presence of the self-enumeration platform has also been found to boost response rates; as seen
in Figure 10, the response rate has increased significantly since its release. As is well known, the
COVID-19 pandemic first occurred in Indonesia in February 2020 and is directly proportional to the
decline in the response rate since that month, which peaked in May 2020. However, after the first self-
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enumeration platform was released in October 2020, the response rate effects gradually improved. The
response rate climbed again in February-July 2021, nearly matching the percentage seen before the
COVID-19 pandemic spread (January-February 2020), which was around 70%. Inter-month trends on
response rate have also improved in the last two years, with an average of 57.17% in 2020 rising to
roughly 68.35% in 2021.

Figure 10. Response rate comparison by month
5. Conclusion
In general, having this self-enumeration platform as an option for the accommodation survey has been
shown to substantially benefit the survey's implementation. The survey's major problem is its location,
as well as respondents' confidence in it, which has resulted in a low response rate thus far. Nonetheless,
the presence of this platform has been found to mitigate the impact of this problem by achieving a higher
response rate than before it was publicly released. The distance issue is thought to have been somewhat
handled, as seen by the spread of several accommodations registered on the platform are even located
on island territories.
The special feature to monitor nearby competitors is expected to be the main attraction to the users
in the platform, while hopefully might also attract other accommodation parties to participate
independently in this survey. Even so, this element is still thought to be lacking in variety and in further
development need to add another special feature to draw greater interest from other accommodation
parties. It is also expected that there will be a redesign of the questionnaire that is not only oriented to
the needs of the BPS - Statistics Indonesia in particular, but also a design that focuses on user
convenience.
Furthermore, the support and appeal of the local government will be tremendously helpful in getting
other accommodation actors to participate in the survey through this platform. Besides, since the data is
obtained on a daily basis, it will be valuable to the government in a timely manner, both nationally and
regionally.
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Abstract. The agriculture sector is not only a source of food but also a support for the economic
activities of most people in Indonesia, especially in rural areas. Unfortunately, most of their life
are still below the Poverty Line/Garis Kemiskinan (GK). The uniqueness of this study is that this
study uses household and regional variables to see their effect on agricultural household poverty.
Thus, the policies will be taken are not only from the micro-economic of the household but also
from the macro-economic perspective. Using multilevel binary logistic regression analysis, this
study aims to examine the household and regional factors that affect the household poverty in
agriculture sector in 2019 as the potential sector to alleviate poverty. Household and regional
factors that affect agricultural household poverty are education, household size, resident area,
ownership of pension social security, ownership of social assistance, credit assistance for
businesses, and Gross Regional Domestic Product (GRDP) agricultural per capita. The variation
of agriculture household poverty due to differences in characteristics between 514 districts in
Indonesia is 35.19 percent.

1. Introduction
One of the main problem issues in actualizing farmers' welfare is the poverty. According to Kementerian
PPN/Bappenas, poverty reduction is one of the main focuses in the Sustainable Development Goals
(SDGs), especially Goal 1 that is no poverty. In Indonesia, poverty alleviation efforts have always been
a national priority in any government work plan, including for the agriculture sector [1].
The agriculture sector is not only a source of food but also a support for the economic activities of
most people in Indonesia, especially in rural areas. Unfortunately, most of their life are still below the
Poverty Line/ Garis Kemiskinan (GK). The low of the Farmers' Terms of Trade/ Nilai Tukar Petani
(NTP) also describes the welfare of farmers who have not met the expectation [2]. Based on data from
BPS-Statistics Indonesia, the Farmers’ Terms of Trade upgraded by 1.18 points from 101.28 in 2017 to
102.46 in 2018. This fact presents that the farmers’ welfare is better in recent time, but their surplus or
profit value (total income minus expenditures) is still very small [3].
In March 2019, the percentage of poor people in Indonesia was 9.41 percent. If seen from the
characteristics of the households, 14.02 percent of households members do not work; 49.41 percent
work in the agricultural sector; 6.51 percent work in the industrial sector; and 30.06 percent work in
other sectors. In addition, other characteristics are poor households headed by women by 16.19 percent,
the average number of family members is 4-5 people, with mean years of schooling of 5.61 percent.
There are 49.41 percent of poor households in 2019 depended on agriculture sector for their livelihoods
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[4]. BPS-Statistics Indonesia uses the concept of the ability to meet basic needs (basic needs approach)
in measuring poverty. With this approach, the poverty is seen as an economic inability to meet basic
food and non-food needs as measured in terms of expenditure [5].
Poverty is seen not only on the basis of insufficient income but more broadly. The poverty is the
absence of one or more of the basic abilities needed to obtain a minimum function in social life. This
includes not having sufficient income to obtain sufficient food, clothing, or shelter (income poverty) or
not being able to treat illnesses to health facilities (poverty due to poor health), also lack from access to
education, political participation, or role in society [6]. According to Ragnar Nurkse, the Vicious Circle
of Poverty theory explains that developing countries are poor, because their productivity is not enough,
which results in low income of the population, and only sufficient to meet minimum consumption needs
[7].
The poverty can be seen at both macro and micro levels. From the macro approach, the poverty can
be analyzed by the aggregate level, while the micro approach is needed to know more clearly how
poverty is, for example based on its characteristics. The analysis at the household level is one kind of a
micro approach. Many previous studies have been conducted in analyzing household characteristics as
the determinant of poverty status, including agricultural sector households. A previous study presents
that the household characteristics significantly effectuate the household’s poor status in Indonesia, such
as gender, age, education, and employment status of head of household [8]. Another study argues that
the household characteristic (education level) has a significant impact on the household’s poverty rate
in 15 provinces in Indonesia [9]. In a research with a smaller scope found that the household
characteristic (education level) significantly affect the agriculture household’s poor status in Pesisir
Selatan District, West Sumatera [10].
On the other hand, the regional economic factors can also affect poor households in the agricultural
sector. Several studies show that regional factors such as GRDP, Farmers’ Terms of Trade (NTP) and
employment rate can affect the poverty status of agricultural households. A study found that the larger
Gross Regional Domestic Product (GRDP), the smaller the number of poor households in East Java
Province [11]. In addition, another study shows that greater the GRDP in nine sectors (including
agriculture sector), the lower the poverty rate in Indonesia [12]. If it is related to the characteristics of
the place of residence, a study found the locational factor (rural or urban areas) has a significant impact
on the household’s poor status in Indonesia [8]. Other study using the Farmers’ Terms of Trade (NTP)
as a proxy for farmer’s welfare explains that there has a significant effect to alleviate the poverty rate in
Indonesian rural areas. A study in Pesisir Selatan, West Sumatera found that the job opportunity has a
significant influence on the agricultural household’s poor status in Pesisir Selatan, West Sumatera [10].
This study aims to examine household and regional factors that affect the household poverty in
agriculture sector in 2019 and determine the variation of agricultural household poverty due to
differences in characteristics between 514 districts in Indonesian region using multilevel binary logistic
regression analysis. This study has a unique analysis because the model of this study uses household
variables and regional variables affecting on agricultural household poor status. So, the policies will be
taken are not only from the micro-economic but also from the macro-economic perspective. This
research will analyze these two factors from districts level scope in Indonesia because there are no
previous studies based on authors’ knowledge. The hypotheses to be tested in this study are that the
household characteristics and regional factors have significant impact on the agricultural sector’s poor
household in Indonesia.
2. Methodology
This research uses two methods of analysis, descriptive analysis and inferential analysis. Descriptive
analysis used in this research is a statistical analysis technique by presenting data in the form of tables
and graphs. Inference analysis used in this research is multilevel binary logistic regression to analyze
household and regional factors that affect agricultural household poverty of 514 districts in Indonesia.
Multilevel analysis is an analysis used to test the relationship between variables measured at different
levels in a hierarchical data structure. The stratified data structure or hierarchy is a data structure in
which the units of observation are grouped into a unit that has a higher level. Data with a lower level is
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nested at a higher level [13]. A grouping data (data with clusters) and data obtained from multistage
sampling, multilevel analysis is very suitable [14].
In this research, the model used is a multilevel model with random intercept. This model is used
because it is in accordance with the objectives to be achieved in the research, namely to determine the
effect of variations between level 2 units (districts). In addition, this research assumes that the effect of
each explanatory variable for each group (districts) is the same.
Hypothesis testing: Likelihood ratio test (LR test) for testing the significance of random effect test
2
H0 ∶ 𝜎𝑢0
= 0 (Random effect is not significant)
2
H1 ∶ 𝜎𝑢0 > 0 (Random effect is significant)
Hypothesis testing: Simultaneous parameter significance test (G test)
H0 ∶ γ10 = γ20 = ⋯ = γp0 = γ01 = ⋯ = γ0Q = 0
(There is no effect of the explanatory variable on poverty status of agricultural household)
H1 ∶ There is at least one γ ≠ 0
(There is at least one explanatory variable that has an effect to the response poverty status of
agricultural household)
Hypothesis testing: Partial parameter significance test (Wald test)
H0 ∶ γp0 = 0 (Variable doesn’t affect the poverty status of agricultural households partially
H1 ∶ γp0 ≠ 0 (Variable affects the poverty status of agricultural households partially)
The formula in the methods can be written as follows:
Level 1:
η = β0j + ∑𝑃𝑝=1 βpj X pij +εij
eη

πij = F(η) = (1+eη )
ln (

πij
1−πij

) = η = β0j + ∑𝑃𝑝=1 βpj X pij +εij

(1)
(2)
(3)

Level 2:
β0j = γ00 + ∑𝑄
𝑞=1 γ0q Z qj + 𝑈0j

(4)

Where βpj = γp0 untuk p > 0
Level 1 and level 2 combined (Two level binary logistic regression with random intercept):
π

ln (1−πij ) = γ00 + ∑𝑃𝑝=1 γp0 X pij + ∑𝑄
𝑞=1 γ0q 𝑍qj + 𝑈0j + εij
ij

(5)

Equation model of the data:
Level 1 (Household):
ln (

πij

1−πij

) = β0j + β1j Gender ij + β21j Education_of_headhousehold1ij +

β22j Education_of_headhousehold2ij + β23j Education_of_headhousehold3ij + β3j Household_sizeij +
β4j Resident_area ij + β5j Ownership of pension social securityij + +β6j Ownership of social assistance +
β7j Credit assistance for businessesij + εij
(6)
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Level 2 (Districts):
β0j = γ00 + γ01 GRDP_ Agricultural_per_capitaj + γ02 Employment_Ratej + U0j

(7)

Combined model with level 1 (Household) and level 2 (Districts):
ln (

πij
) = γ00 + γ10 Genderij + γ210 Education_of_headhousehold1ij
1 − πij
+ γ220 Education_of_headhousehold2ij + γ230 Education_of_headhousehold3ij
+ γ30 Household_sizeij + γ40 Resident_area ij + γ50 Ownership of pension social securityij
+ γ60 Ownership_of_social assistanceij + γ70 Credit_assistance_for_businesses
(8)
+ γ01 GRDP_ Agricultural_per_capita j + γ02 Employment_Ratej + u0j + εij

where:
ln (
γ00
γp0
γ0q
ℇij
u0j

πij
1−πij

) : logit function in multilevel model for poverty status of agricultural household
: intercept (overall mean)
: fixed effects for explanatory variables p-th in households (fixed slope)
: fixed effects for explanatory variables q-th in districts
: residual for individual i-th in household in j-th group
: random effect j-th group in districts

2.1 Data and Data Sources
The data used in this research is secondary data from the Indonesia National Social Economic Survey
(Susenas) March 2019. The analysis was performed on the 514 districts in Indonesia. we only selected
households belonging to agricultural households. In this research, a person is engaged with agriculture
sector if he/she is a member of the agriculture household (the main source of income comes from the
agriculture sector). The unit of analysis is poverty status in agricultural households. Other data used as
contextual factors in this research are gross regional domestic product (GRDP) per capita in agricultural
sector and employment rate in 514 districts in Indonesia.
3. Results and Analysis
3.1 Characteristics of Agricultural household poverty
Figure 1 shows that the percentage of agricultural household poverty is 9.3 percent, while the percentage
of agricultural not poor household is 90.7 percent. In simple terms, it can be said that there is one of
eleven agricultural households is in poor condition.

9.3

90.7

Not Poor

Poor

Figure 1. Percentage of Agricultural household povertys, 2019
Source: Susenas Maret 2019 (data processed by researchers)
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In general, Table 1 presents that the characteristic of agricultural household poverty were headed by
male (9.3 percent). Head of the households had low education (10.6 percent), had more than 4 family
members (15.7 percent), living in rural areas (9.7 percent), did not own pension social security (9.5
percent), received social assistance from government (13.6 percent), and did not recieve credit assistance
for businesses (9.7 percent).
Table 1. Characteristics of agricultural household poverty, 2019.
Variable

Category

Head of household’s
gender

Female
Male
< Primary School
Primary school
Junior high school
Senior high school or
above
Less than or equal 4
family members
More than 4 family
members
Urban
Rural
Does not own pension
social security
Owned pension social
security
Does not received
Received
Does not receive credit
assistance for
businesses
Received credit
assistance for
businesses

Head of household’s
education

Household size
Resident area
Ownership of pension
social security
Ownership of social
assistance
Credit assistance for
businesses

Not Poor

Percentage
Poor

90.8
90.7
89.4
91.2
92.7

9.2
9.3
10.6
8.8
7.3

94.7

5.3

93.7

6.3

84.3

15.7

92.3
90.3

7.7
9.7

90.5

9.5

97.5

2.5

93.5
86.4

6.5
13.6

90.3

9.7

93.9

6.1

Source: Susenas, March 2019 (data processed by researchers)

3.2 Household and Districts Factors Affect Agricultural household poverty
Based on the data output, processed by using STATA, the value of the Likelihood Ratio Test (LR Test)
is 12,469.84 > χ2(0,05,1) (3.84) or it can also be seen from the p-value (0,000) < α (0.05). The decision is
rejecting H0 . It can be concluded that with a significance level of 5 percent, there is a significant random
effect on agricultural household poverty. In other words, the data is more suitable using a multilevel
binary logistic model than using single level logistic regression.
Then, Simultaneous test (G test) is used to see whether there is at least one explanatory variable is
significant to affect the agricultural household poverty. The value of G test is 13,966.96 where G >
χ2(0,05;9)(16.92) or it can be seen from the p-value (0,000) < α (0.05). The decision is to reject Ho. It can
be concluded that there is at least one explanatory variable that affects the agricultural household
poverty. In other words, a model with a conditional variable is better to use than a model without an
explanatory variable (null model).
After that, to see which variables that affect agricultural household poverty, the Wald test is used.
The Wald test will give the decision to reject H0 if the W value is more than the 𝑍0.025;1 = 1.96 or the
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p-value (0,000) < α (0.05). The test results of each explanatory variable in the binary logistic multilevel
model can be seen in the following table:
Table 2. The estimation results of multilevel binary logistic model parameters.
Variable

Coefficient

Standard
Error

W

p>|z|

Odds
Ratio

0.03

0.0351

0.65

0.52

1.02

-0.17
-0.30
-0.53

0.0297
0.0391
0.0421

-5.88*
-7.63*
-12.70*

0.000 0.84
0.000 -0.74
0.000 0.59

1.47

0.0260

56.67*

0.000 4.36

0.25

0.0440

5.59*

0.000 1.27

-1.45

0.1257

-11.51*

0.000 0.24

0.54

0.0272

-19.76*

0.000 1.71

-0.60

-0.0461

-13.09*

0.000 0.55

-0.0241

0.0081

-2.96*

0.003 0.9762

0.0376
-7.1168

0.0294
2.8037

1.28
-2.54*

0.201 1.0383
0.011 0.0008

I. Household Factors
Head of household’s gender
- Female (ref)
- Male
Head of household’s education
- < Primary School (ref)
- Primary school
- Junior High School
- Senior High School or above
Household size
- Less than or equal 4 family members
(ref)
- More than 4 family members
Resident area
- Urban (ref)
- Rural
Ownership of Pension social security
- Doesn't own pension social security (ref)
- Owned pension social security
Ownership of social assistance
- Does not receive (ref)
- Received
Credit assistance for businesses
- Doesn't receive credit assistance for
businesses (ref)
- received credit assistance for businesses
II. Contextual Factors
GRDP Agricultural per capita
Employment Rate
Constant

Note
Source

: * means significant at α = 0.05; ref is a reference category
: Susenas, March 2019 (data processed by researchers)

Based on the results of the Wald test, it can be seen that the variables that significantly affect
agricultural household poverty in Indonesia are education attainment, household size, resident area,
ownership of pension social security, ownership of social assistance, credit assistance for businesses,
and GRDP agricultural per capita.
Therefore, the multilevel binary logistic regression equation with the random intercept formed is:
ln (

𝜋̂𝑖𝑗
) = −7.1168 − 0.17 Education_attainment1ij − 0.30 Education_attainment2ij
1 − 𝜋̂𝑖𝑗
− 0. 53 Education_attainment3ij + 1.47 Household_sizeij + 0.25 Resident_area ij
− 1.45 Ownership of pension social securityij + 0.54 Ownership_of_social assistanceij
(9)
− 0.60 Credit_assistance_for_businesses − 0.0241 GRDP_ Agricultural_per_capita j
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3.3 Intraclass Correlation (ICC)
The effect of variations between districts on variations in agricultural household poverty could be seen
through the intraclass correlation (ICC).
ICC =

σ̂ 2u0
σ̂ 2u0 + σ̂ 2e0

= 0.3519 (35.19 percent)
The ICC value is 0.3519 or 35.19 percent. This can be interpreted that 35.19 percent of the diversity
of agricultural household poverty is caused by differences in the characteristics of districts in Indonesia.
3.3 Binary Logistic Multilevel Model Interpretation with Random Intercept
To find out the magnitude of the affection of the tendency from each explanatory variable (household
and districts explanatory variables) on agricultural household poverty, the odds ratio is used. The odds
ratio is a comparison of the risk of an event from one category compared to another.
3.3.1 Head of household’s gender. Generally based on previous research, women as heads of households
are identical to poverty. Female workers are more vulnerable than male. In Indonesia, male has
responsibility for making a living. One of the reasons women become the head of the household is
because the husband has died or the husband cannot earn a living, so the wife is responsible to earn a
living for his family. But, in this case, these results shows that there is no difference in the condition of
household poverty between male and female as head households.
3.3.2 Head of household’s education. The level of education from the head of the household has a
significant effect on agricultural household poverty. Education indirectly affects the mindset of the head
of the household, namely the motivation that is seen in behavior to achieve a certain level of income.
The higher the level of education achieved by the headof the household, then they have a big enough
opportunity to improve their standard of living so they can get out of poverty. The level of education
has a significant effect on agricultural household poverty. The higher the level of education attainment,
the smaller the tendency of agricultural households to become poor assuming all other variables are
constant. From odds ratio, we could interpret that those with high education (senior high school or
above) have a tendency to be poor 0.59 times less than those with low education (<primary school)
assuming all other variables are constant. A previous study found that the factors that influence
household poverty is level of education. The higher level of education that has been completed by head
of household, the lower tendency to become poor. The education variable is one of variables that has
the most influence on household poverty status [15].
3.3.3 Household Size. The higher household size (more than 4 family members), the higher tendency of
agricultural households to become poor assuming all other variables are constant. One of the
characteristics of poor is that there are so many children or members in a households. A study about the
determinants of household poverty in Jambi Province explained that the bigger size of the household
has a strong influence on poverty [16]. From odds ratio, we could say that the households with a family
size of more than 4 family members have a 4.36 times greater tendency to be poor compared to those
with a family size of less than or equal 4 family members assuming all other variables are constant. The
relationship between a large number of household members and poverty are mutually reinforcing. Poor
households tend to have more children. It can't be separated from the assumption that children are the
guarantee of the future for their parents. On the other hand, household with a greater number of children
tend to be poor because to some extent certain income must be used to support more household members
[17].
3.3.4 Resident Area. Resident area has a significant effect on agricultural household povertys.
Agricultural households in rural area will tend to be poorer than those living in urban area. The
households living in rural areas have a tendency to be poor 1.27 times greater than households living in
urban areas assuming all other variables are constant. A previous study found that the variables that
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affect household poverty are resident area where many poor people live in rural areas. The poor are
mostly distributed in rural areas [16]. In March 2019, in Indonesia, 12.85 percent of the poor lived in
rural areas and 6.69 percent lived in urban areas [18].
3.3.5 Ownership of Pension Social Security and Social Assistance. Ownership of social assistance has a
significant effect on agricultural household povertys. The Agricultural household who has social
assistance has more tendency to be poor than those who has no social assistance. The households that
have social security pensions have a tendency to be poor 0.24 times smaller than households that do not
have social security pensions and the households that have social assistance have a tendency to be poor
1.71 times greater than households that do not have social security assistance assuming all other
variables are constant. This indicates that agricultural households that receive assistance are classified
as poor. A previous study had been conducted by other researchers on the issue of multidimensional
poverty and social protection. In this study, social protection resulted from manifest variables including
Beras Sejahtera (Rastra), Family Hope Program (PKH), educational assistance (Bantuan Siswa Miskin
SD, Bantuan Siswa Miskin SMP), pension insurance, and health insurance (Jamkesmas and Jamkesda)
[19]. The results show that there was a positive relationship between multidimensional poverty and
social protection for poverty alleviation, human development, and improved quality of life. Social
protection is not only aimed at the poor and disadvantaged but involves the whole community in social
inclusion in poverty protection.
3.3.6 Credit Assistance for Businesses. Credit assistance for businesses assistance has a significant effect
on agricultural household povertys. A socio-economic study showed that the existence of credit
assistance for businesses could affect farmer poverty. The households that have credit assistance for
businesses have a tendency to be poor 0,55 times smaller than households that do not have credit
assistance for businesses assuming all other variables are constant. A previous study also explained that
the existence of capital factor had a significantly negative correlation with the poverty level of farmers
[20]. For the government, it is necessary to provide capital through bank credit so that farmers can
increase their farming area to increase farmers' income.
3.3.7 GRDP Agricultural per Capita. GRDP agricultural per capita has a significant effect on
agricultural household poverty. The result show that for every 1 percent increase in GRDP agricultural
per capita, the percentage of household poverty will decrease by 0.000241 percent assuming all other
variables are constant. This effect is quite small, but the increase in GRDP still has an impact on reducing
poverty. A previous study about poverty diagnoses showed that increasing incomes in agriculture
remains the main driver for poverty reduction in Indonesia. Panel data between 1993 and 2000 show
that 40 percent of agricultural workers in rural areas were able to escape poverty by continuing to work
in the rural agricultural sector [21]. Moreover, other research had been analyzed the effect of output
from the agricultural sector, processing industry and trade on the number of poor people in East Java
Province. In this study, the data used were Gross Regional Domestic Product (GRDP) data at constant
prices (ADHK) 2000 for the period 2005 to 2013. The results showed that the output of the agricultural
sector, processing industry, hotel and restaurant trade had a negative and significant effect on the decline.
the number of poor people in East Java Province. Among the three sectors, the agricultural sector is a
sector that can be relied upon in dealing with the number of poor people in East Java [11].
3.3.8 Employment Rate. A previous study showed that the employment rate or unemployment rate has
a significant effect on poverty. The study explains that the unemployment rate (TPT) has a significant
effect on reducing poverty in districts and cities in East Java Province [22]. The greater the
unemployment rate, the more the number of poor people will be. Therefore, a policy is needed to reduce
the open unemployment rate, including by expanding job opportunities. On the other hand, results of
this research showed that the employment rate has no significant effect on the agricultural household
poverty. This is because many jobs available from sectors other than agriculture. Statistics Indonesia
notes that the workers in the agricultural sector was decreasing. In the last 4 years the number of people

886

A Romadhon et al.

working in the agricultural sector has decreased from 37.77 million in august 2016 to 34.58 in august
2019 [23].
4. Conclusion And Recommendation
The characteristic of agricultural household poverty is headed by a male, has lower education, has more
than 4 family members, living in rural areas, doesn’t own pension social security, received social
assistance from the government, and doesn't receive credit assistance for businesses. In addition, the
various conditions of agricultural household poverty in each district in Indonesia are also a challenge in
terms of handling poverty which must be handled by collaboration between the central and regional
governments according to the characteristics of each region.
Reducing poverty in agricultural households, there are several suggestions that can be taken. The
government has to increase business credit programs for farmer households. That program has a
significant impact in reducing poverty and expanding access, especially in rural areas. Farmers are
expected to be empowered and have sufficient capital for their agriculture. It is hoped that the
productivity of farmers and farmers' income will increase. Based on the previous study conducted by
the World Bank found that the increase of income in the agricultural sector remains the main factor for
poverty reduction [21].
The governments are expected to create conducive economic conditions, for example equitable
economic development in each region, increasing the regional productivity of the agricultural sector to
reduce poverty in the agricultural household. GRDP is significant for reducing poverty. Previously, it
was discussed that the higher GRDP, the greater the potential to reduce poverty. Although in this study
unemployment is not significant enough to affect household poverty, the government is expected to keep
opening opportunities in terms of employment opportunities. Due to the higher employment
opportunities in a region, it is expected that the absorption of labor in the agricultural and nonagricultural sectors is expected.
Then, the sustainability of social assistance programs must be continued and monitored to help them
out of poverty. Social assistance in the form of food or non-food provides them wider access to a more
decent life and increases the degree of household welfare. Rice for the Prosperous Population/Beras
Sejahtera (Rastra), Family Hope Program/Program Keluarga Harapan (PKH), Bantuan Pangan NonTunai (BPNT) operations, and assistance from the local government are strongly enough to reduce
poverty.
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Abstract. This study aims to measure and analyzes the level of agricultural sustainability at the
household level using the results of the Integrated Agricultural Survey (AGRIS) pilot conducted
by Statistics Indonesia in 2020. Applying descriptive analysis on the computation results of
eleven sub-indicators of the SDGs 2.4.1 indicator at the household level, we analyzed the
proportion of agricultural households categorized as sustainable and unsustainable for each
corresponding sub-indicator of sustainability. We also estimated the average land area managed
by agricultural households for each category in each sub-indicators. We found that most
agricultural households in West Java, East Java and West Nusa Tenggara are categorized as
unsustainable in agricultural practices regarding land productivity. The proportion of households
practising unsustainable agriculture are also quite large regarding fertilizer use and decent
employment. We also found that less land productivity and poor management of fertilizer use
are the phenomena of a relatively large scale farm.

1. Introduction
Sustainable agriculture is one of the strategic issues in the Sustainable Development Goals (SDGs). The
population that continues to grow makes the demand for food also increase, posing pressure on the
supply side. It was translated into extending measures to boost food production. Sometimes, agricultural
development is considered to only focus on increasing output without paying attention to the impact on
the environmental ecosystems and soil quality. As a result, it could lead to food scarcity and insecurity
in the future, putting the sustainability of food production under threat.
"Sustainable Agriculture" is the development of agricultural systems focused on the goal of
developing agricultural technologies and enterprises that: (i) have no adverse effect on the environment
(this is because the environment is an important asset for agriculture); (ii) are accessible and effective
for farmers; and (iii) lead to increased food productivity and have a positive impact on environmental
goods and services. Sustainability in agricultural systems combines the concepts of resilience (system
capacity to withstand shocks and pressure) and sustainability (system capacity to continue over a long
period of time), and discusses more broadly its impact on the economy, social and environment [1]. In
the SDGs, agricultural development is contained in Goal 2: Zero Hunger, namely "Eliminating hunger,
achieving food security and good nutrition, and promoting sustainable agriculture". Furthermore, the
"Sustainable Agriculture" system is expected to be realized by achieving Target 2.4 in the SDGs, i.e."by
2030 ensure sustainable food production systems and implement resilient agricultural practices that
increase productivity and production, that help maintain ecosystems, that strengthen capacity for
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adaptation to climate change, extreme weather, drought, flooding and other disasters, and that
progressively improve land and soil quality" [2].
Measurement of sustainable agriculture through various indicators is needed to monitor the
achievement of the target, particularly to see whether the current agricultural system implemented is
sustainable or not. Therefore, one can determine whether the existing agricultural practices already
reflect sustainable agriculture or further efforts may be necessary to promote sustainable agriculture.
They also can equip policymakers in determining policies to be implemented to achieve the target.
However, the measurement tools for sustainable agriculture that are currently being developed tend to
not include farmers in their interpretation and focus more on measuring at the spatial and temporal levels
[3]. At the same time, farmers/agricultural households are a fundamental element in achieving a
sustainable agricultural system. Therefore, the measurement of indicators of sustainable agriculture at
the farm household level is vital.
Various methods to measure sustainable agriculture have been developed in recent decades. One of
the methods developed by FAO is the Sustainability Assessment of Food and Agriculture Systems
(SAFA). In the SAFA guidelines, the measurement of sustainable agriculture is carried out based on
three or four levels of the hierarchy, with “Dimensions” as the main pillar and the highest level and the
most general level to describe sustainability. Furthermore, the universal sustainability goals are
translated into “Themes” (and in some cases, made more explicit into “Sub-Themes”). The lowest level
of sustainability measurement is an indicator in the form of a measurable variable to evaluate the
sustainability performance of the related “Theme” or “Sub-Theme” [4]. The SAFA method uses three
main dimensions to measure sustainability at the smallest scale (farmer households), namely Economic,
Social, and Environmental.
Another method developed to measure sustainable agriculture at the farmer/household level is the
Agricultural Sustainability Indicator (Indicateurs de Durabilité des Exploitations Agricoles/IDEA). The
IDEA method defines the concept of sustainable agriculture by (i) involving viability, in the economic
concept, namely the efficiency of the production system and securing sources of income in the
agricultural production system in the face of market changes and uncertain sources of funding; (ii)
livability, focusing on analyzing whether agricultural activities provide a decent life for farmers and
their families; and (iii) the environmental reproducibility of ecosystems related to agriculture that can
be analyzed using agro-environmental indicators, particularly those that characterize the impact of
agricultural practices on the environment [5]. The IDEA method uses three scales, ten components, and
41 indicators to answer 16 objectives that describe sustainable agriculture.
Other methods also used to measure agricultural sustainability at both the macro (country, spatial)
and micros (farmer/household) levels are the Public Goods Tool (PG) developed by [6] and ResponseInducing Sustainability Evaluation 2.0 (RISE) set by [7]. These methods use various indicators to
measure three main dimensions, namely Economic, Social, and Environmental. In this regard, the FAO
developed a method by computing the SDGs 2.4.1 indicator, which contains the three dimensions. The
indicator is described more specifically into 11 themes [8]. The measurement of the SDGs 2.4.1 indicator
to see the level of agricultural sustainability is carried out on a macro (spatial/area) level, whereas the
measurement of the level of agricultural sustainability at the farmer/household level is no less critical.
The SDGs 2.4.1 indicator is designed to measure the extent to which a more productive and
sustainable food production system is implemented. It is expected to provide strategic information for
policymakers through the three dimensions of sustainability, namely economy, social and environment
[9]. On a macro basis, the SDGs 2.4.1 indicator is formulated by proportioning agricultural land
managed with a productive and sustainable agricultural system to the total area of agricultural land. The
World Food and Agriculture Organization (FAO) recommends primary data collection through a standalone agricultural survey or as a part of other surveys to measure these indicators. Currently, in the
Indonesian context, there is no survey dedicated to collecting data to compute the SDGs 2.4.1 indicator.
Therefore, the Central Statistics Agency (BPS) conducted a pilot of the Integrated Agricultural Survey
(AGRIS) in 2020. The survey aims to collect data for the farm-based SDG indicators computation,
including the 2.4.1 indicator. The report of the results of the pilot has been disseminated [10]. However,
the measurement of agricultural sustainability presented in the report, through the 2.4.1 indicator, is a
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macro (regional/spatial) perspective. The results do not provide a micro picture of farm households
perspective.
This study aims to measure and analyze the level of agricultural sustainability at the household level.
It wants to see to what extent sustainable agriculture has been applied by agricultural households using
the results of the AGRIS pilot. This study analyzes the sustainability of agricultural practices at the
household level in the three provinces, namely West Java, East Java and West Nusa Tenggara. The three
provinces were selected as the pilot location since their agricultural activities variability, and the total
number of agricultural households in the three provinces accounted for 33 per cent of the total
agricultural households in Indonesia [11].
2. Methodology
The unit of analysis in this study is the agricultural households in West Java, East Java and West Nusa
Tenggara, the locations of the pilot. The AGRIS field data collection was carried out in October 2020
by enumerating 1,137 agricultural household samples in the three provinces. The results of the survey
were used to compute eleven sub-indicators of the SDGs 2.4.1 indicator at the household level. A
descriptive analysis was applied to the computation results of the proportion of agricultural households
categorized as sustainable and unsustainable for each corresponding sub-indicator of sustainability.
Applying survey weights, we also estimated the average land area managed by agricultural households
for each category in each sub-indicators.
The use of household-based survey results in the computation allows us to analyze the sustainable
agriculture practices at the household level. The method for 2.4.1 SDG indicator was developed by FAO
and consisted of three main dimensions, namely Economic, Environmental, and Social and is more
translated explicitly into 11 themes and is measured through 11 sub-indicators that represent each of
these themes (Table 1). The measurement of “Sustainable Agriculture” with SDGs 2.4.1 indicator refers
to the Sustainable Food and Agriculture (SFA) approach, which is described in five main principles,
namely; (i) increased productivity, employment and added value in the food system; (ii) protect and
improve the quality of natural resources; (iii) improve livelihoods and promote inclusive economic
growth; (iv) increase resilience in communities, communities and ecosystems; and (v) adapting
governance to new challenges. This measurement method puts people at the centre, focuses on the
efficient use of economic resources and environmental protection.
FAO also describes the criteria and thresholds to assessing the level of agricultural sustainability of
the 11 sub-indicators. The sustainability status for the 11 sub-indicators will be presented in three
spectrums, namely Desirable, Acceptable, and Unsustainable. These criteria and thresholds are
described in Table 1.
Table 1. Dimension, theme, and sub-indicators of sustainability measurement for SDGs 2.4.1indicator
Dimension
Economy

Environment

Social

Theme

Sub-indicator

1.

Land productivity

Farm output value per hectare

2.

Profitability

Net farm income

3.

Resilience

Risk mitigation mechanisms

4.

Soil health

Prevalence of soil degradation

5.

Water use

Variation in water availability

6.

Fertilizer pollution risk

Management of fertilizers

7.

Pesticide risk

Management of pesticides

8.

Biodiversity

Use of agro-biodiversity-supportive practices

9.

Decent employment

Wage rate in agriculture

10. Food security

Food Insecurity Experience Scale (FIES)

11. Land tenure

Secure tenure rights to land

Source: FAO, 2019
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Following FAO (2019), the definition of each sub-indicators are as follows:
1. Farm output value per hectare or agricultural production per hectare is a measure of the level of
agricultural productivity per hectare. Production per hectare comes from all agricultural outputs,
such as crop production, livestock yields, or a combination of both. Since yields are not always
measured in the same unit, the calculation of production per hectare is presented in Local Currency
Units (LCU), so it is necessary to multiply it by the average price to obtain production in Rupiah.
2. Net farm income refers to the profit earned by farmers over the last three years. The profit is the
net profit from agricultural activities, excluding activities outside the agricultural sector carried out
by agricultural households (e.g. business activities in the tourism sector, etc.).
3. Risk mitigation mechanisms is based on handling agricultural business risks, seen from access to
credit and insurance, and agricultural diversification (the share of single agricultural commodities
is not greater than 60 per cent of the total production value owned by agricultural business units ).
4. Prevalence of soil degradation focuses on four main threats that can cause soil degradation: soil
erosion, decreased soil fertility, salinization of irrigated land, and soil saturation by water
(waterlogging).
5. Variation in water availability is seen from the awareness and practice of farmers concerning
water scarcity. These awareness and practice are expressed in: (a) whether farmers use water to
irrigate at least 10 per cent of the agricultural area and why; (b) whether farmers are aware of the
problem of water availability in agricultural land and pay attention to the reduction of water
availability from time to time; (c) is there any organization (irrigation agency, others) responsible
for allocating water between users and the extent to which the organization is working effectively.
6. Management of fertilizer refers to the practice and awareness of farmers in the use of fertilizers
and their impact on the environment. The management steps taken are: (i) following the protocol or
instructions for use and not exceeding the recommended dose; (ii) using synthetic/mineral fertilizers
in combination with organic/compost fertilizers; (iii) using legumes as ground cover or components
of multi-crop systems to reduce fertilizer use; (iv) recycling of organic material for use as fertilizer;
(v) regulation of the use of fertilizers evenly throughout the growing period of plants; (vi) consider
the type of soil and climate in determining the dose and frequency of fertilizer application; (vii)
measuring soil nutrients regularly through soil samples, and (viii) undertake site-specific nutrition
management or precision agriculture.
7. Management of pesticide is guided by several steps, namely steps related to health: (i) Adherence
to recommendations for the method and dosage of pesticides use on the packaging label, including
the use of personal protective equipment when using pesticides; (ii) dispose of used pesticide waste
(packages, bottles, etc.) safely. Environmental measures: (i) Use of pesticides according to the
recommended instructions; (ii) implementing good planting patterns (planting time, spacing, crop
rotation, etc.) to reduce pest threats; (iii) controlling pests with biopesticides; (iv) apply pasture
rotation to suppress livestock pests; (v) systematically remove plant parts that are infested with
pests; (vi) use one type of pesticide no more than twice a season, to avoid resistance to pesticides;
(vii) cleaning machines and equipment regularly to reduce the spread of pests.
8. Use of agro-biodiversity-supportive practices refers to several things, namely: (i) leaving at least
10 per cent of agricultural land for natural vegetation/ecosystems; (ii) farmers produce certified
organic agricultural products; (iii) not using synthetic pesticides, not buying more than 50 per cent
of animal feed, and not using antimicrobials as growth promoters; (iv) there is agricultural
production derived from at least two things from {a) crops/grasslands; b) trees/tree products, c)
livestock/animal products, d) fish}; (v) crop rotation/grassland practice involving at least three crops
on at least 80 per cent of the farmland; and (vi) livestock have locally adapted breeds or breeds at
risk of extinction.
9. Wage rate in agriculture is measured by the daily wage rate of unskilled labour in the agricultural
sector, which is calculated in LCU (Rupiah).
10. Food Insecurity Experience Scale (FIES) is a measure of the severity of food insecurity
experienced by individuals or households based on their perceptions.
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11. Secure tenure rights to land refer to the ownership of formal documents in the name of a person
or another person and the matter of selling or bequeathing the agricultural land.
Table 2. Dimension, theme, and sub-indicator measuremnet of sustainability level SDG indicator 2.4.1
Sub-indicator
Farm output
value per hectare

Desirable

Acceptable

Unsustainable

Sub-indicator value is ≥
2/3 of the corresponding
90th percentile

Sub-indicator value is ≥ 1/3
and < 2/3 of the
corresponding 90th
percentile

Sub-indicator value is <
1/3 of the corresponding
90th percentile

NFI is above zero for the
past 3 consecutive years

NFI is above zero for at least
1 of the past 3 consecutive
years

below zero for all of the
past 3 consecutive years

Risk mitigation
mechanisms

Access to or availed at
least two of the abovelisted mitigation
mechanisms

Access to or availed at least
one of the above-listed
mitigation mechanisms.

No access to the listed
mitigation mechanisms.

Prevalence of soil
degradation

The combined area
affected by any of the four
selected threats to soil
health is negligible (less
than 10 per cent of the
total agriculture area of the
farm).

The combined area affected
by any of the four selected
threats to soil health is
between 10 per cent and 50
per cent of the total
agriculture area of the farm.

The combined area
affected by any of the four
selected threats to soil
health is above 50 per cent
of the total agriculture area
of the farm.

Water availability remains
stable over the years, for
farms irrigating crops on
more than 10 per cent of
the agriculture area of the
farm. Default result for
farms irrigating less
than 10 per cent of their
agricultural area

The farm uses water to
irrigate crops on at least 10
per cent of the agriculture
area of the farm, does not
know whether water
availability remains stable
over the years, or
experiences reduction on
water availability over the
years, but there is an
organization that effectively
allocates water among users.

in all other cases.

The farm takes specific
measures to mitigate
environmental risks (at
least four from the list in
FAO (2019)). Default
result for farms not using
fertilizers

the farm uses fertilizers and
takes at least two measures
from the list in FAO (2019)
to mitigate environmental
risks

farmer uses fertilizer and
does not take any of the
specific measures in FAO
(2019) to mitigate
environmental risks
associated with their use.

The farm uses only
moderately or slightly
hazardous pesticides (WHO
Class II or III) and takes
some measures to mitigate
environmental and health
risks (at least two from each
of the lists above)

The farm uses highly or
extremely hazardous
pesticides (WHO Class Ia
or Ib), illegal pesticides, or
uses moderately or slightly
hazardous pesticides
without taking specific
measures to mitigate
environmental or health
risks associated with their
use (fewer than two from
any of the two lists above).

Net farm income

Variation in
water availability

Management of
fertilizers

Management of
pesticides

The farm uses only
moderately or slightly
hazardous pesticides
(WHO Class II or III). In
this case, it adheres to all
three health-related
measures and at least four
of the environment-related
measures. Default result
for farms not using
pesticides.
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Sub-indicator
Use of agrobiodiversitysupportive
practices

Wage rate in
agriculture

Food Insecurity
Experience Scale
(FIES)
Secure
tenure
rights to land

Desirable

Acceptable

Farmers applied at least
two of the six sustainable
agriculture criteria
(organic farm) or two form
sustainable criteria (nonorganic farm) in FAO
(2019).
If the wage rate paid to
unskilled labour is above
the minimum national
wage rate or minimum
agricultural sector wage
rate.

Farmers applied at least two
of the six sustainable
agriculture criteria (organic
farm) or one form
sustainable criteria (nonorganic farm) in FAO
(2019).

farmer uses fertilizer and
does not take any of the
specific measures in FAO
(2019) to mitigate
environmental risks
associated with their use.

if the wage rate paid to
unskilled labour is equals
to the minimum national
wage rate or minimum
agricultural sector wage rate.

if the wage rate paid to
unskilled labour is below
the minimum national
wage rate or minimum
agricultural sector wage
rate.

Mild food insecurity

Moderate food insecurity

Severe food insecurity

has a formal document even
if the name of the
holder/holding is not on it

Has no a formal document
with the name of the
holder/holding on it, and
has no the right to sell any
of the parcel of the
holding, and has no the
right to bequeath any of
the parcel of the holding

has a formal document
with the name of the
holder/holding on it, or has
the right to sell any of the
parcel of the holding, or
has the right to bequeath
any of the parcel of the
holding

Unsustainable

Source: FAO, 2019

Under SDG 2.4.1 indicator, each sub-indicator evaluates the sustainability equally and
independently. It implies that a sub-indicator with the highest proportion of households assigned to
unsustainable status will be the reference to draw the conclusion about the proportion of agricultural
households that do not meet the standard of productive and sustainable agriculture.
3. Discussion
3.1. Farm output value per hectare
Reagarding sub-indicator 1, most agricultural households in West Java, East Java and West Nusa
Tenggara province are unsustainable. The percentage of agricultural households categorized as
unsustainable in terms of land productivity for the three provinces are 65.50 per cent, 76.86 per cent,
and 82,49 per cent, respectively. Moreover, about 13.31 per cent of agricultural households in West Java
and around 16.19 per cent in East Java have agricultural land productivity classified as sustainable.
Meanwhile, agricultural households whose agricultural land productivity is sustainable only make up
around 3.39 per cent of the total agricultural households in West Nusa Tenggara. Some households were
not classified due to partial non-responses on corresponding questions for the computation of subindicator 1.
The average agricultural land managed by agricultural households with sustainable agricultural status
in terms of land productivity tends to be smaller than those with unsustainable status (Table 3). This
condition indicates that agricultural land productivity has not been optimized among farmers with a
large scale of farms.
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4.55
West Java

21.19

65.50

8.76
2.31

East Java

6.94

West Nusa Tenggara

76.86

14.12

13.88

82.49

Unclassified

Unsustainable

3.39

Acceptable

Desirable

Figure 1. Percentage of agricultural households by agricultural sustainability status (%) – Sub-indicator
1 (farm output value per hectare)
Table 3. Average of agricultural land area hold by agricultural household by sustainability status (m2)
– Sub-indicator 1 (farm output value per hectare)
Province
West Java
East Java
West Nusa Tenggara

Desirable
3,003.91
1,548.77
4,666.67

Acceptable
2,376.65
814.33
-

Unsustainable
3,874.66
4,038.67
12,241.29

The estimation results that most farmers, with unsustainable status, have the highest average of
agricultural land area at the same time imply that most agricultural land area in the three provinces are
cultivated not under the standards of productive and sustainable agricultural management.
3.2. Net farm income
Based on the net income of agricultural households in the last three years, more than 80 per cent of
agricultural households in the three provinces are categorized as sustainable. In more detail, the
percentages are 95.97 per cent in West Java, 87.66 per cent in Java East and 90.96 per cent in West Nusa
Tenggara. Meanwhile, less than 20 per cent of the rest have unsustainable agricultural status. In West
Java, only about 4.03 per cent of agricultural households are classified as unsustainable agriculture in
terms of the net income they have received in the last three years. The same applies to West Nusa
Tenggara, where about 9.04 per cent of agricultural households are categorized as unsustainable.
The average agricultural land managed by sustainable agricultural households in terms of net income
received is relatively larger than that of agricultural households with unsustainable status (Table 4).
Agricultural households with narrow lands usually only manage their agricultural land for their
consumption, so they are suspected to be less focused on making profits.
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4.03
West Java

76.53

East Java

West Nusa Tenggara

12.34

19.44

60.15

9.04

27.51

57.63

Unsustainable

33.33

Acceptable

Desirable

Figure 2. Percentage of agricultural households by sustainability status (%) – Sub-indicator 2
(net income of farmers)
Table 4. Average of agricultural land area hold by agricultural households by sustainability status (m2)
– Sub-indicator 2 (net income of farmers)
Province
West Java
East Java
West Nusa Tenggara

Desirable
4,806.36
5,712.25
9,557.58

Acceptable
3,667.17
3,025.91
12,398.76

Unsustainable
2,557.92
751.65
5,831.25

3.3. Risk mitigation mechanism
Extreme weather and pest attacks usually pose a threat to agricultural households in managing their
agricultural land. It is not uncommon for farmers to experience crop failure due to floods, droughts, or
severe pest attacks. If this condition occurs, then the agricultural households must have a way to cover
the losses experienced. In this case, risk mitigation in the agricultural business is essential. Based on the
risk mitigation mechanism implemented by agricultural households, most of them are classified as
sustainable agriculture. While the rest, who are 2.45 per cent agricultural households in West Java, 9.51
per cent in East Java, and 18.64 per cent in West Nusa Tenggara, did not apply risk mitigation
mechanisms so that they were classified as unsustainable agriculture.
The average area of agricultural land owned by agricultural households with sustainable agricultural
status in sub-indicator 3 tends to be larger than unsustainable agricultural households, except in East
Java (Table 5). It indicates that farming households in East Java with relatively narrow land areas are
more concerned with risk mitigation mechanisms in their agricultural management than agricultural
households with larger land areas.
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2.45
West Java

97.20
0.35

East Java

9.51

89.20

1.29
West Nusa Tenggara

18.64

8.47

72.88

Unsustainable

Acceptable

Desirable

Figure 3. Percentage of agricultural households by sustainability status (%) – Sub-indicator 3
(risk mitigation mechanism)
Table 5. Average agricultural land area by sustainability status (m2) – Sub-indicator 3 (risk mitigation
mechanism)
Province

Desirable

West Java
East Java
West Nusa Tenggara

Acceptable

3,885.69
3,433.47
10,609.66

1,410.00
2,077.60
18,900.60

Unsustainable
2,536.84
4,150.00
8,173.21

3.4. Prevalence of soil degradation
In terms of soil degradation (sub-indicator 4), more than 90 per cent of agricultural households in West
Java, East Java, and West Nusa Tenggara are in sustainable agriculture status, as seen from the
measurement of the prevalence of degradation of managed agricultural land. Moreover, around 3-9 per
cent of agricultural households in East Java and West Nusa Tenggara are classified as unsustainable
agriculture. Only 3.68 per cent of agricultural households in West Java are unsustainable agriculture in
terms of soil degradation.
3.68
West Java

92.82
3.50

East Java

West Nusa Tenggara

7.71
2.57

89.72

9.60

88.14
2.26
Unsustainable

Acceptable

Desirable

Figure 4. Percentage of agricultural households by sustainability status (%) – Sub-indicator 4
(soil degradation prevalence)
Based on Table 6, agricultural households with sustainable agriculture practices in terms of soil
degradation prevalence tend to have a larger area of agricultural land than farm households with
unsustainable agricultural status. In other words, it is a strong indication that small-scale agricultural
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households are prone to soil degradation. Therefore, knowledge about the causes and preventions of soil
degradation needs to be emphasized more to small-scale farming households.
Table 6. Average of agricultural land area by sustainability status (m2) – Sub-indicator 4 (soil
degradation prevalance)
Province

Desirable

West Java
East Java
West Nusa Tenggara

Acceptable

3,953.60
3,469.21
11,524.17

3,187.55
4,515.30
6,250.00

Unsustainable
1,701.62
3,314.88
5,829.41

3.5. Variation in water availiability
Most agricultural households in the three provinces of the AGRIS pilot project are sustainable for water
availability. Around 88.44 per cent of agricultural households in West Java, 90.49 per cent in East Java,
and 89.27 per cent in West Nusa Tenggara manage agricultural land with sufficient water supply to
irrigate at least 10 per cent or more of their agricultural land, and some organizations or institutions
manage the distribution of water to users on the agricultural land.
4.90
West Java

11.56

83.54

3.60
East Java

West Nusa Tenggara

9.51

10.73

86.89

12.43

76.84

Unsustainable

Acceptable

Desirable

Figure 5. Percentage of agricultural households by sustainability status (%) – Sub-indicator 5
(water availability)
The average area of agricultural land managed by agricultural households in unsustainable
agricultural status for sub-indicator of water availability tends to be smaller than agricultural households
classified as sustainable agriculture. Therefore, to increase the number of agricultural households with
sustainable agriculture status, it is necessary to pay more attention to the water availability for smallscale agriculture. In that regard, regular and fair distribution of irrigation can be one of the solutions.
The addition of irrigation canals and other water sources is also considered necessary.
Table 7. Average of agricultural land hold by agricultural houesholds by sustainability status (m2) –
Sub-indicator 5 (water availiability)
Province
West Java
East Java
West Nusa Tenggara

Desirable
3,971.59
3,604.27
11,280.75

Acceptable
2,896.86
2,283.43
11,980.82

Unsustainable
3,323.17
2,841.64
6,532.16

898

Kadir et al.

3.6. Managemet of fertilizer
More than 50 per cent of agricultural households in West Java and East Java are unsustainable in terms
of fertilizer management. Furthermore, around 70.62 per cent of agricultural households in West Nusa
Tenggara are unsustainable. It indicates that the management of fertilizer use by agricultural households
in the three provinces is insufficient. Considering that the use of chemical fertilizers has an unfavourable
impact on the environment, several management measures to mitigate the risk of the adverse effects of
fertilizers on environmental quality need to be emphasized. It could be done through agricultural training
to provide knowledge to farm households regarding the negative impact of excessive use of fertilizers
and other measures to prevent it.
West Java

East Java

55.69

5.60

59.38

38.70

9.77

30.85
2.82

West Nusa Tenggara

70.62

Unsustainable

26.55

Acceptable

Desirable

Figure 6. Percentage of agricultural households by sustainability status (%) – Sub-indicator 6
(fertilizer use management)
Table 8 shows that, on average, agricultural households with unsustainable farming status have a
larger area of agricultural land than agricultural households classified as sustainable agriculture. It is
presumably because agricultural households with a relatively large area of agricultural land focus more
on increasing agricultural output but pay less attention to the negative impact of fertilizer use on
environmental quality.
Table 8. Average of agricultural land hold by agricultural households by sustainability status (m2) –
Sub-indicator 6 (fertilizer use management)
Province
West Java
East Java
West Nusa Tenggara

Desirable
3,854.04
2,143.36
15,327.81

Acceptable
3,598.52
4,293.29
8,320.00

Unsustainable
3,861.63
4,047.63
9,278.91

3.7. Managemet of pesticide
When it comes to the management of pesticide use, more than 90 per cent of agricultural households in
West Java, East Java, and West Nusa Tenggara have used pesticides according to recommendations for
proper use for the environment and health are classified in sustainable agriculture. Only 0.26 per cent of
agricultural households in East Java are still classified as unsustainable agriculture.
Sustainable agriculture households in the three provinces at the “Desirable” level tend to have a
relatively smaller land area than other sustainability statuses. It is presumably because agricultural
households with narrow land can manage pest attacks naturally. Therefore, the use of pesticides can be
minimized or even not using chemical pesticides at all. For East Java, in addition to the tiny percentage
of unsustainable farming households, the agricultural land managed by unsustainable agricultural
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households is also minimal. So, it can be concluded that the management of pesticide use by agricultural
households in East Java is quite good (Table 9).
2.28
West Java

62.87

34.85

0.26
East Java

West Nusa Tenggara

44.73

55.01

8.47

83.05

Unsustainable

8.47

Acceptable

Desirable

Figure 7. Percentage of agricultural households by sustainability status (%) – Sub-indicator 7
(pesticide use management)
Table 9. Average of agricultural land area hold by agricultural households by sustainability status (m2)
– Sub-indicator 7 (pesticide use management)
Province
West Java
East Java
West Nusa Tenggara

Desirable
3,500.23
3,157.40
7,212.53

Acceptable
4,049.84
3,903.62
11,271.31

Unsustainable
3,419.58
440.00
10,453.33

3.8. Use of agro-biodiversity-supportive practice
Based on the practice of supporting the use of biodiversity, almost all agricultural households in the
three provinces of the AGRIS pilot have implemented a biodiversity-based farming system so that they
are classified as sustainable. The percentage of agricultural households practicing unsustainable
agriculture is relatively tiny. Even in West Java, it is only around 0.18 per cent. Indonesian agricultural
households tend to apply crop rotation, use local seeds, carry out agricultural activities in several subsectors at once, and apply intercropping cropping patterns. Therefore, in terms of biodiversity,
agricultural households in Indonesia tend to be classified as sustainable agriculture.
On average, that relatively small percentage of unsustainable agricultural households manages a
relatively larger area of agricultural land than sustainable agricultural households. One reason is that
agricultural households that manage large land areas tend to focus on increasing crop production and
using more chemical products in crop cultivation practices to obtain greater agricultural output.
Meanwhile, small-scale farmers usually apply various patterns and types of crops to get more output.
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0.18
West Java

25.57

74.26

0.26
East Java

8.48

West Nusa Tenggara

0.56
6.21

91.26

93.22

Unsustainable

Acceptable

Desirable

Figure 8. Percentage of agricultural households by sustainability status (%) – Sub-indicator 8
(practice of supporting the use of biodiversity)
Table 10. Average of agricultural land area hold by agricultural households by sustainability status (m2)
– Sub-indicator 8 (practice of supporting the use of biodiversity)
Province
West Java
East Java
West Nusa Tenggara

Desirable
3,519.48
3,307.89
10,934.37

Acceptable
4,765.28
5,281.88
9,790.91

Unsustainable
6,900.00
6,748.00
10,000.00

3.9. Wage rate in agriculture
Most agricultural households in West Java and East Java are classified as sustainable agriculture because
the amount of wages paid to untrained workers to manage agricultural land in agricultural households
tends to be higher than the minimum wage level in the area. Meanwhile, in West Nusa Tenggara, more
than half of agricultural households are in unsustainable agricultural status. It means that untrained
workers in the agricultural household are paid below the minimum wage applicable in the area.
The average area of agricultural land managed by sustainable agricultural households is smaller than
the area of unsustainable agricultural households, except in West Nusa Tenggara (Table 11). Further
studies are needed to find out more in-depth about the relationship between the area of agricultural land
managed and the level of wages paid to unskilled workers in agricultural households. It was not covered
in this study because of the limited data available.
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0.00
West Java

22.24

77.76
0.00

East Java

20.82

79.18
0.00

West Nusa Tenggara

66.67

Unsustainable

33.33

Acceptable

Desirable

Figure 9. Percentage of agricultural households by sustainability status (per cent) – Subindicator 9 (level of wage in agriculture)
Table 11. Average of agricultural land area hold by agricultural households by sustainability status (m2)
– Sub-indicator 9 (level of wage in agriculture)
Province

Desirable

West Java
East Java
West Nusa Tenggara

Acceptable

3,628.17
2,717.13
13,194.34

Unsustainable
-

4,598.31
6,400.92
9,689.87

3.10. Food Insecurity Experience Scale (FIES)
1.93

0.18

West Java

97.72
0.18
0.00

East Java

6.94
0.26

92.80

2.82
West Nusa Tenggara

96.05
0.00

1.13
Unclassified

Unsustainable

Acceptable

Desirable

Figure 10. Percentage of agricultural households by sustainability status (per cent) – Subindicator 10 (Food Insecurity Experience Index/FIES)
The status of sustainable agriculture is also seen through the Food Insecurity Experience Index
(FIES) measurement. This index measures agricultural households' perception regarding their food
experience, whether they are experiencing food insecurity or whether food can be appropriately fulfilled.
The results of the AGRIS pilot in three provinces show that most of the agricultural households in West
Java, East Java, and West Nusa Tenggara are in sustainable agriculture status because they have only
experienced moderate to mild food insecurity (perhaps even not experiencing food insecurity). Around
1-6 per cent of agricultural households in the three provinces cannot be assigned to any sustainable
agriculture status due to the lack of information to measure the food insecurity experience index.
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Table 12. Average of agricultural land area hold by agricultural households by sustainability status (m2)
– Sub-indicator 10 (Food Insecurity Experience Index/FIES)
Province

Desirable

West Java
East Java
West Nusa Tenggara

Acceptable

3,898.99
3,624.67
11,014.54

1,000.00
15,000.00

Unsustainable
2,500.00
5,217.00
-

3.11. Secure tenure rights to land
More than 90 per cent of agricultural households in West Java, East Java, and West Nusa Tenggara are
in sustainable agriculture status based on land ownership rights. It is shown by official ownership
documents provided by agricultural households during field data collection. More than 80 per cent of
farmer households in West Java, East Java, and West Nusa Tenggara have official documents in their
names. Only less than 2 per cent of agricultural households in these three provinces that have no formal
document and have no the right to sell or bequeath any of the parcel of the holding.
1.58
West Java

18.39

80.04

1.03
East Java

15.42

83.55

West Nusa Tenggara

1.69
14.69

83.62

Unsustainable

Acceptable

Desirable

Figure 11. Percentage of agricultural households by sustainability status (%) – Sub-indicator
11 (land tenure right)
On average, sustainable agriculture households for this sub-indicator in West Java and East Java
provinces manage a relatively smaller area of agricultural land than unsustainable farming households.
It is presumably because unsustainable agricultural households manage more agricultural land that is
not owned by themselves (lease and others). They cannot show official ownership documents and are
not entitled to sell the agricultural land they cultivate. Unlike agricultural households in West Nusa
Tenggara, households with unsustainable agricultural status have a smaller agricultural land area than
agricultural households classified in sustainable agriculture.
Table 13. Averege of agricultural land hold by agricultural households by sustainability status (m2) –
Sub-indicator 11 (land tenure right)
Province
West Java
East Java
West Nusa Tenggara

Desirable
3,915.05
3,447.27
11,379.53

Acceptable
3,352.53
3,635.04
8,526.92

Unsustainable
5,966.67
4,221.75
5,333.33

4. Conclusion
The analysis of the computation results of eleven sub-indicators of the SDGs 2.4.1 indicator shows that
the sub-indicator 1, with the highest proportion of the unsustainable group, is the reference to draw a
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conclusion about the proportion of agricultural households that do not meet the standard of productive
and sustainable agriculture. Therefore, it can be concluded that the percentage of agricultural households
in West Java that meet the standards of sustainable agricultural practices is 13.31 per cent, and the other
65.50 per cent are below the standards of productive and sustainable agriculture. Meanwhile, the
percentage of agricultural households in East Java that meets the standards of productive and sustainable
agricultural management is around 16.19 per cent. In comparison, the other 76.86 per cent are below the
standard of productive and sustainable agriculture. Only 3.39 per cent of agricultural households in West
Nusa Tenggara meet the criteria for productive and sustainable agriculture, and around 82.49 per cent
are below the sustainable agriculture standard. These figures also imply that most agricultural land in
the three provinces are cultivated below the standards of productive and sustainable agriculture since
the average agricultural land for the unstainable group in each province is the highest among other
groups.
Increasing agricultural land productivity and good management of fertilizer use are the main
concerns for the three provinces to create sustainable agriculture at the household level. For the Province
of West Nusa Tenggara, the guarantee of decent work for unskilled workers in the agricultural sector
also needs to be considered because the level of wages received by these workers is still mainly below
the applicable minimum wage level.
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Abstract. The open unemployement rate is an indicator for measuring unemployment. Banten
Province recorded as the highest on open unemployment rate number in Indonesia on 2018. A
high open unemployment rates indicate serious problems in society. This problem must be
resolved synergistically from the national level to the level of small areas such as sub-districts.
However, data for the small area level has not been fulfilled due to the insufficient number of
samples. We apply spatial EBLUP to estimate the open unemployment rates in the districs of
Banten. Such a method of small area estimation is essential because some districts have small
labor forces and direct estimation for them is not reliable. SEBLUP takes advantage of the
correlation of the neighboring districts. Data that used for direct estimation is from National
Labor Survey (Sakernas) and Village Potential (Podes) 2018. This research showed that
SEBLUP model can increased the precision from direct estimation method or EBLUP. There are
two districts that have highest category of open unemployment rate which are Curugbitung, and
Koroncong.

1. Introduction
Based on the results of population projections in 2015, Indonesia has a population of around 250 million
people with a population growth rate until 2015 reaching 1.38 percent per year. This number makes
Indonesia the fourth most populous country in the world [1]. John Stuart Mill, a philosopher and
economist in the 19th century, argued that the physical capital of a country comes from the quantity of
the population in a country. It happened because if the optimal population quantity will result in high
per capita production. However, another opposite theory regarding population size was proposed by
Malthus. Malthus stated that the available resources, such as land, were even more limited due to the
population growth. This causes an excess of labor supply while the available demand is limited. [2]
explains that the difference between demand and supply is a labor surplus economy.
One of the employment indicators in measuring unemployment is the open unemployment rate. [3]
explains that open unemployment is a condition of really not having a job. Unemployment is a complex
problem that affects and is influenced by many factors that interact following a pattern and are not easy
to understand [4]. One of the problems faced if the open unemployment rate is high is poverty. [5] has
shown that there is a positive relationship between poverty and unemployment so that open
unemployment indicators are always needed to inform labor and social policies that are interrelated with
one another. This linkage is not only related to the interrelationships between policy indicators, but also
the interrelationships between one area and another. This is due to the relationship between the open
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unemployment rate and the wages paid. The wages tend to have similar characteristics between regions.
This is in accordance with the statement of [6], the first law of geography, that something close will
have a stronger effect than something far away.
According to [7] more than 50 percent of the unemployed are in Java compared to outside Java. This
fact is further exacerbated by evidence that Banten Province is always in the top five in the number of
open unemployment rates in Indonesia from 2016 to 2018 and it is often in the first position.
Furthermore, the population is always increasing every year because Banten Province has a growth rate
of 1.94%. If population growth in this province is not accompanied by the provision of jobs, resulting
in excess supply which causes unemployment to increase. Therefore, it is necessary to have a synergistic
response from the national level to small levels, such as the sub-district level, to achieve the targets
listed in the eighth goal of the Global Sustainability Goals (SDG's). This goal is to achieve full and
productive employment for all people and reduce the proportion of young people who are unemployed.
However, the availability of this data is still a problem because the sample available by the National
Employment Survey (Sakernas) is only available at the provincial and district/city levels. This causes
the need for additional samples if you want to use the survey results to estimate the smallest level such
as sub-districts. According to [8], the relationship between sample size and statistical error is inversely
proportional so that the smaller sample that used in the estimation, the greater statistical error will
obtained. If the estimation results are used, or called direct estimation, the statistical error will be even
greater.
Those problems can be solved by using a model-based estimation method or often referred as indirect
estimation. Small Area Estimation (SAE) method is often used for this purpose. The SAE method is an
estimation using information obtained from data collection that does not have errors such as census or
regional registration. [9] explain that the auxiliary variables account for much of the variation in the
unemployment rate. However, phenomena in a region can sometimes be influenced by other regions, so
it is necessary to include regional influences into the model.[10] introduced an estimation model by
incorporating regional elements represented by spatial weights. This model is called the Spatial
Empirical Best Linear Unbiased Predictor (SEBLUP) estimation model. It is said that including spatial
dependence of each area can increased the precision of result of estimation. In this study, we estimate
the open unemployment rate at the Banten Province sub-district level in 2018 using the SEBLUP
estimation model. The results of the estimates obtained will be compared using the relative values of the
root mean square error (RRMSE).
2. Methods
Small Area Model with Spatial Dependence
[11] explained that SAE is an estimation method based on modeling. Two models can be used in the
SAE model, namely the unit model and the area model. The fundamental difference between these two
models is the supporting data used. Area level model proposed by Fay-Herriot. This a linear mixed
model form which include random effect of the area. The model used can be written as:
̂ = 𝑿𝜷 + 𝒁𝒗 + 𝒆
𝜽

(1)

̂ be the 𝑚 × 1 vector of parameter that we interested in, 𝒆 be the 𝑚 × 1 vector of sampling errors
where 𝜽
that follow normal distribution with mean 0 and variance 𝜓𝑖 , 𝛽 be the 𝑝 × 1 vector of fixed effect
parameters, Z be the 𝑚 × 𝑚 matrix of positive constant, and 𝒗 be the 𝑚 × 1 vector of random effects
that follow normal distribution with mean 0 and variance 𝜎𝑣2 𝑰. The Fay-Herriot model assumes
independencies of the effect between areas. However, this assumption sometimes will be violated
because of relation of neighborhood areas. It remains on Tobler’s first law of geography which is stated
that everything close will have an effect than something far away. Based on this theory, vector v can be
manipulated by including value of area correlation which is 𝜌 and proximity matrix of W. Let say there
is an autoregressive between 𝒗, 𝝆, u, and W [12]
𝒗 = 𝝆𝑾𝒗 + 𝒖 ⟺ 𝒗 = (𝑰 − 𝝆𝑾)−1 𝒖

(2)
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where u be the 𝑚 × 1 vector of independent error. Therefore, component v on equation (1) can be
changed with equation (2) into
(3)

̂ = 𝑿𝜷 + 𝒁(𝑰 − 𝝆𝑾)−1 𝒖 + 𝒆
𝜽
Vector v will be following normal distribution with mean 0 and variance G which is [13]
𝑉𝑎𝑟(𝒗)

=
=
=
=
=

𝑇

𝐸 [(𝒗 − 𝐸(𝒗))(𝒗 − 𝐸(𝒗)) ]
𝐸((𝒗𝒗)𝑇
𝑻

𝐸 [((𝑰 − 𝜌𝑾)−𝟏 𝒖)((𝑰 − 𝜌𝑾)−𝟏 𝒖) ]
−𝟏

𝐸 [((𝑰 − 𝜌𝑾)−𝟏 )(𝒖𝒖𝑇 )(𝑰 − 𝜌𝑾𝑻 )
𝜎𝑢2 [(𝑰 − 𝜌𝑾)(𝑰 − 𝜌𝑾)𝑇 ]−1

]
=

G

From that model, it can be obtained the Spatial Best Linear Unbiased Prediction (SBLUP) estimator of
̂ is
𝜽
̂ + 𝒃𝑇𝑖 {𝜎𝑢2 [(𝑰 − 𝜌𝑾)(𝑰 − 𝜌𝑾)𝑇 ]−1 }𝒁𝑇 × {𝑑𝑖𝑎𝑔(𝜓𝑖 ) + 𝒁[𝜎𝑢2 [(𝑰 −
𝒙𝑻𝒊 𝜷
𝑆𝐵𝐿𝑈𝑃
̂
=
𝜃𝑖
̂)
𝜌𝑾)(𝑰 − 𝜌𝑾)𝑇 ]−1 ]𝒁𝑇 }−1 (𝜽̂ − 𝑿𝜷
(5)
̂ = (𝑿𝑻 𝑽−𝟏 𝑿)−𝟏 𝑿𝑻 𝑽−𝟏 𝜽̂ and 𝒃𝑇𝑖 = (0,0, … ,0,0,1, … ,0).However, 𝜎𝑢2 and 𝜌 is often unknown.
where 𝜷
2
̂ 𝑰 which is
Therefore, replacing those components with 𝜎̂
̂ respectively will obtain 𝜽
𝑢 and 𝜌
̂𝑖 𝑆𝐸𝐵𝐿𝑈𝑃
𝜃

=

̂ + 𝒃𝑇𝑖 {𝜎
𝒙𝑻𝒊 𝜷
̂[(𝑰
− 𝜌̂𝑾)(𝑰 − 𝜌̂𝑾)𝑇 ]−1 }𝒁𝑇 × {𝑑𝑖𝑎𝑔(𝜓𝑖 ) +
𝑢
̂)
𝒁[𝜎
̂[(𝑰
− 𝜌̂𝑾)(𝑰 − 𝜌̂𝑾)𝑇 ]−1 ]𝒁𝑇 }−1 (𝜽̂ − 𝑿𝜷
𝑣

(6)

Estimation of Parameters
Suppose a sample 𝑥1 , 𝑥2 , … , 𝑥𝑛 where 𝑁 ∈ 𝑛 is drawn form a population. Maximum likelihood (ML)
is one of the methods for point estimator. According to [14], let say 𝑥1 , 𝑥2 , … , 𝑥𝑛 is independent random
variables with one parameter 𝜃. Then, joint probability density function for this sample is
𝑓(𝑥1 , 𝑥2 , … , 𝑥𝑛 |𝜃). This function can be said as likelihood function and notated as L. The process of
ML by derivate the log-likelihood function for maximizing the parameter. On the other hand, [15] state
that ML process produce bias. This bias can be happened because have not considered loss in degrees
of freedom. So that, REML is modification of ML that eliminate this bias. [16] explained that process
of REML is begin where the observation of 𝒀 is changed by transformation into 𝒀∗ . Transformation of
Y is
𝒀∗ = 𝑨𝑇 𝒀

(7)

where the matrix A is random orthogonal matrix sized 𝑛 × (𝑛 − 𝑝) with p is rank of X Process of
derivate the log-likelihood function is same as ML. The different between these two procedures is the
likelihood function that used. Previously, explained that 𝜎𝑢2 and 𝜌 is often unknown. Those components
will be estimated by REML procedure.
Mean Square Error (MSE)
[17] explained that goodness of value of estimator can be rated from mean square error (MSE)
number. Criteria that expected is the best estimator have a smallest. MSE of SBLUP can be expressed
as [12]
𝑀𝑆𝐸(𝜃̂𝑖𝑆𝐵𝐿𝑈𝑃 (𝜎𝑢2 , 𝜌)) = 𝑔1𝑖 (𝜎𝑢2 , 𝜌) + 𝑔2𝑖 (𝜎𝑢2 , 𝜌)

(8)
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where
𝑔1𝑖 (𝜎𝑢2 , 𝜌) = 𝒃𝑇𝑖 {𝜎𝑢2 [(𝑰 − 𝜌𝑾)(𝑰 − 𝜌𝑾)𝑇 ]−1 }𝒁𝑇 × {𝑑𝑖𝑎𝑔(𝜓𝑖 ) + 𝒁[𝜎𝑢2 [(𝑰 − 𝜌𝑾)(𝑰 −
𝜌𝑾)𝑇 ]−1 ]𝒁𝑇 }−1 𝒁𝜎𝑢2 × [(𝑰 − 𝜌𝑾)(𝑰 − 𝜌𝑾)𝑇 ]−1 𝒃𝑖 and 𝑔2𝑖 (𝜎𝑢2 , 𝜌) = (𝒙𝒊 − 𝒃𝑇𝑖 {𝜎𝑢2 [(𝑰 − 𝜌𝑾)(𝑰 −
𝜌𝑾)𝑇 ]−1 }𝒁𝑇 × {𝑑𝑖𝑎𝑔(𝜓𝑖 ) + 𝒁[𝜎𝑢2 [(𝑰 − 𝜌𝑾)(𝑰 − 𝜌𝑾)𝑇 ]−1 ]𝒁𝑇 }−1 𝑿) × (𝑿𝑇 {𝑑𝑖𝑎𝑔(𝜓𝑖 ) + 𝒁[𝜎𝑢2 [(𝑰 −
𝜌𝑾)(𝑰 − 𝜌𝑾)𝑇 ]−1 ]𝒁𝑇 }−1 𝑿)−𝟏 × (𝒙𝒊 − 𝒃𝑇𝑖 {𝜎𝑢2 [(𝑰 − 𝜌𝑾)(𝑰 − 𝜌𝑾)𝑇 ]−1 }𝒁𝑇 × ({𝑑𝑖𝑎𝑔(𝜓𝑖 ) +
𝒁[𝜎𝑢2 [(𝑰 − 𝜌𝑾)(𝑰 − 𝜌𝑾)𝑇 ]−1 ]𝒁𝑇 }−1 𝑿)𝑇 .
[18] expressed the value of general MSE is
2
𝑀𝑆𝐸(𝜃̂) = 𝐸 [(𝜃̂ − 𝜃) ]

(9)

if it applies to obtain value of 𝑀𝑆𝐸(𝜃̂ 𝑆𝐸𝐵𝐿𝑈𝑃 ) will follow
̂2 , 𝜌̂)) =
𝑀𝑆𝐸(𝜃̂𝑖𝑆𝐸𝐵𝐿𝑈𝑃 (𝜎
𝑣
=
=

2

̂2 , 𝜌̂) − 𝜃 𝑆𝐵𝐿𝑈𝑃 ]
𝐸[𝜃̂𝑖𝑆𝐸𝐵𝐿𝑈𝑃 (𝜎
𝑣
𝑖
𝑆𝐸𝐵𝐿𝑈𝑃
𝑆𝐵𝐿𝑈𝑃
2
̂ , 𝜌̂) − 𝜃
𝐸[𝜃̂
(𝜎
+ 𝜃̂ 𝑆𝐵𝐿𝑈𝑃 (𝜎 2 , 𝜌)
𝑣

𝑖

𝑖

𝑢

𝑖

− 𝜃̂𝑖𝑆𝐵𝐿𝑈𝑃 (𝜎𝑢2 , 𝜌)]

2

𝐸 [(𝜃̂𝑖𝑆𝐵𝐿𝑈𝑃 (𝜎𝑢2 , 𝜌) − 𝜃𝑖𝑆𝐵𝐿𝑈𝑃 )
̂2 , 𝜌̂) − 𝜃̂ 𝑆𝐵𝐿𝑈𝑃 (𝜎 2 , 𝜌))]
+ (𝜃̂𝑖𝑆𝐸𝐵𝐿𝑈𝑃 (𝜎
𝑣
𝑢
𝑖
2
𝐸(𝜃̂𝑖𝑆𝐵𝐿𝑈𝑃 (𝜎𝑢2 , 𝜌) − 𝜃𝑖𝑆𝐵𝐿𝑈𝑃 )

2

2

̂2 , 𝜌̂) − 𝜃̂ 𝑆𝐵𝐿𝑈𝑃 (𝜎 2 , 𝜌))
+ 𝐸 (𝜃̂𝑖𝑆𝐸𝐵𝐿𝑈𝑃 (𝜎
𝑣
𝑢
𝑖
̂2 , 𝜌̂)) =
𝑀𝑆𝐸(𝜃̂𝑖𝑆𝐸𝐵𝐿𝑈𝑃 (𝜎
𝑣

+ 2𝑐𝑜𝑣 [(𝜃̂𝑖𝑆𝐵𝐿𝑈𝑃 (𝜎𝑢2 , 𝜌))
̂2 , 𝜌̂)
− 𝜃 𝑆𝐵𝐿𝑈𝑃 ), (𝜃̂ 𝑆𝐸𝐵𝐿𝑈𝑃 (𝜎
𝑖

−

𝑖

𝑣

𝜃̂𝑖𝑆𝐵𝐿𝑈𝑃 (𝜎𝑢2 , 𝜌))]

(10)

2

It is known that form of 𝐸(𝜃̂𝑖𝑆𝐵𝐿𝑈𝑃 (𝜎𝑢2 , 𝜌) − 𝜃𝑖𝑆𝐵𝐿𝑈𝑃 ) is MSE for 𝜃̂𝑖𝑆𝐵𝐿𝑈𝑃 estimator. Then, correlation
̂2 , 𝜌̂) − 𝜃̂ 𝑆𝐵𝐿𝑈𝑃 (𝜎 2 , 𝜌)) is zero [19]. Value of
between (𝜃̂𝑖𝑆𝐵𝐿𝑈𝑃 (𝜎𝑢2 , 𝜌)) − 𝜃𝑖𝑆𝐵𝐿𝑈𝑃 ), (𝜃̂𝑖𝑆𝐸𝐵𝐿𝑈𝑃 (𝜎
𝑣
𝑢
𝑖
̂2 , 𝜌̂) − 𝜃̂ 𝑆𝐵𝐿𝑈𝑃 (𝜎 2 , 𝜌))] equal to zero. [19] on [12]
2𝑐𝑜𝑣 [(𝜃̂𝑖𝑆𝐵𝐿𝑈𝑃 (𝜎𝑢2 , 𝜌)) − 𝜃𝑖𝑆𝐵𝐿𝑈𝑃 ), (𝜃̂𝑖𝑆𝐸𝐵𝐿𝑈𝑃 (𝜎
𝑣
𝑢
𝑖
2

̂2 , 𝜌̂) − 𝜃̂ 𝑆𝐵𝐿𝑈𝑃 (𝜎 2 , 𝜌)) .
obtained a heuristic approximation for the last term which is 𝐸 (𝜃̂𝑖𝑆𝐸𝐵𝐿𝑈𝑃 (𝜎
𝑣
𝑢
𝑖
2
̂
This approximation called 𝑔 (𝜎 , 𝜌̂). Form of this part is
3𝑖

𝑣

𝒃𝑇𝑖 (𝑪−1 𝒁𝑇 𝑽−1 + 𝜎𝑢2 𝑪−1 𝒁𝑇 (−𝑽−1 𝒁𝑪−1 𝒁𝑇 𝑽−1 ))
2
̂
𝑔3𝑖 (𝜎𝑣 , 𝜌̂) = 𝑡𝑟 {[
]𝑽 ×
𝒃𝑇𝑖 𝑨𝒁𝑇 𝑽−1 + 𝜎𝑢2 𝑪−1 𝒁𝑇 (−𝑽−1 𝒁𝑨𝒁𝑇 𝑽−1 )
𝑇

𝒃𝑇 (𝑪−1 𝒁𝑇 𝑽−1 + 𝜎𝑢2 𝑪−1 𝒁𝑇 (−𝑽−1 𝒁𝑪−1 𝒁𝑇 𝑽−1 ))
̂2 , 𝜌̂)}
[ 𝑖 𝑇 𝑇 −1
] 𝑉̅ (𝜎
𝑣
𝒃𝑖 𝑨𝒁 𝑽 + 𝜎𝑢2 𝑪−1 𝒁𝑇 (−𝑽−1 𝒁𝑨𝒁𝑇 𝑽−1 )

(11)

Therefore, form of MSE(𝜃̂𝑖𝑆𝐸𝐵𝐿𝑈𝑃 ) is
̂2 , 𝜌̂)) ≈ 𝑔 (𝜎̂2 , 𝜌̂) + 𝑔 (𝜎̂2 , 𝜌̂) + 2𝑔 (𝜎̂2 , 𝜌̂)
𝑀𝑆𝐸(𝜃̂𝑖𝑆𝐸𝐵𝐿𝑈𝑃 (𝜎
𝑣
1𝑖 𝑣
2𝑖 𝑣
3𝑖 𝑣

(12)

We compare the relative standard error given by the expression
𝑅𝑆𝐸(𝜃̂) =

̂)
√𝑀𝑆𝐸(𝜃
̂
𝜃

× 100%

(13)
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Better model-based estimator than direct estimator will be used. This estimator should have smaller
value of RSE.
Data and Procedures
The focus of this research is the set of the 155 sub-districts of Banten Province. The data used is
secondary data from the National Labor Survey (Sakernas) Banten Province in August 2018 and Village
Potential Data (Podes) Banten Province in 2018. The software used are R-Studio and Microsoft Excel.
The interest variable is the Open Unemployment Rate (TPT) calculated from Sakernas, while 43
candidate auxiliary variables are taken from Podes. All 43 auxiliary variables were obtained based on a
literature review. Some of literature that are used as a reference for auxiliary variables such as [20],[21],
and [22] The following procedure is an analytical step of this research.
1. Preparation
1. Prepare open unemployment rate (TPT) data from raw dataset come from National Labor
Survey (Sakernas) August 2018.
2. Direct estimation of TPT that used is percentage and also estimation of sampling error
variance for each sub-district. Those two data will be used for indirect estimation Spatial
EBLUP.
3. Count a value of MSE of direct estimation for each sub-district. Value of direct estimator
will be unbiased so the value of MSE will equal to the variance. Then, evaluate the RSE.
2. Building the model
1. Pearson correlation test with purpose to obtain auxiliary variables that have a significant
correlation.
2. Non-multicollinearity assumption test is done with purpose to guarantee there is no high
correlation between each auxiliary variables.
3. Build proximity matrix inverse distance weighting type.
4. Spatial autocorrelation test of direct estimator number
5. Fit a model of SAE Spatial EBLUP by REML method.
6. Count a value of MSE of Spatial EBLUP, then evaluate RSE.
3. Result and Discussion
3.1 Direct Estimation
Banten Province has an average of 2018 open unemployment rate at the sub-district level of 9.575%.
The meaning of this figure is that on average there are around 9 to 10 unemployed individuals out of
100 members of the labor force groups. The lowest value of the open unemployment rate resulting from
a direct estimate is zero or there is one or several sub-districts that have a zero unemployment rate. Then,
the maximum value generated is 71.4% or there are one or several sub-districts with unemployed
individuals of 71 to 72 out of 100 individuals in the labor force group.

Figure 1. Direct Estimation of TPT
However, the interpretation of the lowest (minimum) value for this variable is incorrect because there
are eight sub-districts that have an estimated TPT value equal to zero, also have a variance equal to zero.
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Furthermore, after processing the estimation results, there are also thirty sub-districts that have a
variance equal to zero even though the estimated TPT value is not equal to zero. This is due to the lack
of samples used in the direct estimation process. So the maximum and minimum values generated are
invalid. Therefore, 38 sub-districts were not included in the indirect estimation analysis but were
estimated using synthetic estimates.
3.2 Spatial EBLUP
Next process is doing estimation by SAE Spatial EBLUP. Before building model, it is important to
obtain a strong correlation between auxiliary variables and direct estimator. From forty-three candidate
of auxiliary variables there are ten variables which is significant correlated or have a probability value
less than five percent. These variables are listed in Table 1.
Table 1. Auxiliary variables identity
Name of Variables

Notation

Source

Ratio of electricity user family per 1000 citizens
Ratio of total elementary school per 100 citizens
Total of individual business
Total of Base Transceiver Station tower
Ratio of total small business of wood production per 100 citizens.
Ratio of total small business of food and beverages production per 100
citizens
Ratio of technology developing villages
Ratio of sanitation developing villages
Ratio of education, health and culture developing villages
Ratio of transportation empowerment village

𝑥1
𝑥2
𝑥11
𝑥16
𝑥19
𝑥24

Podes 2018

𝑥28
𝑥29
𝑥34
𝑥35

It is also important to proof that observation data is having spatial autocorrelation. By conducting
Moran’s I spatial autocorrelation, it obtain result of probability value 0.021 which is having conclusion
that observation data is having spatial autocorrelation. This result is required for developing spatial
EBLUP model. On the first stage of model development, all variables enter model. It is known that there
is one variable that significant in significance level of five percent which is x24. Next procedure is to
reduce variables by dropping insignificant variable or significant value near one. By looking Akaike
Information Criteria (AIC) number, it will obtain most parsimony model. The following table is
summary of AIC score and dropped variables on each process.
Table 2. Process of choosing best Spatial EBLUP model
Stage

Variables

AIC

1
2
3
4
5

𝑥1 , 𝑥2 , 𝑥11 , 𝑥16 , 𝑥19 , 𝑥24 , 𝑥28 , 𝑥29 , 𝑥34 , 𝑥35
𝑥2 , 𝑥19 , 𝑥24 , 𝑥28 , 𝑥29 , 𝑥35
𝑥19 , 𝑥24 , 𝑥28 , 𝑥35
𝑥19 , 𝑥24 , 𝑥28
𝑥24 , 𝑥28

670.0626
663.9182
659.4046
658.1535
658.9199

From the result, minimum AIC score will be obtained in the fourth iteration. This model will be used
as indirect estimator of Spatial EBLUP. The following table is summary of regression coefficient,
random effect coefficient, and autoregressive coefficient on minimum AIC score Spatial EBLUP model.
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Table 3. Summary of regression coefficient, random effect coefficient, and autoregressive coefficient
on minimum AIC score Spatial EBLUP model
Variable

̂ 𝑺𝒑𝒂𝒕𝒊𝒂𝒍 𝑬𝑩𝑳𝑼𝑷
𝜷

p-value

Intercept
𝒙𝟏𝟗
𝒙𝟐𝟒
𝒙𝟐𝟖
̂𝟐
𝝈
𝒗
̂
𝝆

9.3293
-4.0391
0.6105
-3.9549
18.4330
0.7878

0.0000
0.0830
0.0218
0.0375
-

This table shows that, it is know that x24 and x28 are significant on significance level of five percent
whereas x19 is significant on significance level of ten percent. Then, value of autoregressive coefficient
is 0.7878 which is showed that there is a strong area correlation on sub-district open unemployment rate.
Descriptive statistics on open unemployment rate based on Spatial EBLUP is presented in Table 4.
Table 4. Summary of estimation result of Banten Province sub-district open unemployment rate based
on Spatial EBLUP model
Statistics
Mean
Minimum
Median
Maximum
Total of Observation

TPT of Spatial EBLUP
8.5720
2.2920
8.0610
25.6190
106 Sub-district

3.3 RSE Comparison
RSE of Estimation
120
100

RRMSE

80

RSE Direct

60

RSE Spatial EBLUP

40
20

3601030
3601100
3601121
3601171
3601191
3602021
3602070
3602140
3602181
3603021
3603051
3603131
3603162
3603190
3604040
3604091
3604190
3604220
3604270
3671020
3671040
3671060
3672021
3672040
3673040
3674020
3674060

0

Figure 2. RSE Comparison Line Graph
RSE of direct estimator, shown in green, has mean 40.2040, minimum 2.0530, and maximum
108.4330. Then, RSE of spatial EBLUP, shown in red, is having mean 29.2770, minimum score 2.0540,
and maximum score 29.1290. By fact, RSE score of spatial EBLUP is lower than direct estimator. So
that, from Figure 2 and previous explanation it can be concluded that spatial EBLUP is more precise
than direct estimator. So, spatial EBLUP model will be used for next analysis which is estimate number
of Banten Province sub-district level open unemployment rate.
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3.4 Implementation of Whole Area Estimation by Selected Model
After selecting better model, next step is doing estimation for whole area estimation by selected model
which is spatial EBLUP. This whole area, 155 sub-districts, includes forty-nine area that not included
on analysis. Each sub-district has a mean of 8.7367% or eight until nine people is being unemployed. It
has a maximum value 25.6187 which is Koroncong sub-district. Then, it has a minimum value 2.2925%
which is Kasemen sub-district. There are two sub-district which has a highest category, shown in purple,
Koroncong and Curugbitung sub-district. Figure 3 presents a thematic map of result of spatial EBLUP
estimation for all sub-district

Figure 3. Result of
indirect estimation of
open unemployment rate
for sub-district in
Banten Province 2018
Based from Figure 3, it is known that there are fifty-two sub-district on first category which is shown
in brown. On this first category, there are twenty-eight sub-district which is on under the value of
national open unemployment rate as big as 5.34%. Therefore, the rest of total from this category is
already on above the value of national open unemployment rate. Then, on the second category, which
is shown in dark-green, there are seventy-six sub-district. Next, on the third category, shown in lightgreen, counted as eighteen sub-district. On the next category, shown in blue, there are seven sub-district.
There are two sub-district on last category, shown in purple, which is the highest category. Overall, from
155 sub-district, there are 127 sub-district which is on above the value of national open unemployment
rate.
4. Conclusion
This study produces an estimate of the open unemployment rate at the sub-district level in Banten
Province in 2018 using the indirect approach (SEBLUP). We have shown that SEBLUP yields estimates
with lower RSE than other alternatives, including direct estimation. Therefore, Spatial EBLUP is a better
method for doing estimation for sub-district level of open unemployment rate in Banten Province. The
result of the analysis can be used by the provincial government of Banten to set the priorities for reducing
highes TPT, such as Koroncong and Curugbitung. The phenomenon of high and low TPT in each subdistrict also shows that there is a spatial correlation between sub-districts. The Banten Provincial
Government can focus on the sub-districts with the highest TPT which will ultimately have a positive
impact on decreasing TPT in other nearby sub-districts.
References
[1] Population
ranking.
(2011,
July
1).
World
Bank
Data
Catalog.
https://datacatalog.worldbank.org/dataset/population-ranking
[2] Fbi, J. C. H., & Ranis, G. (1964). Development of the labor surplus economy: theory and
policy. Development of the labor surplus economy: theory and policy.
[3] Sukirno, S. (2010). Teori Pengantar Makro Ekonomi Edisi Ketiga. Raja Grafindo. Jakarta.

912

Apriliansyah and I Y Wulansari

[4]
[5]
[6]
[7]
[8]
[9]
[10]
[11]

[12]
[13]

[14]
[15]
[16]
[17]
[18]
[19]
[20]
[21]
[22]

Muslim, M. R. (2014). Pengangguran terbuka dan determinannya. Jurnal Ekonomi & Studi
Pembangunan, 15(2), 171-181.
Seran, S. (2017). Hubungan Antara Pendidikan, Pengangguran, Dan Pertumbuhan Ekonomi
Dengan Kemiskinan. Jurnal Ekonomi Kuantitatif Terapan, 10(1), 59-71.
Tobler, W. R. (1976). The geometry of mental maps. Spatial choice and spatial behavior, 69-81.
Andriati, R. D. (2010). Pengangguran dan Kemiskinan. Leuser Cita Pustaka.
Kerlinger, F. N. (1973). Foundations of Behavioral Research. Holt. Rinehart and Winston Inc.
Notodipuro, K. A., Kurnia, A., & Sadik, K. (2008). Statistical Models for Small Area
Estimation. Proceedings The 3rd International Conference on Mathematics and Statistics
(ICoMS-3), 677–684.
Cressie, N. (1993). Statistics for spatial data. John Wiley & Sons.
Dedianto, D. & Wulansari, I. Y. (2018). Aplikasi Small Area Estimation (SAE) Metode PseudoEBLUP Pada Official Statistics di Indonesia Studi Kasus: Estimasi Pengeluaran Rumah
Tangga di Provinsi Jawa Timur Tahun 2016. Jurnal Aplikasi Statistika dan Komputasi
Statistik, 10(2), 33–38.
Pratesi, M., & Salvati, N. (2008). Small area estimation: the EBLUP estimator based on spatially
correlated random area effects. Statistical methods and applications, 17(1), 113-141.
Setyawan, A. (2016). Small Area Estimation Metode Spatial Empirical Best Linear Unbiased
Prediction Untuk Estimasi Persentase Wanita Usia Subur Dengan Fertilitas Tinggi Di
Kabupaten Mamuju Dan Mamuju Tengah [Thesis]. Surabaya: Institut Teknologi Sepuluh
Nopember.
Hogg, R. V., McKean, J., & Craig, A. T. (1995). Introduction to mathematical statistics. Pearson
Education.
Harville, D. A. (1974). Maximum likelihood approaches to variance component estimation and
to related problems. Journal of the American statistical association, 72(358), 320-338.
Callanan, T. P. (1985). Restricted maximum likelihood estimation of variance components:
computational aspects. (Doctoral dissertation). Iowa State University: Iowa.
Rao JNK. (2003). Small area estimation. London: Wiley.
Bain, L. J. Engelhardt. M.(1987). Introduction to Probability and Mathematical
Statistics. California : Duxbury Press
Kackar, R. N., & Harville, D. A. (1984). Approximations for Standard Errors of Estimators of Fixed
and Random Effect in Mixed Linear Models. Journal of the American Statistical
Association, 79(388), 853–862. https://doi.org/10.2307/2288715
Afandi, W. N. (2010). Identifikasi Karakteristik Rumah Tangga Miskin di Kabupaten Padang
Pariaman (Studi Kasus Nagari Malai V Suku). Jurnal Kemiskinan.
Ikbal, M., Mustafa, S. W., & Bustami, L. (2018). Peran Usaha Mikro, Kecil Dan Menengah
Dalam Mengurangi Pengangguran Di Kota Palopo. Jurnal Ekonomi Pembangunan STIE
Muhammadiyah Palopo, 4(1).
Arifin, S., & Firmansyah, F. (2017). Pengaruh Tingkat Pendidikan Dan Kesempatan Kerja
Terhadap Pengangguran Di Provinsi Banten. Jurnal Ekonomi-Qu, 7(2).

913

N Ni’mah and Y Anang

Information System Development of Master’s and Doctoral
Study Task Recommendation Using Fuzzy AHP
N Ni’mah, Y Anang
Politenik Statistika STIS

*Corresponding author’s e-mail: 221709926@stis.ac.id, anang@stis.ac.id
Abstract. In improving quality of employees through education, Statistics Indonesia is assisted
by Education and Training Centre, one of them through the Study Task program at Master's and
Doctoral degrees. Due to the decrease of registrant as candidate participants of this program and
to facilitate employees proposed, information system for providing recommendations Study
Task program is needed. This research aims to provide recommendations to employees who are
highly, moderately or not recommended being able to continue education with Study Task
program using an information system. Decision-making in system is Fuzzy Analytic Hierarchy
Process (Fuzzy AHP) method with assessment criteria, sub-criteria and their weights can be
changed by certain actors. The system was built using the Framework for the Application of
Systems Thinking (FAST) method. The system was evaluated by Black Box Testing with the
results of all functions running well and System Usability Scale with results of 80.71 which
means the system can be received by users. Finally, this system is expected to assist the selection
of employees and provide opportunities for employees who are able to continue their education
with Study Task program efficiently and reduce the subjectivity of the assessment.

1. Introduction
In carrying out its duties and functions, the Statistics Indonesia (Indonesian: Badan Pusat Statistik,
abbreviated as BPS), the national statistical office in Indonesia, must be supported by qualified human
resources. In 2019, out of a total of 16,446 employees, the percentage of human resources with 3-year
Diploma education and below was 29.54 percent, the last education was 4-year Diploma or Bachelor
degree by 54.75 percent, 15.33 percent had a master's degree, and doctoral degree by 0.38 percent [1].
In improving the quality of human resources, statistics Indonesia is assisted by the Education and
Training Centre (Indonesian: Pusat Pendidikan dan Pelatihan, abbreviated as Pusdiklat). The Education
and Training Centre of Statistics Indonesia has many tasks, one of which is to organize the Study Task
program which includes education for Master's and Doctoral degrees.
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Figure 1. Comparison of the target and the realisation of the Study Task
participants 2015-2019 at Statistics Indonesia.
a

Applied in 2015 has not been fully documented on Simdiklat application

As shown in figure 1, during 2015 to 2019 the performance achievements obtained in the indicator
of the number of employees participating in the Study Task financed by Statistics Indonesia tend to
experience a downward trend and are lower than the target according to the strategic plan Education and
Training Centre of Statistics Indonesia for 2015-2019 [2]-[7]. One of the triggers is the reduced
participation of employees in participating in Master's and Doctoral programs with the state budget of
Statistics Indonesia scholarships, resulting in the nomination of Study Task participants that is still less
than the quota. For example, in 2019, no one registered for the Doctoral program in the Bandung Institute
of Technology (Indonesian abbreviation: ITB) [6]. Then in 2020, the proposal of the Study Task for
Master’s and Doctoral scholarship with the state budget by echelon II officials requires an extension of
the deadline up to two times for Master's program and once for Doctoral.

Figure 2. Flowchart of employee selection for Study Task.
The steps of administrative selection and selection of Study Task program candidates can be seen in
figure 2. The first step in the selection, employees begin with notification/offer via mail from the
Education and Training Centre Statistics Indonesia to echelon II officials [2]. Each submission of
proposals for Study Task candidate participants to take part in Master's and Doctoral scholarship
programs, both from Statistics Indonesia sponsored scholarships and from non-Statistics Indonesia
sponsors, must obtain a written proposal and recommendation from an echelon II-level superior [8]. For
this reason, at this step, echelon II officials must be able to select every employee who applies for
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scholarships or provides opportunities for certain employees who have met the eligibility standards in
accordance with their work units.
Study Task screening potential participants in echelon II and Education and Training Centre on the
second and third step of the decision-making related to multiple criteria or Multi-Criteria Decision
Making (MCDM). This decision-making is called so because there are certain criteria or requirements
that determine an employee can be declared eligible for a recommendation being registered and further
selected at the Education and Training Centre of Statistics Indonesia or sponsored by the relevant
scholarship provider to continue his studies with the Study Task program, both Master’s and Doctoral.
However, the decision making so far is still done manually. This has a high risk of subjective decision
making. Due to this, the Fuzzy-MCDM approach can be considered useful for handling inaccurate and
uncertain data [9]. In addition, the Analytical Hierarchy Process (AHP) method also taken into account
because it is considered simple, easy, and very flexible. The AHP process is also used in almost all
MCDM related applications with a hierarchical structure [10]. So that the combination approach is
Fuzzy AHP is considered being able to overcome the uncertainty and inaccuracy of hierarchical decision
making and make the evaluation results more scientific, accurate, and objective [9].
Study Task of Master's and Doctoral program recommendations are based on criteria and sub-criteria
with their weighting in a Decision Support System (DSS) in the form of a web-based information
system. These criteria and sub-criteria are in the form of requirements for Study Task program, staffing
assessments, and work-relatedness. The selection of criteria and sub-criteria along with their weighting
was asked to the respondents through an interview approach. The consistency analysis will use the AHP
method and then proceed with Fuzzy AHP for weighting. Besides being expected as input for echelon
II superiors or related actors being able to provide recommendations for Statistics Indonesia employees
in pursuing further education, it is hoped that this system can also bridge the process between the Human
Resource Bureau and the Education and Training Centre of Statistics Indonesia.
The research objectives being achieved in this research in general are to assist employees in making
decisions that are highly recommended, moderately recommended, or not recommended being able to
continue their education to the Master's and Doctoral degrees with the Study Task program. In achieving
this goal, there are several specific objectives, namely to develop assessment indicators in the form of
criteria and sub-criteria for the weighting of employee assessments for participating in the Master’s and
Doctoral Study Task programs; formulate decision making on the recommendation of Study Tasks in
the form of highly recommended, moderately recommended or not recommended; and build a webbased information system that can be accessed by related actors easily and quickly.
The benefits of the research include selecting every employee who applies for a Study Task
scholarship in a subjective manner that can be measured, provide opportunities for employees who have
met the eligibility standards to continue their education to the Master's and Doctoral degrees with Study
Task, time and cost efficiency in providing recommendations and selecting Study Task participants and
also can be a stepping stone between employee assessment data from the Human Resource Department
and the Education and Training Centre of Statistics Indonesia in assessment for faster selection of Study
Task participants.
In this study, there are research limitations, namely recommendations are given only to Statistics
Indonesia employees for the Study Task program and are limited to Master's and Doctoral degrees; the
results are only in the category of highly recommended, moderately recommended, and not
recommended; the information system built is web-based application; and the Study Task administration
system which consists of the registration process and its management is not covered in this study because
it already available in the existing system.
Research using Fuzzy AHP has been widely used to conduct employee assessments and performance
evaluations. So far there has been no research that uses Fuzzy AHP in assessing employees who are
worthy of being recommended for the Study Tasks program and used in the development of web-based
applications. Therefore, this research can be said to be new in the management of employee assessment
at Statistics Indonesia.
This paper contains 5 sections. Section 1 describes the introduction which include background of
research, problem limitation of the current system, research objectives and proposed system
development. Section 2 describes the related literature review to the Study Task program in Statistics
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Indonesia and about developing web-based application. Section 3 describes methodological analysis
related to research methods and system development methods, and also description of the current system
analysis description to identify problems and system requirements. Section 4 describes implementation
of the recommendation assessment system and web-based information system built. Finally, Section 5
describes the conclusion of the research.
2. Literature Study
2.1. Study Task Program in Statistics Indonesia
According to the Regulation of the Head of the Statistics Indonesia No. 48 year 2012 concerning Study
Task, Study Permit, and Promotion of Adjustment of Civil Servant Diplomas in the Statistics Indonesia,
Study Task is tasks given to employees to attend education, both in at home or abroad with scholarships
covering 4-years Diploma, Bachelor, Master’s, or Doctoral programs. The Study Task program referred
to in this research covers the educational program for the Master’s and Doctoral degrees.
In terms of funding, the Study Tasks organized by the Education and Training Centre consist of the
following scholarship programs.
1. State budget of Statistics Indonesia scholarships, cooperation between BPS and universities in
Indonesia, e.g. University of Indonesia, Bandung Institute of Technology, Gadjah Mada
University, etc.
2. State budget of non-Statistics Indonesia scholarships, scholarship offers from the Ministry of
National Development Planning of the Republic of Indonesia or other ministries/agencies with
state budget.
3. Non-state budget scholarships, scholarship sponsors such as Studeren in Nederland (StuNed) to
study in the Netherlands and Australia Awards Scholarships (AAS), and other countries but are
not offered annually.
4. Independent scholarship sponsor, scholarship sponsors sought by employees themselves with
permission from their echelon II.
Statistics Indonesia employees who will attend education with the Study Task program are required
to qualify the requirements according to the Regulation of the Head of the Statistics Indonesia No. 48
year 2012 are not currently undergoing another educational program, study program as needed, maximal
37 years old for Master’s and 40 years old for Doctoral, minimal Diploma/Bachelor education, 3 years
work experience, 4 years work experience after previous Study Task and qualify the scholarship sponsor
requirements.
In addition, there are other requirements listed in the Master’s and Doctoral Statistics Indonesia
Scholarship Offer Letter. In this paper using a scholarship offer letter in 2020. The requirements are as
follows.
1. General Requirements
General requirements include 4 years work experience after previous Study Task, proposed by
echelon II level, only one study program, completed and submitted a medium-term and longterm project report, statement letter not currently undergoing another educational program and
study program is linear with work units.
2. Special Requirements
Special requirements are requirements that nature can be different for each university, year, and
sponsorship. In 2020, requires a minimal GPA of 3.00, qualify age requirements, qualify English
test (TOEFL, IELTS, ELPT and the others) minimal score, qualify Academic Potential Test score
of Ministry of National Development Planning of Indonesia, make a thesis proposal plan and
preferably in linear majoring.
3. Other Requirements
Other requirements include women are not pregnant when registration and education period, only
provides travel costs for first participants calling, ready being placed anywhere according to the
needs of the organization.
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2.2. Analytical Hierarchy Process (AHP)
The Analytic Hierarchy Process is a multi-criteria decision making approach in which factors are
arranged in a hierarchic structure descending from an overall goal to criteria, sub-criteria and alternatives
in successive levels [11].
The AHP method is used to check consistency. The use of AHP includes the following steps.
1. Define the problem and determine the goal or solution being achieved.
The problem being solved is described in a clear, detailed, and easy-to-understand way to find
a suitable solution for the problem. Solutions to a problem may amount to more than one
solution. The solution to this problem is further developed at a later step.
2. Arrange the problem into a hierarchical structure.
Problems are arranged in a multilevel or hierarchical form so that complex problems can be
viewed from a detailed and measurable side. The hierarchical structure starts with a general goal
with the criteria below it, if needed can be continued with sub-criteria, and possible alternatives
at the lowest level. The hierarchical structure of the AHP method can be seen in figure 3.

Figure 3. Hierarchical structure
3. Create a pairwise comparison matrix.
Pairwise comparison matrix is a matrix that describes the relative contribution or influence of
each element to each goal or criterion at the level above it. This matrix is able to analyse the
sensitivity of the overall priority to changes in considerations. Comparisons are made based on
the considerations of decision makers by assessing the level of importance between an element
compared to other elements.
4. Do pairwise comparisons.
The result of the comparison of each element will be a number from 1 to 9 which shows the
comparison of the level of importance of an element in the pairwise comparison matrix. If the
elements in the matrix are compared with themselves, then the result of the comparison is 1.
5. Determine the relative weight of each element with eigenvalue.
Each column of the matrix is summed, dividing each value of the column by the corresponding
column total to obtain a normalized matrix, then summing the values of each row and dividing
by the number of elements to obtain the average to obtain the priority vector (eigenvector). The
eigenvector (W) is a non-zero column vector which when multiplied by a pairwise comparison
matrix A of size n × n will produce another vector that has a multiple of the eigenvector itself.
Each eigenvector is multiplied by each element at the lowest hierarchical level and summed to
obtain the priority weight value (eigenvalue). The eigenvalue (𝜆) is the characteristic value of a
pairwise matrix A of size n × n. The maximal eigenvalue (𝜆max) is obtained by adding up the
result of multiplying the number of columns with the eigenvector. The equation of calculating
eigenvector is shown in the formula (1).
𝐴 × 𝑊 = 𝜆𝑚𝑎𝑥 × 𝑊

(1)

6. Checking the consistency of the hierarchy (Consistency Ratio).
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AHP measures the Consistency Ratio (CR) by looking at the Consistency Index (CI). The
expected consistency is a consistency that is close to perfect, which is less than 10 percent in
order to produce a decision that is close to valid. If the CR value is more than 10 percent, then
the pairwise comparison assessment must be corrected. Where n is the number of elements
(criteria and sub-criteria) and known to us, the CI and CR equations are shown in the formula
(2) and (3).
CI =

𝜆𝑚𝑎𝑥 − 𝑛
𝑛−1

(2)

CI
RI

(3)

CR =

The consistency ratio is obtained by comparing the CI with the random generator value or
Random Index (RI). The RI values were issued by the Oakridge Laboratory with details of the
values shown in table 1.
Table 1. Random Index (RI) values.
n
RI

1
0.00

2
0.00

3
0.58

4
0.90

5
1.12

6
1.24

7
1.32

8
1.41

9
1.45

10
1.49

2.3. Fuzzy Analytical Hierarchy Process (Fuzzy AHP)
The Fuzzy AHP model used in this study is the Chang model [12]. The essence of this method lies in
pairwise comparisons that explain the relative changes between pairs of decision elements in the same
hierarchy with AHP. The comparison uses a ratio scale associated with the value of the Fuzzy scale. The
combined Fuzzy and AHP approach is considered capable of overcoming the uncertainty and inaccuracy
of hierarchical decision making and making the evaluation results more scientific, accurate, and reduce
high subjectivity [10] If a consistent comparison value with AHP method has been obtained, it will be
continued with Fuzzy AHP method which will be described briefly as follows.
1. Define the problem and determine the goal or solution being achieved.
The hierarchical structure used at this step is the same as the hierarchical structure in the AHP
method.
2. Create a pairwise comparison matrix with the transformation Triangular Fuzzy Number scale.
The pairwise comparison matrix between criteria at this step is the development of the pairwise
comparison matrix in the AHP method. The Triangular Fuzzy Number (TFN) are used to
approach the AHP scale so that a more flexible pairwise comparison value is obtained with the
matrix values of 2 linear functions on either side with lower (l), middle (m), and upper (u) values;
and positive reciprocal TFN or inverse of TFN denoted by (1/u, 1/m, 1/l). The TFN scale can
be seen in table 2.
Table 2. Fuzzy interest rate comparison scale.
AHP
scale of
interest
1
2
3
4
5
6
7
8
9

Linguistic variables
Both elements are equally important
Intermediate
One element is less important than the other
Intermediate
One element is important than the other
Intermediate
One element is more important than the other
Intermediate
One element is absolutely more important
than the other

Triangular
Fuzzy Number
(TFN)
(1, 1, 1)
(1/2, 1, 3/2)
(1, 3/2, 2)
(3/2, 2, 5/2)
(2, 5/2, 3)
(5/2, 3, 7/2)
(3, 7/2, 4)
(7/2, 4, 9/2)
(4, 9/2, 9/2)

Reciprocal
(1, 1, 1)
(2/3, 1, 2)
(1/2, 2/3, 1)
(2/5, 1/2, 2/3)
(1/3, 2/5, 1/2)
(2/7, 1/3, 2/5)
(1/4, 2/7, 1/3)
(2/9, 4, 2/7)
(2/9, 2/9, 1/4)
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For l-m-u is TFN value, 1/u-1/m-1/l is reciprocal TFN value, a is importance level of first
criterion compared to second criterion and n is number of element of criteria, an overview of
the pairwise comparison matrix of Fuzzy AHP can be seen in table 3.
Table 3. Fuzzy AHP pairwise comparison matrix.
l
Criteria 1
Criteria 2
Criteria ...
Criteria n

1
1/a12u
...
1/a1nu

Criteria 1
m
u
1
1/a12m
...
1/a1nm

1
1/a12l
...
1/a1nl

l
a12l
1
...
1/a2nu

Criteria 2
m
u
a12m
1
...
1/a2nm

a12u
1
...
1/a2nl

l

Criteria ...
m

u

l

Criteria n
m
u

…
...
1
...

...
…
1
...

...
...
1
...

a1nl
a2nl
...
1

a1nm
a2nm
...
1

a1nu
a2nu
...
1

3. Determine the synthesis value fuzzy priority.
Based on the extended method analysis, each of the criteria and alternatives were taken and
analysed to obtain an extension of an object.
4. Specifies the vector value.
The weight value for each criterion uses a comparison of the degree of probability between
Fuzzy numbers. For 2 TFN of M1 = (𝑙2 , 𝑚2 , 𝑢2 ) and M2 = (𝑙1 , 𝑚1 , 𝑢1 ) with degree of
probability M1 ≥ M2 , the probability level for convex Fuzzy numbers can be obtained by
formula 4.
1
0
𝑉(M1 ≥ M2 ) = {
𝑙1 − 𝜇2
(𝑚2 − 𝜇2 ) − (𝑚1 − 𝑙1 )

, if 𝑚2 ≥ 𝑚1
, if 𝑙1 ≥ 𝜇2
, others

(4)

The comparison between 2 TFN numbers can be depicted in figure 4 where d is the highest
intersection between 𝜇𝑀1 and 𝜇𝑀2 .

Figure 4. The intersection between M1 and M2 on Fuzzy AHP.
It is assumed that:
𝑑 ′ (𝐴1 ) = min𝑉(𝑀1 ≥ 𝑀𝑘 ) for 𝑘 = 1, 2, 3, … , 𝑛; 𝑘 ≠ 𝑖

(5)

Then, the value of the weight vector is defined:
𝑇

𝑊 ′ = (𝑑 ′ (𝐴1 ), 𝑑 ′ (𝐴2 ), … , 𝑑 ′ (𝐴𝑛 )) ….

(6)

5. Normalization of Fuzzy weight vector values.
Normalization of vector values or priority values is important to facilitate interpretation and so
that the values in the vectors are allowed being analogous to weights consisting of non-fuzzy
numbers. Then the weight vector is obtained in formula 7.
𝑇

𝑊 = (𝑑(𝐴1 ), 𝑑(𝐴2 ), … , 𝑑(𝐴𝑛 ))

(7)

After obtaining the normalization of the vector weights for each criterion, sub-criteria, and
alternatives, proceed with the composite calculation and obtain the results of the calculation
process using the Fuzzy AHP method.
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3. Methodology
3.1. Recommendation System Analysis Method
The process of providing recommendations to Study Task candidate participants must be based on the
Study Task requirements and other additional requirements. This decision-making analysis method is
considered being represented by the AHP algorithm for checking consistency and the Fuzzy AHP
algorithm used in assigning weight values. Furthermore, the feasibility of each alternative or Study Task
candidate participant is determined using the weight value that has been obtained. The flow of the
analytical method in this study is shown in figure 5.

Figure 5. The flow of using Fuzzy AHP in the analysis method.
3.2. System Information Development Analysis Method
The system development method used in this research is the Framework for the Application of Systems
Thinking (FAST). FAST method is a hypothetical methodology that shows a representative system
development process [13]. The steps in the development system using FAST are described as follows.
1. Scope Definition
The scope of this research includes the development of an information system for providing
recommendations for Study Task specifically for employees of the Statistics Indonesia as well
as compiling assessment indicators in providing recommendations to Study Task candidate
participants that are measurable. The Study Task program covered is limited to the Master’s and
Doctoral levels of education.
2. Problem Analysis
The analysis was obtained by data collection methods in the form of literature studies,
interviews, and questionnaires. Literature study to observe problems, topics, and appropriate
methodologies. Interview with 2 subject matters, there are the head of the General and IT
Division of the Education and Training Centre, also echelon II-level work units represented by
employees from the Human Resource and Legal Subdivision of the Statistics Indonesia South
Kalimantan Province to explore the problems, obtain Study Task assessment criteria and subcriteria, and obtain weighted scores from the criteria and sub-criteria. Questionnaires related to
system testing evaluation were aimed at 8 respondents. The questionnaire used for system
testing and evaluation uses Black Box Testing and System Usability Scale (SUS).
3. Requirements Analysis
The system created is mapped within the PIECES framework being able to identify data,
processes, and the interface of the proposed system. This identification can be done by means
of observation or previous interviews. The PIECES analysis is shown in table 4.
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Table 4. Requirement analysis with PIECES.
Analysis of
Current System
Performance There is no system that can provide
assessments and recommendations from
Study Task registrants for postgraduate
and postgraduate Study Task.
Information The data for making recommendations
have not been well documented.
Economics

Control

Efficiency

Services

Study Task registrants for master's and
doctoral degrees need to spend money
and time to get a letter of
recommendation to a superior at echelon
II level and send it to the Education and
Training Centre.
There may be errors in providing
recommendations because the assessor
only assesses the completeness of the
file, not details in meeting the
requirements.
The assessment carried out by superiors
at the echelon II level is still insufficient,
has a high risk of subjectivity, and is
inefficient if it does not look at the
fulfilment of other requirements and
criteria.
There is no evaluation service for
registrants for S2 and Doctoral Study
Task participants at echelon II level.

Proposed system
Recommendations for Master's and
Doctoral Study Task participants can be
seen from the assessment with a system that
can be used as a tool for decision making.
The data for giving recommendation
decisions can be documented and it is
known how the assessment process is.
Study Task registrants for Master's and
Doctoral do not need to spend a lot of money
and time to get a letter of recommendation
from their superior at echelon II level.
The error rate is reduced by an assessment
that looks at the fulfilment of the
requirements and the consideration of the
weight of the criteria in providing
recommendations.
The subjectivity of the assessment carried
out by superiors at the echelon II level is
attempted being minimized and can see a
measurable and more efficient assessment.
The system provides facilities for providing
recommendations for registrants for
Master's and Doctoral Study Task
participants at echelon II and Education and
Training Centre levels so that they can
provide evaluations to applicants who have
not been accepted.

4. Logical Design
The results of the business needs analysis are translated into system models that only describe
business requirements. Logical design is mentioned in table 4 column Proposed System and
described in the form of a use-case diagram. The use case diagram for the proposed system is
presented in figure 6. In the use case diagram, it can be seen that the system can be used by four
actors or role users, namely Admin, Supervisor, Assessor, and Participants including site
visitors. The supervisor team consists of the Education and Training Centre and the Selection
Team for Institutional Training and Education Participants (Indonesian abbreviation: TSPDI).
The assessment team consists of echelon II officials. In addition, there are also Administrators
as system managers and Participants.
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Figure 6. Use-case diagram of the proposed system.
5. Decision Analysis
The recommendation system will be built using a web-based application. Users can access the
web by connecting to a web server via the internet. In addition to providing a system view, the
web server also stores all the data used in the system's business processes in the database server.
6. Physical Design and Integration
Physical design is made in database design and interface design. The database design is made
in Entity Relationship Diagram (ERD) as shown in figure 7. In the database there are 14 main
tables for login users, assessments of Fuzzy AHP and employee data for Study Task candidate
participants. The interface design is made with the help of the Figma application.
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Figure 7. Entity Relationship Diagram (ERD).
7. Construction and Testing
At this step, databases, application programs, and interfaces are built, implemented and system
testing is carried out on its components to determine the level of user acceptance of the new
system. The system trial in this study used Black Box Testing and the SUS questionnaire. This
testing was conducted on 8 respondents from 3 actors (Supervisor, Assessor, and Participant).
After testing the entire system, the system is ready being implemented.
8. Installation and delivery
At this step the system that has been built will be operated. Applications that are ready being
sent to the server and given training to users regarding the use of the system that has been built,
as well as developing documentation.
4. Implementation System
4.1. Recommendation System Implementation
In the development of the recommendation system, the assessment indicators in the form of criteria and
sub-criteria are compiled from the various Study Task program and staffing assessment requirements
used, then selected criteria that can represent and allow for implementation. In the developed web-based
information system, indicator weights can be filled dynamically. For this reason, data on criteria, subcriteria, and their weighting in calculating the recommendation system in writing this paper is a form of
initiation in which there are 4 criteria and 16 sub-criteria. The initiation indicators that are formed from
the provision of recommendations for Study Tasks for Master’s and Doctoral degrees at Statistics
Indonesia are as follows.
1. Performance of employees, consisting of:
a. Employee Work Target (Indonesian abbreviation: SKP)
b. Work Behaviour
2. Mandatory requirements, consisting of:
a. Age
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b. Rank
c. Working period after being appointed as an employee
d. Active working period after previous Study Task
e. Participation in Leadership Training
f. Medium term project
g. Long term project
3. Special requirements, consisting of:
a. Grade Point Average (GPA)
b. English scores (TOEFL, IELTS, TOEIC and the others)
c. Academic Potential Test score of Ministry of National Development Planning of Indonesia
4. Job related, consisting of:
a. Can leave job temporarily
b. Not pregnant
c. Suitability of study program
d. Requirements of the work unit
The indicators in the form of criteria and sub-criteria are arranged in a hierarchical form as shown in
figure 8.

Figure 8. Hierarchy of assessment recommendations for Master’s and
Doctoral Study Tasks program.
Each criterion and sub-criteria are described in the form of questions and answer choices. One subcriteria for one question with three answer choices is called an alternative grade. The form of the
question and the answer choices are as follows.
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Table 5. Form of the question and the answer choices for each sub-criterion.
Grade A
(highly
recommended)
Good
(76-100)

Answer Choice
Grade B
(moderately
recommended)
Fair
(51-75.99)

Grade C
(not
recommended)
Poor
(0-50.99)

Good
(76-100)

Fair
(51-75.99)

Poor
(0-50.99)

Less than 36
years old
(Master's), less
than 39 years
old (Doctoral)
Above Young
Arrangers
group III/a
More than 3
years

36-37 years
(Master's), 3940 years
(Doctoral)

More than 37
years
(Master's), more
than 40 years
(Doctoral)
Under Young
Arrangers
group III/a
Less than 2.5
years

How long is the active working period
of a Study Task candidate participant
after the previous Study Task? (If not,
calculated from long after last
education)
How is the participation in the
Education and Training Centre of
Statistics Indonesia Leadership
Training?
Has the medium-term change project
report of the Study Task candidate
participants been completed?

More than 4
years

3.5 to 4 years

Less than 3.5
years

It's done

Undergoing

Not yet/no

It's done

Undergoing

Not yet/no

Has the long-term change project
report of the Study Task candidate
participants been completed?
What is the GPA from the last
education of the Study Task candidate
participants?
What is the grade of the English
proficiency test scores (TOEFL,
IELTS, TOEIC, etc.) of the Study
Task candidate participants?

It's done

Undergoing

Not yet/no

Above 3.20

3.00 to 3.20

Less than 3.00

TOEFL iBT
>78, or TOEFL
CBT >210, or
TOEFL ITP
>547, or
TOEIC >600,
or IELTS >6

What is the grade of the Academic
Potential Test score by the Ministry of
National Development Planning of
Indonesia?

Above 544

TOEFL iBT 5678, or TOEFL
CBT 151-210,
or TOEFL ITP
450-547, or
TOEIC 500600, or IELTS
5-6
475 to 544

TOEFL iBT
<56, or TOEFL
CBT <151, or
TOEFL ITP
<450, or
TOEIC <500,
or IELTS <5, or
ELPT ITB <77
Less than 475

Sub-criteria

Question

Employee
Work Target

What is the last Employee Work
Target score of the Study Task
candidate participants?
What was the final Work Behaviour
score of the Study Task candidate
participants?
How old are the Study Tasks program
candidates at this time?

Work
Behaviour
Age

Rank

What is the rank of the current Study
Task candidate?

Working
period after
being
appointed as
an employee
Active
working
period after
previous
Study Task
Participation
in Leadership
Training

How long has the Study Task
candidate participant worked since he
was appointed as an employee?

Medium term
project
Long term
project
Grade Point
Average
(GPA)
English
scores

Academic
Potential Test
score

Young
Arrangers
group III/a
2.5 to 3 years
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Sub-criteria

Question

Can leave job
temporarily

Are Study Task candidate participants
considered able to leave their jobs
during the education period?
Are the Study Task candidate
participants not pregnant or planning
to become pregnant during the Study
Tasks education period?
Is the study program chosen by the
Study Task candidate participant in
accordance with the needs of the
organization or field of work?
Is the education at the Master’s or
Doctoral level of the candidate
participants needed by the work unit?

Not pregnant

Suitability of
study
program
Requirements
of the work
unit

Grade A
(highly
recommended)
Yes

Answer Choice
Grade B
(moderately
recommended)
Uncertain

Grade C
(not
recommended)
No

Yes

Uncertain

No

Yes

Uncertain

No

Urgently
needed

So-so

Not needed

First, check the consistency of the weights between criteria. The criteria are coded “K” in the order
based on figure 8. The steps for checking consistency with AHP are described as follows.
1. AHP pairwise comparison matrix and its sum
Table 6. AHP pairwise comparison matrix of criteria.
Criteria
K1
K2
K3
K4
Total

K1
1.000
1.000
1.000
1.000
4.000

K2
1.000
1.000
0.333
0.333
2.667

K3
1.000
3.000
1.000
1.000
6.000

K4
1.000
3.000
1.000
1.000
6.000

2. Criteria weighting matrix and eigenvector
Table 7. Weighting of each criteria matrix.
Criteria

K1

K2

K3

K4

K1
K2
K3
K4

0.250
0.250
0.250
0.250

0.375
0.375
0.125
0.125

0.167
0.500
0.167
0.167

0.167
0.500
0.167
0.167

Weight AHP or
eigenvector
0.240
0.406
0.177
0.177

3. Matrix normalization and eigenvalue
Table 8. Normalization of each criteria matrix.
Criteria
K1
K2
K3
K4

K1
0.240
0.240
0.240
0.240

K2
0.406
0.406
0.135
0.135

K3
0.177
0.531
0.177
0.177

K4
0.177
0.531
0.177
0.177

Total or eigenvalue
1.000
1.708
0.729
0.729
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4. Matrix to calculate consistency
Table 9. Matrix for calculating consistency.
K1
K2
K3
K4

4.174
4.205
4.118
4.118

5. Counting consistency
Maximal eigenvalue = 4.154
CI
= 0.051194614
RI
= 0.90
CR
= 0.056882904
The conclusion that can be drawn from this AHP calculation is that because the CR is less than 10
percent, it can be said that the weight is consistent. The same steps are also used to check the consistency
of the sub-criteria.
Consistent weights will be continued by obtaining a weighted assessment using the Fuzzy AHP
method. The steps for obtaining the weighted assessment with Fuzzy AHP for the weights between
criteria are described as follows.
1. Pairwise comparison matrix with TFN scale
Table 10. AHP pairwise comparison matrix of criteria.
Criteria
K1
K2
K3
K4

l
1.00
1.00
1.00
1.00

K1
m
1.00
1.00
1.00
1.00

u
1.00
1.00
1.00
1.00

l
1.00
1.00
0.50
0.50

K2
m
1.00
1.00
0.67
0.67

u
1.00
1.00
1.00
1.00

l
1.00
1.00
1.00
1.00

K3
m
1.00
1.50
1.00
1.00

u
1.00
2.00
1.00
1.00

l
1.00
1.00
1.00
1.00

K4
m
1.00
1.50
1.00
1.00

u
1.00
2.00
1.00
1.00

2. Calculation of Fuzzy Synthetic Extend (Si) value components
Table 11. Calculation of Fuzzy Synthetic Extend value components.
Criteria
K1
K2
K3
K4

Comparison Value
l
4.000
4.000
3.500
3.500

m
4.000
5.000
3.667
3.667

Total

u
4.000
6.000
4.000
4.000

l
m
u
15.000 16.333 18.000

Reverse and Ascending
Order
l
m
u
0.056 0.061 0.067

3. Fuzzy weight of each criterion
Table 12. Fuzzy weight of each criterion.
Criteria
K1
K2
K3
K4

l
0.222
0.222
0.194
0.194

m
0.245
0.306
0.224
0.224

u
0.267
0.400
0.267
0.267
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4. Comparison of synthetic extend values, weight vectors and normalization
Table 13. Comparison of synthetic extend values, weight vectors and normalization.
Criteria
K1
K2
K3
K4

K1 ≥
0.421
1.000
1.000

Vector weight
K2 ≥
K3 ≥
1.000
0.685
0.353
1.000
1.000
1.000

K4 ≥
0.685
0.353
1.000

Normalization
Min.
Weight
0.4206
0.1979
1.0000
0.4704
0.3525
0.1658
0.3525
0.1658

The weight column in table 13 is the weight value for each criterion. In the condition of the weighted
data being tested, it can be interpreted that the Employee Performance criteria weighs 0.1799; the criteria
for the Mandatory Requirements have a weight of 0.4704; as well as the criteria for Special
Requirements and criteria for Job Related which have the same weight of 0.1658. In this case, the
Mandatory Requirements criteria have the greatest priority than other criteria.
The same calculation method also applies to the sub-criteria. An example of the weighting of the
criteria and sub-criteria entered into the hierarchy is presented in figure 9.

Figure 9. Hierarchy of assessment recommendations for Study Tasks with weights.
Employees or candidate participants in Study Tasks are assessed by giving a grade (answer) for each
question. Each answer given, whether the answer or grade A, B, or C produces a grade weight. Grade
A has a weight value of 1, grade B has a value of 0.2769, and grade C has a value of 0.0612. Each of
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these scores will be a score for each answer choice chosen during the assessment. These are multiplied
and added incrementally to produce the value of the weights. The value of this weight is the
recommended weighting value for each Study Task candidate participant. The category of the
recommended value used is:
1. The “highly recommended” category is given to the value of potential participants from 0.50 to
1.00;
2. The category of “moderately recommended” is given to the value of candidate participants from
0.25 to 0.49;
3. The category of “not recommended” is given to the value of candidate participants from 0.00 to
0.24. As an additional rule, if in the assessment of a Study Task candidate participant there is at
least one grade C, then the candidate participant is declared "not recommended".
4.2. System Information Development Implementation
The hardware specifications used by the developer are HP 14-cm0xxx Laptop, AMD Ryzen 3 2200U
Processor with Radeon Vega Mobile Gfx 2.5GHz, 4096 MB RAM, and 1 Terabyte hard disk drive.
While the software used includes the Windows 10 operating system, PHP programming language
version 7.4.15 with CodeIgniter 4 framework, text editor with Visual Studio Code, Database
Management System with MySQL phpMyAdmin version 5.0.4, XAMPP server version 3.2.4, Adminty
for user interface templates, and the Google Chrome web browser.
In general, the assessment steps with information system are:
1. Login to the application.
2. Supervisors can change the criteria, sub-criteria or their weights.
3. Assessors can add Study Task candidate participants.
4. Study Task candidate participants can answer several questions related to the assessment.
5. Assessors can assess Study Task candidate participants in full or complete several questions.
6. Assessors and Supervisors can see the results of providing system recommendations.
7. Assessors and Supervisors can evaluate the implementation of the selection of prospective
Study Task participants.
Furthermore, several implementations of the display of the recommendation system will be presented
in Indonesian. There is a landing page that is visited by the user first before accessing the next page. On
the landing page there is a menu to login, information to visitors, and instructions for using the system.
The interface implementation of the landing page is shown in figure 10.

Figure 10. Implementation of landing page.
There are three user main roles that can log in, namely Supervisor, Assessor, and Participants. The
menu sidebar of the three user roles is shown in figure 11, figure 12 and figure 13.
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Figure 11. Menu of Supervisor. Figure 12. Menu of Assessor.

Figure 13. Menu of Participant.

Supervisors can access the data page and weights for criteria, sub-criteria, and grades alternative, as
well as provide a final assessment. Implementation of the interface from the criteria data page and the
weighting criteria as shown in figure 14 and figure 15.

Figure 14. Implementation of criteria data interface.

Figure 15. Implementation of weighting criteria interface.
Assessors can access the assessment page and see the weighting process for each Study Task
participant candidate. The interface implementation of this page is as shown in figure 16.
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Figure 16. Implementation of weighting process assessment interface.
Participants can access the assessment input page to fill out answers to several questions.
Implementation of the interface of these pages shown in figure 17.

Figure 17. Implementation of candidate participant assessment interface.
4.3. System Information Testing
System information is tested using Black Box Testing and SUS. Black box testing aims to test the
functionality of the system without looking at the internal code structure and detailed information of
the software being tested. The test results with the Black Box Testing in table 14 show that all
functions in the system run well according to the scenario.
Table 14. Black Box Testing result.
No.
Scenario testing
1. Show landing page
2.
3.
4.
5.
6.

Role user
Supervisor, Assessor
and Participant
Do login
Supervisor, Assessor
and Participant
Display data criteria and criteria weight
Supervisor and Assessor
Add, edit and delete criteria
Supervisor
Change criteria weight and display weighting process after
Supervisor
criteria weights is consistent.
Display data sub-criteria and sub-criteria weight
Supervisor and Assessor

Results
Success
Success
Success
Success
Success
Success
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No.
Scenario testing
7. Add, change, and delete sub-criteria
8. Change sub-criteria weight and display weighting process
after sub-criteria weights is consistent.
9. Display data and weights of grade alternative

Role user
Supervisor
Supervisor

Results
Success
Success

Supervisor and Assessor Success

10. Add and delete data on Study Task candidate participants
11. Add assessment (answer questions) to candidate
participants

Assessor
Success
Assessor and Participant Success

Testing with SUS questioner aims to evaluate the extent to which the system can be used by users to
achieve goals with 10 questions and 5 answer choices. The results of the testing with SUS in table 15
show an average result of 80.71 which means it is included in the excellent category (grade B), and is
worth more than 68 which means the system is acceptable to users and feasible to use.
Table 15. SUS testing result.
Respondents
1
2
3
4
5
6
7
8

1

2

3

4

5
4
4
4
4
5
4
5

2
1
2
3
1
2
1
1

4
5
4
4
4
5
5
5

1
1
1
1
1
1
1
2

Question
5
6
5
4
5
4
5
5
3
5

1
2
2
4
2
2
2
1

7

8

9

10

4
4
3
4
4
4
4
5

2
1
2
2
1
1
2
1

5
4
3
4
4
5
3
5

3
1
1
3
3
2
3
2

Total

Total×2.5

Results

34
35
31
27
33
36
30
38

85
87.5
77.5
67.5
82.5
90
75
95

80.71

5. Conclusion
Based on the analysis research, process of providing recommendations to Study Task candidate
participants has a risk with high subjectivity decision making. Therefore, it is necessary to develop an
Information System for Providing Recommendations for Study Task on Master's and Doctoral
Educational Levels at Statistics Indonesia. A recommendation system has been built that can assess
Study Task candidate participants using indicators in the Fuzzy AHP method which is based on the
Study Task Requirements in the Regulation of the Head of the Statistics Indonesia No. 48 year 2012,
Master’s and Doctoral Statistics Indonesia State Budget 2020 Scholarship Offer Letter, and adjustments
to requires through interviews. The indicators of the assessment and their weights in the information
system are can be changed by certain actors. As an initiation, there are 4 criteria and 16 sub-criteria with
3 grade alternatives. This system can provide decisions on Study Task candidate participants in the form
of highly recommended, moderately recommended, and not recommended. A web-based system has
been built with evaluation results using the Black Box Testing showing that all functions on the system
are running well, evaluation using the SUS (System Usability Scale) questionnaire which gives 80.71
results, which means the system can be well received by users and help decision makers by recommend
candidates with reduce the subjectivity of the assessment.
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Abstract. Food insecurity is a global issue that’s concern not only in poor and developing
countries, but also in developed countries. Its conditions have worsened since the beginning of
the Covid-19 pandemic where social restrictions and economic contraction caused many people
to lose their jobs, incomes, and increased poverty. DKI Jakarta was one of the most economically
affected provinces at the beginning of the Covid-19 pandemic where economic growth in the
first quarter of 2020 recorded grow 5.06 percent year on year (the lowest in the last ten years)
and slowed down by 0.56 percent overall quarter to quarter, and an increase of poverty 1.11
percent, the highest in Indonesia. This study examines the effect of household characteristics in
DKI Jakarta on their food insecurity status at the beginning of the Covid-19 pandemic. The data
used is the March 2020 Susenas which was analyzed descriptively and inferentially using firth
logistic regression. The results showed that there were 4.47 percent of households in DKI Jakarta
had food insecurity status at the beginning of the Covid-19 pandemic. In general, households
with food insecurity status are poor, don’t have social security, the head of the household doesn’t
work and less than high school education.

1. Introduction
Food insecurity is a global issue that is of concern not only in poor and developing countries, but also
in developed countries (Conceicao et al., 2016). The alleviation of food insecurity was stated in several
points of the Sustainable Development Goals (SDGs): no hunger and no poverty. These SDGs target
was also ratified by the Government of Indonesia in the 2015-2019 national medium-term development
plan (RPJMN) through economic independence, one of which is by increasing food welfare, also in the
2020-2024 RPJMN through the mission of inclusive economic development for fair and equitable, one
of which is with food supply.
Food insecurity is a condition of inability to access sufficient and nutritious food for normal and
healthy growth for development of the body due to unavailability of food and/or lack of resources to
obtain food (FAO, 1998). Specifically, the United States Department of Agriculture (USDA) states that
food insecurity refers to the lack of financial resources available to access food at the household level.
This is supported by the results of a national survey in the US, namely the Survey of Income and Program
Participation (SIPP) and the Current Population Survey of Food Security (CPS-FSS) which document
that most households with food insecurity status have incomes below the poverty line (Gundersen et al.,
2011).
Food insecurity conditions have worsened since the beginning of the Covid-19 pandemic where
social restrictions and economic contraction caused many people to lose their jobs and incomes as well
as increasing poverty due to the inability to meet basic needs such as food and shelter (Wolfson and
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Leung, 2020). Indications of increasing food insecurity since the beginning of the Covid-19 pandemic
have also occurred in Indonesia. Since the discovery of the first case on March 2, 2020, the number of
positive cases of Covid-19 has continued to increase which has led to the designation of Covid-19 as a
"Public Health Emergency" on March 31, 2020 to "National Disaster Emergency" on April 13, 2020.
Indonesia was ranked 37th as the country with the highest number of positive Covid-19 cases in the
world as of March 31, 2020 or at the end of the first quarter of 2020 where DKI Jakarta was recorded as
the province with the highest number of positive cases of Covid-19 in Indonesia (49.8 percent of the
national case rate). The number of positive cases of Covid-19 in Indonesia continued to increase in the
second quarter of 2020. Indonesia was ranked 28th as the country with the highest number of positive
cases of Covid-19 in the world as of June 30, 2020 or at the end of the second quarter of 2020 where the
province of DKI Jakarta was recorded as the province with the second highest number of positive Covid19 cases in Indonesia (20.26 percent of the national case rate). DKI Jakarta was one of the most
economically affected provinces at the beginning of the Covid-19 pandemic where economic growth in
the first quarter of 2020 was recorded grow 5.06 percent year on year (the lowest in the last ten years)
and slowed down by 0.56 percent overall quarter to quarter, and an increase of poverty 1.11 percent, the
highest in Indonesia (BPS, 2020).
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Figure 1. q-to-q economic growth in Q1/2020 to Q4/2019 by province
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Figure 2. The increase in the percentage of poverty by province March 2020 to September 2019
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The overview of poverty and slowing economic growth raises questions about the condition of
household food insecurity in DKI Jakarta Province at the beginning of the Covid-19 pandemic. The
heterogeneous characteristics of DKI Jakarta Province households indicate that there are different
conditions and factors driving food insecurity. This study examines the effect of household
characteristics in DKI Jakarta Province on their food insecurity status at the beginning of the Covid-19
pandemic.
2. Method
2.1 Literature Review
2.1.1 Food Insecurity. Food insecurity is a condition of inability to access sufficient and nutritious food
for normal and healthy growth for development of the body due to unavailability of food and/or lack of
resources to obtain food (FAO, 1998). Specifically, the United States Department of Agriculture
(USDA) states that food insecurity refers to the lack of financial resources available to access food at
the household level. The measurement of household food insecurity status is based on conditions that
occurred during the 12 months prior to the interview where household food insecurity status is
dichotomous to “food insecure versus not food insecure” (Cook, 2006). Lee and Frongillo (2001) in the
National Health and Nutrition Examination Survey (NHANES) data study used food insufficiency
questions to determine food insecurity status. Food insufficiency is defined as “insufficient amount of
food intake due to lack of resources” with details of the question “do you have enough food to eat,
sometimes do not eat enough, or often do not eat enough?”. A person is classified as food insecure if he
or she states "sometimes or often doesn’t get enough food to eat".
2.1.2 Household Poverty Status. BPS (2018) defines poverty as an economic inability to meet basic food
and non-food needs as measured from the expenditure side. Therefore, the measurement of poverty
carried out by BPS uses the concept of the basic needs approach. So that the population is categorized
as "poor" if the average monthly per capita expenditure is below the poverty line. Based on the concept
and measurement of poverty, the poverty status of households in this study is divided into “poor” and
“non-poor” households. Household poverty is very influential on the status of food insecurity.
Households experiencing food insufficiency have a strong correlation with poverty (Feeding America,
2021). Lee and Frongillo (2001) in the NHANES data study stated that poverty is related to the
prevalence of food insecurity where people with incomes less than 50 percent poverty index ratio have
the highest prevalence of food insecurity in the United States.
2.1.3 Head of Household Job Status. BPS (2021) defines work as an economic activity carried out by a
person with the intention of obtaining or helping to earn income or profit, for at least 1 hour
(uninterrupted) in the past week. These activities include the pattern of activities of unpaid workers who
help in a business/economic activity. In fulfilling household needs, the employment status of the head
of household has a very important role. Etana and Tolossa (2017) state that the prevalence of food
insecurity is higher in households headed by the unemployed. Unemployed household headed will
increase the tendency of household food insecurity. This refers to the results of his research that 55.9
percent of households in urban areas of Ethiopia have unemployed household headed of which 87.6
percent are food insecure households.
2.1.4 Head of Household Education Level. As someone who is most responsible for meeting the daily
needs of the household, the characteristics of the head of the household, especially education, will
greatly affect the lifestyle and household income. This is supported by Alves (2012) who concludes that
the level of education has a positive impact on increasing household income. Better education will
increase the chances of households getting a better income so that it will reduce the level of food
insecurity (Nwokolo, 2015).
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2.1.5 Gender of the Head of the Household. The gender of the head of household has an effect on
household food insecurity. Kennedy and Peters (1992) in Hasanah (2018) state that female household
headed are more able to meet household food needs than male household headed, because when female
household headed have income, they tend to spend on food needs first compared to other needs. On the
other hand, Abdullah et al. (2017) in Hasanah (2018) states that male household headed are more able
to meet household food needs with the ability to work which on average has a higher income than
women.
2.1.6 Number of Household Members. Household members are all people who usually live in a
household (head of household, husband/wife, children, in-laws, grandchildren, parents/in-laws, other
relatives, housemaids or other household members), both those who are at home respondent's ladder and
temporarily did not exist at the time of enumeration (BPS, 2018). The number of household members
describes the level of consumption needed by the household and shows the burden of meeting the food
needs of household members (Mango et al., 2015). Households with a larger number of members have
greater food needs and tend to be food insecure than households with fewer members (Babatunde et al.,
2007).
2.1.7 Social Security Ownership. Social security is a form of risk reduction through the provision of
income support and/or cost coverage when sick, birth, accident at work, old age and death (BPS, 2021).
Social security uses the principle of social insurance with contributions paying premiums. The reference
for the implementation of social security has been regulated based on Law (Undang-Undang) Number
40 of 2004 concerning the National Social Security System with the aim of meeting the basic needs of
public health that should be given to everyone who has paid dues or whose contributions have been paid
by the Government. Social security as part of a social safety net helps vulnerable households to be
protected from the impact of loss of livelihood, maintain adequate levels of food consumption and
reduce the risk of food insecurity (FAO, 2011). Furthermore, FAO (2011) also mentions that there is
evidence that households protected by social safety nets tend to experience less hunger which leads to
reduced levels of food insecurity. Social safety nets also have a broader economic impact through
increased productive activities by households.
2.1.8 Logistics Regression Analysis on Rare Events Data. Binary rare event data is a condition where
the proportion of successful events with code 1 is much smaller (about 5% and below) than non-success
events with code 0 (King and Zeng, 2001). Rare event data is a problem faced in performing statistical
analysis. According to King and Zeng (2001), data on rare events is commonly found in political science
research, social science, and the prevalence of international conflicts such as the incidence of war and
rare disease infections. Rare events have proven difficult to explain and predict. Analysis of rare events
using popular statistical procedures, such as logistic regression, will lead to a tendency to overlook the
probability of rare events. King and Zeng (2001) explained that estimating logistic regression parameters
using the Maximum Likelihood Estimation (MLE) method on rare events data would underestimate the
probability value of Pr(Y=1) and overestimate the probability of failure Pr(Y=0).
Logistic regression analysis on rare events can be done by using parameter estimation method that
corrects the bias of parameter estimators such as the method proposed by King and Zeng (2001). Then,
another method that can also be used to perform logistic regression analysis on rare events is the Firth
method. The Firth method performs parameter estimating using a penalized maximum likelihood
estimation (PMLE) to reduce bias in the parameter estimation of MLE results (Puhr et al., 2017). The
Firth method can also overcome the problem of data separation caused by several highly predictive and
unbalanced risk factors (Heinze and Schemper, 2002). Data separation problems can cause MLE to fail
to obtain a convergent maximum likelihood value, so it is necessary to apply the Firth method as a
solution in dealing with data separation problems (Allison, 2008).
2.2 Research Scope
This study was conducted to examine the effect of household characteristics in DKI Jakarta Province on
their food insecurity status at the beginning of the Covid-19 pandemic. The unit of analysis used in this
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study was an ordinary household in DKI Jakarta Province which was the sample for the March 2020
National Social and Economic Survey (Susenas). The number of units of analysis used in this study was
5,456 household samples in DKI Jakarta province at the beginning of the Covid-19 pandemic.
This study uses secondary data sourced from raw data from the March 2020 Susenas. The dependent
variable used is household food insecurity status (1 = food insecurity, 0 = not food insecurity). While
the independent variables used were household poverty status, household headed work status, household
headed education level, gender of household headed, number of household members, and household
social security ownership.
2.3 Analysis Method
The analytical method used in this research is descriptive analysis and inferential analysis. Descriptive
analysis is used to describe the condition of food insecurity and a general description of the household
characteristics of DKI Jakarta Province at the beginning of the Covid-19 pandemic which is presented
in the form of graphs and tables. While the inferential analysis used is the firth logistic regression
method.
2.3.1 Firth logistic regression model. This model is used to determine the variables that affect household
food insecurity status along with the tendency of a household in DKI Jakarta province at the beginning
of the Covid-19 pandemic to have food insecurity status. The use of firth logistic regression is due to
the disparity in the number of observations between food insecurity categories where households with
food insecurity status are a rare event in the study (Firth, 1993).
Firth method is a logistic regression analysis method proposed by Firth (1993) which performs
parameter estimation using penalized maximum likelihood estimation (PMLE). This method serves to
correct the bias generated by parameter estimation using the MLE method due to small samples, rare
events, and separation (Karabon, 2020). The principle of the Firth method is to develop the log
likelihood function of the MLE function and the elements of the score vector in the form of penalization
(Leitgöb, 2013). The penalized likelihood function of the Firth method (1993) is shown in Equation (1).
1
(1)
𝐿𝑃𝑀𝐿 (𝜷) = 𝐿𝑀𝐿 (𝜷)|𝒊(𝜷)|2
While the log likelihood function is shown in Equation (2).
1
(2)
𝑙𝑜𝑔𝐿𝑃𝑀𝐿 (𝜷) = 𝑙𝑜𝑔𝐿𝑀𝐿 (𝜷) + 𝑙𝑜𝑔|𝒊(𝜷)|
2
The penalized likelihood function of the Firth method.
𝐿𝑃𝑀𝐿 (𝜷):
Likelihood function of the MLE method.
𝐿𝑀𝐿 (𝜷):
1
Jeffreys invariant prior
|𝒊(𝜷)|2 :
The basis of the Firth method is to reduce the bias in parameter estimators by including a small bias
in the score function (Firth, 1993). Modifications to the score function are shown in Figure (4).

Figure 4. Modification of the unbiased score function

939

L H Sutikno and Budiasih

If the parameter estimator has a positive bias, then score function 𝑈(𝛽) will shift down at each
parameter point by 𝑖(𝛽)𝑏(𝛽) where −𝑖(𝛽) = 𝑈 ′ (𝛽) is the local gradient and 𝑏(𝛽) is the bias of the
MLE parameter estimator (Firth, 1993). Equation (3) shows the modified score function equation.
(3)

𝑈 ∗ (𝜷) = 𝑈(𝜷) − 𝒊(𝜷)𝒃(𝜷)

The effect of Jeffrey's invariant prior in Equation (9) can be neglected asymptotically. Using the
modification as in the equation, 𝑂(𝑛−1 ) bias of parameter estimator 𝛽̂ (MLE results) can be omitted.
Heinze and Schemper (2002) stated that the parameter estimator 𝛽̂ with the Firth method can be obtained
using Equation (4).
(4)

𝛽 (𝑠+1) = 𝛽 (𝑠) + 𝐼 −1 (𝛽 (𝑠) )𝑈(𝛽 (𝑠) )∗

with (s) representing the s-th repetition.
Actually, the binary logistic regression model used in binary logistic regression analysis with Firth
bias correction is the same as the model used in ordinary binary logistic regression analysis. The
difference is the process of estimating the model parameters, 𝛽0 and 𝛽. The details are as follows:
Ordinary binary logistic regression
Logistic regression model:
𝑒 𝛽0 +𝛽1 𝑥1 +⋯+𝛽𝑝𝑥𝑝
𝜋(𝑥) =
1 + 𝑒 𝛽0 +𝛽1 𝑥1 +⋯+𝛽𝑝𝑥𝑝
Logit transformation result:
𝑔(𝑥) = 𝛽0 + 𝛽1 𝑥1 + ⋯ + 𝛽𝑝 𝑥𝑝
𝛽0 dan 𝛽 parameters estimated using the
MLE method
Likelihood function:
𝑛

𝑙(𝜷) = ∏[𝜋(𝑥𝑖

)]𝑦𝑖

[1 − 𝜋(𝑥𝑖

)]1−𝑦𝑖

𝑖=1

Binary logistic regression with Firth bias
correction
Logistic regression model:
𝑒 𝛽0 +𝛽1 𝑥1 +⋯+𝛽𝑝𝑥𝑝
𝜋(𝑥) =
1 + 𝑒 𝛽0 +𝛽1 𝑥1 +⋯+𝛽𝑝𝑥𝑝
Logit transformation result:
𝑔(𝑥) = 𝛽0 + 𝛽1 𝑥1 + ⋯ + 𝛽𝑝 𝑥𝑝
𝛽0 dan 𝛽 parameters estimated using the PenalizedMLE method
Likelihood function:
1

𝑙𝑃𝑀𝐿 (𝜷) = 𝑙𝑀𝐿 (𝜷)|𝒊(𝜷)|2
1

where |𝒊(𝜷)|2 is Jeffrey’s invariant prior
1

log-likelihood function:
𝐿(𝜷) = ln [𝑙(𝜷)]
𝑛

𝐿(𝜷) =

∑ 𝑙𝑛[𝜋(𝑥𝑖 )𝑦𝑖 ]
𝑖=1

|𝒊(𝜷)|2 function is to eliminate the first order bias
𝑂(𝑛−1 ) from 𝛽̂ parameter estimation (MLE results)
through first-order Taylor series expansion
beheading, because this bias has a severe impact on
small sample or rare case data.
log-likelihood function:
𝐿𝑃𝑀𝐿 (𝜷) = 𝑙𝑛[𝑙𝑃𝑀𝐿 (𝜷)]
1
𝐿𝑃𝑀𝐿 (𝜷) = 𝑙𝑛[𝑙𝑀𝐿 (𝜷)] + 𝑙𝑛[|𝒊(𝜷)|]
2

𝑛

+ ∑ 𝑙𝑛[1 − 𝜋(𝑥𝑖 )](1−𝑦𝑖)
𝑖=1

First derivative of 𝐿(𝜷) to 𝛽0
𝜕𝐿(𝜷)
=0
𝜕(𝛽0 )
𝑛

First derivative of 𝐿𝑃𝑀𝐿 (𝜷) to 𝛽0
𝜕𝐿(𝜷) 1
𝜕𝑖(𝜷)
+ 𝑡𝑟𝑎𝑐𝑒[𝒊(𝜷)−1 (
)=0
𝜕(𝛽0 ) 2
𝜕(𝛽0 )

∑[𝑦𝑖 − 𝜋(𝑥𝒊 )] = 0
𝑖=1
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Binary logistic regression with Firth bias
correction
First derivative of 𝐿𝑃𝑀𝐿 (𝜷) to 𝛽
𝜕𝐿(𝜷) 1
𝜕𝑖(𝜷)
+ 𝑡𝑟𝑎𝑐𝑒[𝒊(𝜷)−1 (
)=0
𝜕(𝛽) 2
𝜕(𝛽)

Ordinary binary logistic regression
First derivative of 𝐿(𝜷) to 𝛽
𝜕𝐿(𝜷)
=0
𝜕(𝛽)
𝑛

∑ 𝑥𝑖 [𝑦𝑖 − 𝜋(𝑥𝑖 )] = 0
𝑖=1

Score function (gradient/first derivative of
the log-likelihood function with respect to
parameter 𝛽)
𝑛
𝜕𝐿(𝜷)
𝑈(𝜷) =
= ∑ 𝑥𝑖 [𝑦𝑖 − 𝜋(𝑥𝑖 )] = 0
𝜕(𝛽)

Score function (gradient/first derivative of the loglikelihood function with respect to parameter 𝛽)
𝑈 ∗ (𝜷) = 𝑈(𝜷) − 𝒊(𝜷)𝒃(𝜷)

Using the Newton Raphson method (using
software) to solve the likelihood equation to
obtain an estimator 𝛽0 and 𝛽. In the iteration
process to find an estimator, the estimated
value is then formulated as follows:
𝜷(𝒔+𝟏) = 𝜷(𝒔) + (𝑯(𝒔) )−𝟏 𝑼(𝜷(𝒔) )
where 𝑯 is the Hessian matrix.

Using the Fisher Scoring method (using software) to
solve the likelihood equation to obtain an estimator
𝛽0 and 𝛽. In the iteration process to find an
estimator, the estimated value is then formulated as
follows:
𝜷(𝒔+𝟏) = 𝜷(𝒔) + (𝒊(𝜷)(𝒔) )−𝟏 𝑼(𝜷(𝒔) )∗
where 𝒊(𝜷) is the Fisher information matrix.

𝑖=1

2.3.2 Goodness of Fit Test. Goodness of Fit test is a test conducted to determine whether the model
formed is effective in explaining the dependent variable (Hosmer and Lemeshow, 2000). One way to do
this test is with the Hosmer-Lemeshow test as follows:
Statistical Hypothesis
𝐻0

: The model formed is appropriate in explaining the dependent variable.

𝐻1

: The model formed is not appropriate in explaining the dependent variable.

Test Statistics
𝑔

𝐶̂ = ∑
𝑘=1

(𝑜𝑘 − 𝑛𝑘′ 𝜋̅𝑘 )2
~ χ2 (𝑔−2)
𝑛𝑘′ 𝜋̅𝑘 (1 − 𝜋̅𝑘 )

𝑜𝑘

𝑘
: Total value of dependent variable, 𝑜𝑘 = ∑𝑐𝑗=1
𝑦𝑗 .

𝑐𝑘

: The number of combinations of independent variables in the k-th group.

𝜋̅𝑘

: Average estimated probability, 𝜋̅ = ∑𝑐𝑘 𝑚𝑗𝜋̂𝑗 .
𝑘
𝑗=1 𝑛′

(5)

𝑘

𝑛𝑘′

: number of subjects in the k-th group.

𝑔

: number of groups.

Decision
The hypothesis is rejected if 𝐶̂ > χ2𝛼(𝑔−2) or p-value < 𝛼
Conclusion
If it rejects 𝐻0 , it means that with a significance level of 𝛼, the model formed is not suitable in explaining
the dependent variable.
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2.3.3 Simultaneous Test. Simultaneous test is a parameter test conducted to determine the effect of all
independent variables simultaneously on the dependent variable. This test was carried out using the
likelihood ratio test statistic (Hosmer and Lemeshow, 2000). Simultaneous test stages as follows:
Statistical Hypothesis
𝐻0

: 𝛽1 = … = 𝛽𝑝 = 0 (there is no significant effect between all independent variables
simultaneously on the dependent variable).

𝐻1

: there is at least one 𝛽𝑗 ≠ 0, 𝑗 = 1, 2, … 𝑝 (there is at least one independent variable that
significantly affects the dependent variable).

Determine the significance level (α) of 5%.
Test Statistics
𝐺

𝐿0
= −2𝑙𝑛 [ ] ~ χ2(𝑝)
𝐿1
𝑛 𝑛1 𝑛 𝑛0
( 𝑛1 ) ( 𝑛0 )
= −2𝑙𝑛 [ 𝑛
] ~ χ2(𝑝)
∏𝑖=1 𝜋̂𝑖𝑦𝑖 (1 − 𝜋̂𝑖 )(1−𝑦𝑖)

(6)

𝐿0

: maximum likelihood value of the model without independent variables.

𝐿1

: maximum likelihood value of the model with all independent variables.

𝑝

: number of independent variables.

2
Determine the critical region, namely the region to reject H0. The hypothesis is rejected if 𝐺 > 𝜒𝛼(𝑝)
or p-value < 𝛼.

Conclusion
If it rejects 𝐻0 , it means that with a significance level of 𝛼, there is at least one independent variable that
has a significant effect on the dependent variable.
2.3.4 Partial Test. Partial test is a parameter test conducted to determine which independent variables
have a significant effect on the dependent variable. This test was carried out after the simultaneous test
obtained a decision to reject H0. This test was carried out using the Wald test statistic (Hosmer and
Lemeshow, 2000). The stages of partial test as follows:
Statistical Hypothesis
𝐻0

: 𝛽𝑖 = 0 (there is no significant effect between the i-th predictor variable on the response
variable).

𝐻1

: 𝛽𝑖 ≠ 0 𝑤𝑖𝑡ℎ 𝑖 = 1,2,3, … ,6 (there is a significant effect between the i-th predictor
variable on the response variable).

Determine the significance level (α) of 5%.
Test Statistics
2

̂
𝛽

𝑊 = [𝑆𝐸(𝛽𝑖̂ ] ~ 𝑍𝛼/2
)
𝑖

(7)
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𝛽̂𝑖

: the i-th parameter estimator.

𝑆𝐸(𝛽̂𝑖 ) : i-th parameter estimator standard error.
𝑖

: 1, 2, …, 𝑝 where p is the number of predictor variables.

Determine the critical region, namely the region to reject H0. The hypothesis is rejected if 𝑊 > 𝑍𝛼/2
or p-value < 𝛼/2.
Conclusion
If it rejects 𝐻0 , it means that with a significance level of 𝛼, there is a significant effect between the i-th
independent variable on the dependent variable.
3. Results and Discussion
3.1 Overview of Food Insecurity and Household Characteristics of DKI Jakarta Province at the
Beginning of the Covid-19 Pandemic
Food insecurity is a condition of inability to access sufficient and nutritious food for normal and healthy
growth and development of the body due to unavailability of food and/or lack of resources to obtain
food (FAO, 1998). Food insecurity conditions have worsened since the beginning of the Covid-19
pandemic where social restrictions and economic contraction caused many people to lose their jobs and
incomes as well as increasing poverty due to the inability to meet basic needs such as food and shelter
(Wolfson and Leung, 2020). Whereas economic growth and poverty reduction are sustainable solutions
in efforts to alleviate food insecurity (FAO, 1999).
Based on the March 2020 Susenas, as many as 4.47 percent of households in DKI Jakarta Province
are food insecure.

4.47%

Food Insecure
95.53%

Food Secure

Figure 5. Percentage of food insecurity status in DKI
Jakarta at the beginning of the Covid-19 pandemic
Table 1 shows an overview of the household characteristics of DKI Jakarta province at the beginning
of the Covid-19 pandemic. Based on the table of research results, DKI Jakarta province households at
the beginning of the Covid-19 pandemic were dominated by non-poor households, which were 96.79
percent, while poor households were 3.21 percent. The majority of households in DKI Jakarta have no
more than four members, namely 77.34 percent of households.
Households in the DKI Jakarta province are still dominated by male household headed with a
percentage of 83 percent, working household headed with a percentage of 84.73 percent, and household
headed with a high school education and above with a percentage of 62.67 percent. However, household
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participation in social security ownership is still low, it is recorded that more than 85 percent of
households do not have social security.
Table 1. General description of household characteristics of DKI Jakarta province
at the beginning of the Covid-19 pandemic
No.
1
2
3

Variable

Category

Poverty status of the household
Employment status of the head
of household
Education level of head of
household

4

Gender of head of household

5

Number of household members

6

Social security ownership

* reference category

Poor
Not poor*
Not working
Working *
< high school
≥ high school *
Female
Male *
> 4 people
≤ 4 people
Don’t have
Have *

Percentage
3.21%
96.79%
15.27%
84.73%
37.33%
62.67%
17%
83%
22.66%
77.34%
85.70%
14.30%

Table 2 shows the percentage of household food insecurity in DKI Jakarta province based on
household characteristics at the beginning of the Covid-19 pandemic. Based on table 2, it can be seen
that the status of poverty greatly affects the condition of household food insecurity. A total of 20.70
percent of poor households are food insecure. Meanwhile, the percentage of food insecurity in non-poor
households is only 4.35 percent.
When viewed from the gender of the head of household, employment status, and education level, the
condition of food insecurity is more experienced by households with female head of household, not
working, and with high school education and below. Based on the gender of head of household, 5.56
percent of households with female head of household experience food insecurity. Based on the
employment status of the head of household, 6.62 percent of the households with the head of household
do not work experience food insecurity conditions. Based on the education level of the head of
household, 7.63 percent of households with a household headed with a high school education and below
experience food insecurity conditions.
When viewed from the number of household member and social security ownership status, the
condition of food insecurity is more experienced by households with more than 4 members and do not
have social security. Based on the number of household member, 5.21 percent of households with more
than 4 members experienced food insecurity conditions. Based on social security ownership status, 4.98
percent of households that do not have social security experience food insecurity conditions.
Table 2. Percentage of households in DKI Jakarta province with food insecure status based on their
characteristics at the beginning of the Covid-19 pandemic
No.
1
2
3
4

Variable
Poverty status of the
household
Employment status of the
head of household
Education level of head of
household

Category
Poor
Not poor*
Not working
Working *
< high school
≥ high school *
Female

Food Insecurity
Food
Food Secure
Insecure
20.70%
79.30%
3.94%
96.06%
6.62%
93.38%
4.09%
95.91%
7.63%
92.37%
2.59%
97.41%
5.56%
94.44%

Total
100%
100%
100%
100%
100%
100%
100%
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5
6

Gender of head of
household
Number of household
members
Social security ownership

* reference category

Male *

4.25%

95.75%

100%

> 4 people
≤ 4 people
Don’t have
Have *

5.21%
4.26%
4.98%
1.47%

94.79%
95.74%
95.02%
98.53%

100%
100%
100%
100%

3.2 Variables Affecting Household Food Insecurity in DKI Jakarta Province at the Beginning of the
Covid-19 Pandemic
Firth logistic regression analysis was used to determine the variables that affect household food
insecurity status and the tendency of a household to have food insecurity status by using each
explanatory variable. There are three stages of testing carried out, namely the model suitability test,
simultaneous test and partial test. The three tests used a significance level of 5%.
In the goodness of fit test, the test was carried out with the Hosmer-Lemeshow test to see whether
the model formed was appropriate to explain the food insecurity status of the DKI Jakarta Province
2
household at the beginning of the Covid-19 pandemic. Test statistic value 𝜒𝑐𝑜𝑢𝑛𝑡
obtained is 7.0244.
2
The results then compared with the value of χ (0,05:8) = 15.51, which results in the decision to fail to
2
reject H0, because the value of 𝜒𝑐𝑜𝑢𝑛𝑡
less than the chi-square table value. So it can be concluded that
with a significance level of 5 percent, the model formed is appropriate in explaining the food insecurity
status of the DKI Jakarta province household at the beginning of the Covid-19 pandemic.
Table 3. Goodness of fit test

(1)
Model

2
𝜒𝑐𝑜𝑢𝑛𝑡

df

2
𝜒𝑡𝑎𝑏𝑙𝑒

p-value

(2)
7.0244

(3)
8

(4)
15.51

(5)
0.534

In the simultaneous test, statistical testing on the model is carried out with the likelihood ratio test to
determine the effect of the independent variables on the dependent variable simultaneously. The
statistical value of the deviance test (G) obtained is 197.1. The results are then compared with the value
of χ2 (0,05:6) = 12.59, which results in a decision to reject H0, because the deviance value is greater than
the chi-square value. So it can be concluded that with a significance level of 5 percent, there is at least
one independent variable that affects the food insecurity status of the DKI Jakarta province household
at the beginning of the Covid-19 pandemic.
Table 4. Simultaneous test
Deviance (G) value

df

2
𝜒𝑡𝑎𝑏𝑙𝑒

(2)
197,1

(3)
6

(4)
12,59

(1)
Model

Subsequently, a partial test was conducted to determine the effect of each independent variable on
the dependent variable.
Table 5. Partial test
Variable
Intercept
Poverty status of the household
Not poor *
Poor

𝛽̂
-4.4766

p-value
2.25 x 10-7 **

exp(𝛽̂ )
0.0114

1.5564

2.25 x 10-7 **

4.7419
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Variable
p-value
𝛽̂
Employment status of the head of household
Working *
Not working
0.3223
0.0348 **
Education level of head of household
≥ high school *
< high school
1.0262
1.66 x 10-6 **
Gender of head of household
Male *
Female
0.1579
0.2977
Number of household members 0.0029
0.9379
Social security ownership
Have *
Don’t have
0.9452
0.0006 **
* reference category

exp(𝛽̂ )

1.3803

2.7905

1.1711
1.0029

2.5733

** Significant at α = 5%
Based on the partial test of the six independent variables in table 4, it can be shown that four variables
significantly affect the household food insecurity of DKI Jakarta province at the beginning of the Covid19 pandemic. The significant variables are household poverty status, household headed employment
status, household headed education level, and household social security ownership. The model formed
is as follows.
𝑔̂(𝑥) = −4.4766 + 1.5564𝑋1 + 0.3223𝑋2 + 1.0262𝑋3 + 0.1579𝑋4 + 0.0029𝑋5 + 0.9452𝑋6

(5)

The positive or negative sign on the coefficient of each model parameter indicates the direction of
the relationship between the independent variable and the dependent variable, exp(𝛽̂ ) value (odds ratio)
of each independent variable provides information on the magnitude of the tendency of the independent
variable to the dependent variable in the model. Based on the direction of the relationship on the
parameter coefficients and the odds ratio of each independent variable, it can be shown that:
• In the household poverty status variable, the parameter coefficients are positive and the exp(𝛽̂ )
is 4.7419. This shows that households with poor status have a tendency to be food insecure by
4.7419 times greater than non-poor households assuming other variables are constant. The
results of this study are in line with previous studies which stated a high tendency for poor
households to have food insecurity status (Lee and Frongillo, 2001; Onime and Tamuno, 2021).
• In the variable of household headed work status, the parameter coefficient is positive and the
exp(𝛽̂ ) is 1.3803. This shows that households with non-working head of household have a
tendency to be food insecure by 1.3803 times greater than households with working head of
household assuming other variables are constant. The results of this study are in line with
previous studies which state that employment status has a strong correlation with food insecurity
status (Tolossa, 2010; Etana and Tolossa, 2017).
• In the variable of the education level of the head of the household, the parameter coefficient is
positive and the exp(𝛽̂ ) is 2.7905. This shows that households with household headed with high
school education and below have a tendency to be food insecure by 2.7905 times greater than
households with household headed with high school education and above assuming other
variables are constant. The results of this study are in line with previous studies which state that
better education will increase the chances of households getting a better income so that it will
reduce the level of food insecurity (Nwokolo, 2015; Alves, 2012).
• In the gender of the head of household variable, the parameter coefficient is positive and the
exp(𝛽̂ ) is 1.1711. This shows that households with female head of household have a tendency
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to be food insecure by 1.1711 times greater than households with male head of household
assuming other variables are constant. The results of this study are in line with previous studies
which stated that the gender of the household headed had an effect on household food insecurity.
Abdullah et al. (2017) in Hasanah (2018) states that male household headed are more able to
meet household food needs with the ability to work which on average has a higher income than
women.
• In the variable number of household members, it can be shown that the number of members has
a positive relationship to household food insecurity. The parameter coefficients in table 4 show
that the higher the number of members, the greater the opportunity for households to be food
insecure. When the number of members increases by one person, the household will tend to be
food insecure by 1.0029 times compared to not being food insecure. The results of this study
are in line with previous studies which stated that households with a larger number of members
have greater food needs and tend to be food insecure than households with fewer members
(Babatunde et al., 2007; Mango et al., 2015; Mubyarto, 2003).
• In the social security ownership variable, the parameter coefficient is positive and the exp(𝛽̂ )
is 2.5733. This shows that households that do not have social security have a tendency to be
food insecure by 2.5733 times greater than households that have social security assuming other
variables are constant. The results of this study are in line with previous research which states
that households protected by social safety nets tend to experience a reduction in food insecurity
(FAO, 2011; Schmidt, Sheppard & Watson, 2016).
4. Conclusion
Based on the results and discussion, there are several conclusions obtained:
1. There are still 4.47 percent of households in DKI Jakarta Province with food insecure status at the
beginning of the Covid-19 pandemic.
2. In general, households with food insecurity status are poor households, do not have social security,
the head of the household doesn’t work, and the head of the household has less than high school
education.
There are several suggestions given based on the research:
1. The need of the Government's efforts together with the community to develop job opportunities
through labor-intensive industries that are able to absorb a lot of workers.
2. Improving the quality of human resources through skills training, free courses, and fostering an
entrepreneurial spirit so that after participating in the skills training, they can develop their potential
to create jobs.
3. Steps are needed to increase community participation in the ownership of social safety net as an
effort to reduce household food insecurity.
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Abstract. Unmet need is one of the obstacles of the family planning programs that can reduce
contraceptive prevalence. The percentage of total unmet need in North Sumatra Province is 12.1
and comparable to the total national unmet need in 2019. This study aims to determine the factors
that influence family planning needs and the tendency of married women of reproductive age in
North Sumatra Province in 2019 with multinomial logistic regression. The data used is sourced
from the Susenas KOR 2019. Results show that married women of reproductive age having a
greater tendency to experience the unmet need for limiting are characterize as 35-49 years old,
living in urban areas, and with junior high/equivalent levels. Meanwhile, the characteristics of
married women of reproductive age (WUS) who have a greater tendency to experience the unmet
need for spacing such as aged 15-24 years, Age at First Marriage more than 18 years, and with
a higher education level. Therefore, a more optimal commitment and support from family
planning field workers in family planning counselling are needed and increase equitable access
and quality of family planning services.

1. Introduction
North Sumatra is a province that ranks fourth with the largest population in Indonesia after West Java,
East Java, and Central Java. According to data from the Badan Pusat Statistik (BPS), the population in
North Sumatra Province reached 14,562,549 people in 2019. One of the problems related to population
in the North Sumatra Province is a population growth rate that is still high, thus triggering an increase
in population from year to year. A population growth rate is a number that shows the population growth
rate per year in a certain period. The population growth rate in North Sumatra Province from 1990-2000
was 1.20 percent and increased from 2000-2020 to 1.28 percent per year. The increase in the rate of
population growth has a relationship with fertility indicators, such as Total Fertility Rate (TFR), Gross
Reproductive Rate (GRR), Net Reproductive Rate (NRR), and Crude Birth Rate (CBR) [1].
Following the direction of government policy 2015-2019, all ministries/agencies insisted on
participating in the success of the 2015-2019 Development Vision and Mission, namely to realizing
"Indonesia that is sovereign, independent and has a personality based on cooperation" Therefore, the
National Population and Family Planning Agency (BKKBN) establish the Target of Population
Development and Family Planning (KB) that listed in the National Medium-Term Development Plan
(RPJMN) 2015-2019, namely: (1) decreased TFR, (2) increased prevalence of modern contraception,
(3) decreased unmet need for family planning, (4) an increase in active family planning participants who
use Long-Term Contraceptive Methods and (5) decreased contraceptive dropout rates. Level fertility
can be determined by various factors, including social development and economy and the effect of
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contraception. TFR in North Sumatra in 2017 was at 2.66 and increased to 3.04 in 2019. The TFR value
occupies Sumatra North as the province with the third-highest TFR in Indonesia, after East Nusa
Tenggara Province and Maluku. This fact shows that, on average, a WUS will have children as many as
3-4 people during their reproductive period. A region will reach the replacement stage 2 fertility level if
a TFR of 2.1 [2].
Family Planning (KB) is a government program to reduce the rate of population growth. In addition,
the family planning program also plays a role in the health sector as an effort to improve maternal health
through the timing of wanting to have children, set the distance of children, and planning the number of
births desired later. The launching of the family planning program supports mothers to have
opportunities to maintain and improve their health and well-being. Important family planning indicators
to continuously be monitored is the Contraceptive Prevalence Rate (CPR) and the need for contraceptive
use that is not met (unmet need for family planning). CPR is the proportion of several women of
reproductive age using or whose partner uses a contraceptive method [3]. Based on the Performance
Accountability Report of Government Agencies (LAKIP) BKKBN of North Sumatra Province in
2019, the prevalence of modern contraception in The last three years has shown poor development.
Apart from not reaching the target that has been established, the prevalence of modern contraception
continues to decline from 48.3 percent in 2017 to 45.42 percent in 2019. The next indicator in
implementing the family planning programs that is important to monitor is an unmet need. Unmet need
is an unmet need for family planning services. Percentage of total unmet need in North
Sumatra Province experienced a decline from 25.3 percent in 2017 to 12.1 percent in 2019.
The BKKBN stated that the total unmet need of 12.1 was worth the percentage of total national unmet
need in 2019 and is still considered high.
There are two kinds of unmet need for family planning: unmet need (for limiting births) and unmet
need for spacing (for birth spacing). Unmet need for spacing has a smaller percentage when compared
to the unmet need for limiting [4]. That is, the unmet need for spacing makes a minor contribution to the
increased fertility. However, the unmet need for spacing still has to be handled because of the fertile
period a woman is limited to a certain age so that it affects birth control. The increasing age of a woman
will results in hormonal imbalances in the body and decreased function of reproductive organs, resulting
in a decrease in female fertility [5]. Research in India shows a significant effect of the contraceptive
needs fulfillment for thinning by birth control [6]. Meanwhile, limiting births will have a more
significant impact on fertility decline, and birth spacing significantly reduces the number of child deaths
[7]. Thus, the government needs to pay special attention to both on unmet need for limiting and the
unmet need for spacing.
Various factors can influence the occurence of unmet need for family planning. Several factors that
can affect the status of unmet need include age [8], age at first marriage [4], type of residence [9], WUS
education level [10], and working status [11]. In addition, factors related to religion and culture can also
affect the status of unmet need. In the Toba Batak society, boys are prioritized because they are the
carriers of the clan and the successor of family descendants. Therefore, if you do not have a son, the
lineage in the family will become extinct [12]. Qualitative research in the coastal area of Percut Sei
Subdistrict, Deli Serdang Regency, North Sumatra Province gives the results that the factors unmet need
are local culture/customs that are passed down from the respondent's parents who have never had an
unmet need become a family planning acceptor so that the birth rate is high [13]. Meanwhile, the
research results in South Tapanuli Regency and Asahan Regency showed different results, where the
factors causing the occurrence of unmet need were knowledge, wife's occupation and previous
participation in family planning [14]. It is known that with the even of a cultural shift in the research
area, cultural factors are no longer an obstacle to participating in the family planning program.
Previous studies related to the unmet need for family planning had been carried out in Indonesia.
There is research related to the unmet need for family planning in married women in East Java using
data Indonesian Demographic and Health Survey (IDHS) 2012 [15]. That study concluded the existence
of relationship indication of education level, type of residence, and information given by family planning
field officers toward the unmet need for family planning [15]. Furthermore, there is research that
examined the effect of autonomy and sociodemographic characteristics of the unmet need for family
planning using data sourced from the IDHS 2017 and implementing multinomial logistic regression.

951

A A Saputri and R Rahani

The study found that age, number of children still alive, area of residence, and knowledge of family
planning tools/methods affect unmet need curtailment and restriction. While the variables of women's
education and information exposure Family planning in the mass media only affects the unmet need for
thinning [16]. Various factors can influence the high unmet need in North Sumatra Province. Therefore,
the study has three objectives, namely: (1) knowing the general description and the characteristics of the
percentage of unmet need for limiting and unmet need for spacing on WUS with married status, (2)
knowing the factors that can affect the status of unmet need for family planning in WUS with married
status, and (3) knowing the trend of unmet need for limiting and unmet need for spacing in married
WUS in North Sumatra Province in 2019 based on the variables that influence it.
2. Data
This study uses data sourced from the National Socio-Economic Survey (Susenas) March 2019,
specifically the North Sumatra Province. The unit of observation and the unit analysis of this study
covers married women of reproductive age in North Sumatra Province with a total sample of 11,496.
According to BPS, women of reproductive age (WUS) are women aged 15-49 years. Here are
categorization and reference sources of the variables used in this study:
Table 1. Categorization of variables used in research
Variable

Category

Dummy

Dependent Variable
Unmet need status

Met Need*

0

Unmet need for limiting

1

Unmet need for spacing

2

Independent Variables
Age

Age at First Marriage (AFM)
Type of residence

15-24*

0

0

25-34

1

0

35-49

0

1

≤ 18

*

0

> 18

1

Urban*

0

Rural
Educational level

Working status

College

1
*

0

0

Junior and senior high school

1

0

≤ Elementary school

0

1

Employed

*

Unemployed

0
1

3. Method
Descriptive analysis using graphic visualization is applied to explore the general status and
characteristics of unmet family planning needs in married women with married status. Meanwhile,
multinomial logistic regression is employed to investigate the effect of the independent variables toward
the unmet need status for family planning in married women with married status in the province of
Sumatra North in 2019. There is the multinomial logistic regression model:
𝑔𝑗 (𝑥) = 𝛼𝑗 + 𝛽𝑗11 𝐷11 + 𝛽𝑗12 𝐷12 + 𝛽𝑗2 𝐷2 + 𝛽𝑗3 𝐷31 + 𝛽𝑗41 𝐷41 + 𝛽𝑗42 𝐷42 + 𝛽𝑗5 𝐷5

(1)
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with
𝑔𝑗 (𝑥)
𝛼𝑗
𝛽𝑗𝑘
𝐷𝑘
𝐷11

: the jth logit model
: the intercept of logit model for the jth logit model
: the regression coefficient of the jth category and kth independent variable
: dummy of the kth independent variable
: dummy variable for the age category of 25-34 years old

𝐷12

: dummy variable for the age category of 35-49 years old

𝐷2

: dummy variable age at first marriage for women in the category of more than 18 years

𝐷3

: dummy variable for the type of area in the rural category

𝐷41

: dummy variable education level is less than junior high school

𝐷42

: dummy variable of education level junior and high school

𝐷5

: dummy variable of unemployment

𝑗

: the total number of outcome categories of the dependent variable, 𝑗 = 0,1,2

k

: the independent variables, 𝑘 = 0,1, . . . 𝑝

3.1 Simultaneous Test
A simultaneous test is applied to find out the significant variables together affect the dependent variable.
The test used is the likelihood ratio [17]. The hypothesis used is as follows:
H0: β11 = β12 = --- = βjp = 0 (there is no effect between a set of independent variables toward the dependent
variable)
H1: at least one of βjk ≠ 0, j=1,2 dan k=1, 2,..,p (At least there is one explanatory variable that has a
significant effect on the dependent variable)
The test statistics are defined as:
𝐺 = −2[𝑙𝑛(𝐿0 ) − 𝑙𝑛(𝐿1 )]

(2)

with:
𝐿0 : maximum likelihood function without explanatory variable
𝐿1 : maximum likelihood function with the explanatory variable
j : number of dependent variable categories, j=1,2,...,(J-1)
k : number of independent variables, k= 1,2,..,p
When the value of G2 > χ2(α,p) or p-value < 0.05, then the decision is to reject the null hypothesis. This
means that there is an influence of the independent variable on the dependent variable significantly
simultaneous.
3.2 Partial Test
The partial test is used to investigate which independent variables have a significant effect on the
dependent variable. The test used is the Test Wald [17]. The following is the hypothesis used in the test:
H0: βjk = 0 (there is no effect of the kth independent variable being tested on the dependent variable)
H1: βjk ≠ 0 (there is an effect of the kth independent variable being tested on the dependent variable)
The test statistics used are:
2
𝛽̂
𝑗𝑘
𝑊𝑗𝑘 = (
)
̂
𝑠𝑒(𝛽
𝑗 𝑘)

(3)

with:
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𝛽̂
𝑗𝑘
se(𝛽̂
𝑗𝑘 )

: parameter estimation βjk
: standard error estimation βjk

When the value Wjk > χ2(α,1) or p-value < 0.05, then the decision is to reject the null hypothesis. This
means that there is an effect of the independent variable being tested on the dependent variable.
3.3 The Goodness of Fit Test
The Goodness of Fit Test is used to determine whether the model obtained is appropriate to explain the
relationship between the dependent variable and the independent variables [17]. The test used is Pearson
chi-square and Deviance chi-square. The test hypothesis used are:
H0: model is fit (There is no difference between the results of the observations and the predictions of the
model)
H1: model is not fit (there is a difference between the results of the observations and the predictions of
the model)
When p-value < 0.05, then reject the null hypothesis. The expected result is failure to reject the null
hypothesis which means that the model formed is suitable to explain the status of unmet need or there
is no difference between the results of the observations with the model’s predictions.
3.4 Odds Ratio
The odds ratio is the ratio of two odds which is used to determine the tendency of the occurrence of
"success" compared to "failure", for j=1 and j=2 obtained score odds ratio as follows:
when j=1
(4)
𝑂𝑅1 = 𝑒 𝛽1
𝛽
2
when j=2
(5)
𝑂𝑅2 = 𝑒
4.

Result and Discussion

4.1 Percentage of Unmet Need Status of married women of reproductive age in North Sumatra
Province in 2019
The unmet need status for married women of reproductive age in North Sumatra Province is presented
in Figure 1. Figure 1 shows that about 68.5 percent of married women of reproductive age whose family
planning need has been fulfilled or met need. Meanwhile, the status of unmet need is more common in
unmet need for limiting versus unmet for spacing. This fact shows that the unmet need for limiting
contributes more to the increase in fertility in North Sumatra.
8.8
Met need

22.7
68.5

Unmet need for limiting
Unmet need for spacing

Figure 1. Percentage of currently married women based on unmet
need for family planning in the province North Sumatra in 2019
The possible impact of unmet need is an unplanned pregnancy [18]. Therefore, it needs more
attention than the government to decrease the unmet need in North Sumatra. Meanwhile, an overview
of unmet need status married women of reproductive age status based on the characteristics are:
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Figure 2. Percentage of unmet need status of married women based on their characteristics
Age is a fundamental variable in demography and is the basis for demographic grouping in vital
statistics, censuses, and surveys. Age is also important in studies on mortality and fertility. Considering
the age characteristic, Figure 2 shows differences of married women of reproductive age who experience
the unmet need for limiting and unmet need for spacing. There is a tendency if the higher the age of the
married women of reproductive age, the higher the percentage of unmet need for limiting. Otherwise,
the unmet need for spacing decreases with the increasing age of married women. Based on the
exploration of Susenas data, there is evidence that married women of the 35-49 year age category have
a higher tendency of unmet need for limiting because they do not use contraception for fear of the
possible side effects. Moreover, it was also found that 9.6 percent of married women of the 15-24 year
age do not use contraception because they disagreed with family planning.
Furthermore, Age at First Marriage (abbreviated as AFM) is when women legally and biologically
marry for the first time. AFM with fertility has a negative relationship, namely the younger the AFM a
woman, the longer her reproductive period or, the more children will be born. Based on the
characteristics of AFM, it can be seen that both the unmet need for limiting and the unmet need for
spacing are more common in married WUS with the AFM category of more than 18 years. In detail, in
the AFM category over 18 years, 22.9 percent of married women of reproductive age experience unmet
need for limiting and, 9.2 percent of currently married women experience the unmet need for spacing.
Exploration results with 2019 Susenas data show that as many as 32.9 percent of married women of
reproductive age who in the age category at first marriage of more than 18 years are more likely to
experience unmet need caused by not using contraception for reasons of fear of the possible side effects.
Based on the characteristics type of area, it is known that the status of unmet need is dominated by
married women who live in urban areas. Married women of reproductive age living in urban areas with
unmet need status for limiting reached 24 percent, and 9 percent of married women of reproductive age
with the status of unmet need for spacing. After exploring the data with the 2019 Susenas, it was found
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that 7.2 percent of married women of reproductive age who live in urban areas did not use contraception
for reasons that disagreed with family planning.
Education is a teaching and learning activity at all levels, both formal and informal. Meanwhile,
unmet need are positively related to women’s level of education [19]. Refers to Figure 2, there are
differences in the characteristics of the education level in married women with married status who
experience unmet need for limiting and unmet need for spacing. The higher the level of education of
married women of reproductive age, the lower the unmet need for limiting. However, the higher the
level of education of married women of reproductive age, the higher the unmet need for spacing. The
results obtained from data exploration show that about 0.3 percent of married women of reproductive
age with the category of education level less than junior high school/ equivalent do not use contraception
because they do not know.
BPS states that working is an economic activity carried out by a person to obtain or help earn income
or profit for at least one hour (uninterrupted) in the past week. Figure 2 shows that the unmet need for
limiting tends to happen to married women of reproductive age work. While on unmet need for spacing,
more happens to WUS that does not work. Based on the results of exploration with Susenas 2019 data,
it is known that there is 34.1 percent of married women work without using contraception for fear of
side effects that arise. Meanwhile, WUS who does not work has a lower percentage of 31.5 percent do
not use contraception for fear of side effects.
4.2 Effect of Independent Variables on Status Unmet Need Family Planning at Married Women of
Reproductive Age in North Sumatra Province in 2019
4.2.1 Multinomial logistic regression model. The multinomial logistic regression model can be
formulated as follows:
unmet need for limiting:
∗
∗
∗
∗
𝑔̂1 (𝑥) = −2.982 + 1.137 𝐷11
+ 2.142 𝐷12
+ 0.007 𝐷2 − 0.159 𝐷3∗ + 0.195 𝐷41
+ 0.236 𝐷42
− 0.019 𝐷5
unmet need for spacing:
∗
∗
∗
∗
𝑔̂2 (𝑥) = −1.221 − 0.308 𝐷11
− 1.463 𝐷12
+ 0.404 𝐷2∗ − 0.005 𝐷3 − 0.491 𝐷41
− 0.737 𝐷42
+ 0.041 𝐷5

with:
: significant at α = 0,05

*

4.2.2 Simultaneous test.
The results of the simultaneous test processing with the likelihood ratio test
produce the p-value of 0.000. The p-value is less than 0.05 leading to a decision to reject the null
hypothesist. Hence, at a significance level of 5 percent, at least one independent variable factor affects
the status of unmet need for family planning.
4.2.3 Partial test. The Partial test with the Wald test is employed to investigate the independent variables
that significantly affected unmet need status in married women of reproductive age in North Sumatra
Province in 2019. The following are the results of the partial test on married women with unmet need
status for limiting:
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Unmet need for limiting:
Table 2. The result of the partial test on married women with status of unmet need for limiting
Variable
Intercept
Age
15-24 (ref)
25-34
35-49
Age at first marriage (AFM)
≤18 (ref)
>18
Type of area
Urban(ref)
Rural
Educational level
College(ref)
Junior and senior high school
≤ Elementary school
Working status
Employed(ref)
Unemployed

Ref

= reference category

𝛽̂
-2.982

S.E
0.193

Wald
238.582

df
1

p-value
0.00*

̂)
Exp(𝛽

1.137
2.142

0.177
0.173

41.32
153.696

1
1

0.000*
0.000*

3.118
8.519

0.007

0.066

0.011

1

0.915

1.007

-0.159

0.048

10.853

1

0.001*

0.853

0.195
0.236

0.076
0.085

6.597
7.736

1
1

0.010*
0.005*

1.215
1.266

-0.019

0.051

0.134

1

0.714

0.982

*

= significant at α = 0.05

Table 2 shows that the independent variables that significantly affect the unmet need for limiting
married women of reproductive age in Sumatra Province in 2019 at a significance level of 0.05 are age,
type of area, and education level. Meanwhile, the AFM and working status have no significant effect.
AFM variable has no significant effect on the unmet need for limiting married women of reproductive
age in Sumatra Province in 2019. This result is in line with the descriptive analysis that the percentage
of married women of reproductive age who experience the unmet need for limiting in the AFM category
under 18 years and over 18 years did not show a difference. Furthermore, research in India showed
that AFM is not affecting the status of unmet need. Based on the data exploration, there is evidence
causing married women of reproductive age in North Sumatra Province do not to use contraceptive
methods due to the fear of side effects [20]. BKKBN of North Sumatra Province stated that there are
gaps in fostering adolescent understanding of reproductive health. There are still many young marriages
that are marked by a low median AFM for women in 2019. It is also known that the working status
variable does not significantly affect the status of the unmet need for limiting in married women of
reproductive age in Sumatra Province in 2019. Then, there is research in Indonesia states that there is
no significant relationship between employment and status unmet need. It was found that working
mothers were more likely to be busy and had less opportunity to access contraception [21]. The BKKBN
of North Sumatra Province stated that there are still gaps in unmet need between expenditure levels.
Based on the exploration results with Susenas 2019 data, the percentage of married women of
reproductive age with per capita expenditure below the poverty line are 7.8 percent of unemployment
the category and 7.7 percent for the employment category.
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Unmet need for spacing:
Table 3. The result of the partial test on married women with status of unmet need for spacing
Variable
Intercept
Age
15-24 (ref)
25-34
35-49
Age at first marriage (AFM)
≤18 (ref)
>18
Type of area
Urban(ref)
Rural
Educational level
College(ref)
Junior and senior high school
≤ Elementary school
Workin status
Employed(ref)
Unemployed
Ref = reference category

𝛽̂
-1.221

S.E
0.158

Wald
59.859

df
1

p-value
0.000*

̂)
Exp(𝛽

-0.308
-1.463

0.104
0.115

8.712
161.326

1
1

0.003*
0.000*

0.735
0.232

0.404

0.108

14.009

1

0.000*

1.498

-0.005

0.071

0.005

1

0.944

0.995

-0.491
-0.737

0.090
0.117

29.419
39.407

1
1

0.000*
0.000*

0.612
0.478

0.041

0.073

0.319

1

0.572

1.042

*

= significant at α = 0.05

Based on Table 3, the independent variables significantly affecting the unmet need for spacing in
WUS with married status in North Sumatra Province in 2019 are age, AFM, and education level.
However, the type of area does not significantly affect the unmet need for spacing on married women
of reproductive age in North Sumatra Province in 2019. These results align with the descriptive analysis
that does not show differences in married women of reproductive age experiencing the unmet need for
spacing family planning between those who live in rural and urban areas. In line with this result, the
type of area does not significantly affect the unmet need for spacing [10]. With the development of
cellular communication tools and the ease of transportation, someone can communicate with other
people even though they live in rural areas [22]. In addition, the more open access roads can make it
easier for people in rural areas to access health services [22]. The BKKBN of North Sumatra Province
stated that there are still gaps in unmet need. There is a gap in obtaining information about the
Population, Family Planning, and Family Development (KKBPK) program between rural-urban areas.
There is also a gap in the quality of family planning services between urban and rural areas. Due to this
fact, BKKBN is still trying to increase the intensity of family planning services in urban areas. Next, the
variable of working status also does not significantly affect the status of unmet need for spacing. Based
on the results of data exploration, it is found that 34.1 percent of married women work without using
contraceptives because they are afraid of side effects. According to the explanation in the inferential
analysis on the status of unmet need for limiting, there are still unmet need gaps between expenditure
levels. Based on the Susenas 2019, data shows that 7.8 percent of married women of reproductive age
have per capita expenditures below the poverty line in the unemployed category and 7.7 percent in the
employed category.
4.2.4 Goodness of Fit. The goodness of fit test in this study is applied to determine whether the model
is suitable for explaining the relationship between status variables unmet need with independent
variables. Based on the test, the value p-value of the Pearson chi-square and Deviance chi-square are
0.606 and 0.290 respectively. Both of the p-values are more than 0.05, leading to the decision not to
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reject the null hypothesis. Thus, it can be concluded that with a significance level of 5 percent, the model
formed by multinomial logistic regression is appropriate to explain the variables that affect the status of
the population unmet need family planning at WUS is married in North Sumatra Province.
4.2.5 Odds Ratio
Unmet need for limiting:
Age
The odds ratio of variable age in the category 25-34 years is 3.118, which means that married women
aged 25-34 years tend to be 3.118 more likely to experience the unmet need for limiting than those aged
15-24 years. Meanwhile, married women aged 35-49 years tend to 8.519 times to experience the unmet
need for limiting compared to 15-24 years. Based on this result, the older the married women of
reproductive age, the high the tendency of which they will experience the unmet need for limiting. The
risk of married women of reproductive age experiencing unmet need increases with age [8].
Furthermore, the group of young women tend to use contraception methods because they have more
awareness about the unmet need. A previous study revealed that young women have more access to
adolescent health services and have time to visit related health services and counselling unmet need than
older women [23].
Type of Area
Based on the characteristic of the type of area, the value of regression coefficient value is -0.159
and the odds ratio is 1.172. This odds ratio means that married women of reproductive age living in
urban areas tend to be 1.172 higher to experience unmet need for limiting compared to married women
of reproductive age living in rural areas. These results are not in line with the previous study which
found that women in rural areas had a higher proportion of unmet need for family planning than women
who live in urban areas [24]. However, the results are the same as the preceding study which state that
women who live in urban areas are more likely to experience unmet need for limiting [19].
Education Level
Due to the education level characteristics, the odds ratio for the below junior high school/equivalent
category is 1.266. This value means that married women of reproductive age with education levels in
the category less than junior high school/equivalent tend to experience the unmet need for limiting 1.266
times greater than the higher education levels. Meanwhile, the odds ratio in the senior high
school/equivalent category is 1.215. This means that married women of reproductive age with education
level of junior high school/equivalent and senior high school/equivalent tends to of 1.215 to experience
the unmet need for limiting compared to college. In summary, it can be said that the lower the education
level of married women of reproductive age, the greater the tendency to experience the unmet need for
limiting [11]. The level of education will affect unmet need, where the higher the level of education of
women, the tendency to experience unmet need will decrease [9]. Literacy is the most essential factor
in increasing knowledge about contraception and the desire to space birth.
Unmet need for spacing:
Age
For the unmet need for spacing, the odds ratio of the 25-34 years category is - 0.735. This means
the tendency of married women of reproductive age of 25-34 years old to experience the unmet need for
spacing is 0.753 times less than those are in the 15-24 years old category. In other words, married women
of reproductive age of 15-24 years old tend to experience the unmet need for spacing 1.328 times greater
than the married women aged 25-34 years old.
Meanwhile, the odds ratio of variable age in the 35-49 years old category is 0.232. This means that
the tendency of married women aged 35-49 years to experience the unmet need for spacing is 0.232
compared to married women on reproductive age of 15-24 years. It also means that married women of
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reproductive age of 15-24 tend to experience the unmet need for spacing 4.310 times greater than
married women aged 35-49 years. Due to these results, the younger married women of reproductive age
tend to experience the unmet need for spacing. Based on the data exploration, it was found that 9.6
percent of married women in the age category 15-24 years do not use contraception because they
disagreed with family planning. These results are similar to the previous study concluding that the unmet
need for spacing decreases as women age [25].
Age at First Marriage (AFM)
The odds ratio of variable AFM is 1.498. This value means that married women of reproductive age
whose first age of marriage is more than 18 years old tend to experience the unmet need for spacing
1.498 times greater than those whose age of the first marriage is less than or equal to 18 years old.
Further data exploration reports that as many as 32.9 percent of married women of reproductive age
whose first age of marriage is above 18 years old have a higher tendency to have the unmet need because
of the possible side effects of the contraception methods.
Educational level
The odds ratio in the category of less than junior high school/equivalent is 0.478. This value means
that married women of reproductive age with higher education tend to experience the unmet need for
spacing 2.092 times greater than those whose education level is less than junior high school/ equivalent.
The odds ratio of variable coefficient for the junior high school or senior high school/equivalent is
0.612. This result means that married women of reproductive age with a higher education level tend to
experience the unmet need for spacing 1.634 greater than those whose education level is junior high
school or senior high school/equivalent.
Due to this result, the higher the education level of married women of reproductive age, the greater
the tendency to experience the unmet need for spacing. The tendency of the WUS education level
variable on the unmet need for limiting is inversely proportional to the unmet need for limiting. This
phenomenon possibly happens for those who do not use contraception methods because they already
know how to prevent pregnancy naturally. Another reason why someone does not use contraception
methods may be motivated by negative experiences such as side effects of contraception and failure in
applying contraception [19]. So even though a woman with a higher education level may experience an
unmet need for spacing. Meanwhile, the level of education will affect the unmet need for limiting, where
the higher the education level of women, the higher the knowledge related to contraception and the
desire to space births. So the tendency to experience unmet need will decrease.
5. Conclusion
In general, married women of reproductive age in North Sumatra experienced the unmet need for
limiting is about 22.7 percent, while 8.8 percent of them have experience of the unmet need for spacing.
The independent variables such as the age of the married women of reproductive age, type of area, and
level of education significantly affect the unmet need for limiting. The age of the married women of
reproductive age, age at first marriage, and the level of education have a significant effect on the unmet
need for spacing.
Married women of reproductive age of 35-49 years old, living in urban areas, and education levels
less than junior high school tend to experience the unmet need for limiting in North Sumatra. Meanwhile,
married women of reproductive age of 15-24 years old, married at the first time above 18 years old, and
has high education level tends to experience the unmet need for spacing.
Based on the conclusions, it is necessary to optimize the commitment and support of the family
planning field workers in family planning counselling and increasing equitable access and quality of
family planning services, such as increasing socialization activities, counselling on family planning
programs, and socializing the ideal number of children in rural and urban areas.Moreover, it is also
necessary to improve the quality of family planning program services to minimize contraceptive failure
or the side effects of contraception usage and reduce the status of married women who do not use
contraception for fear of side effects. Further study may enhance the analysis by applying the latest
IDHS data, covering many factors related to family planning services.
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Abstract. Data availability for small area level is one of the keys to the success of regional
development. However, direct estimation of small areas can produce high error due to inadequate
sample sizes so the estimation is not reliable. One of alternative solution to this problem is to use
the Small Area Estimation (SAE) method which can improve precision by "borrows strength" of
the corresponding region information or auxiliary variable information that is strongly related to
the response variable. This study uses two SAE models, namely SAE EBLUP Fay-Herriot model
with auxiliary variables Podes data and SAE with Error Measurement with auxiliary variable
Twitter data. Estimation results using the SAE method are better than direct estimates. This is
shown by the RSE value which produced from SAE method, both the EBLUP model and
Measurement Error, is smaller than the direct estimate. Therefore, big data can be used as an
alternative variable in the SAE model because the data is available in real-time, covers up to the
smallest area, and relatively low cost.

1. Introduction
Today, the need for data at the micro level is increasing. Moreover, Indonesia implements a
decentralized system in running its government so that each region requires data to plan its development.
The role of regional development in achieving the SDGs in Indonesia is certainly very important.
However, currently some of the SDGs indicators for this level have not been fulfilled.
The happiness index is one of the indicators that BPS has not fulfilled from the 17 SDGs goals,
namely strengthening implementation facilities and revitalizing global partnerships for sustainable
development [1]. This index is an attempt by BPS to follow the international focus on measuring
subjective well-being. This index is composed of three dimensions, namely the dimension of life
satisfaction, the dimension of feeling, and the dimension of the meaning of life [2]. To collect the data
needed to make up the happiness index, BPS conducted a Survei Pengukuran Tingkat Kebahagiaan
(SPTK).
The data collection methods commonly used by BPS so far are through censuses and surveys. The
census covers the entire population and the results can be presented to the smallest area. However, the
census has limited time, effort, cost, and the variables collected are limited. On the other hand, surveys
can cover many variables and are more time, effort and cost efficient than censuses. However, estimation
with survey data is often faced with the problem of sample adequacy. Direct estimation with insufficient
samples can result in large standard errors [3]. To overcome the problem of sample adequacy, estimation
can be done indirectly using the Small Area Estimation (SAE) method.
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Small Area Estimation (SAE) is an indirect estimation method that "borrows the power" of the
appropriate area information or information on auxiliary variables that have a strong relationship with
the observed variables [3]. This method tends to produce a Mean Squared Error (MSE) which is smaller
than the direct estimate. To produce a good estimate, the SAE method requires available auxiliary
variables up to the level to be estimated. So far, the SAE auxiliary variable commonly used by BPS
comes from Podes data. However, Podes data is only collected 3 times in 10 years, so sometimes the
use of Podes data as an auxiliary variable for the SAE model becomes less relevant.
On the other hand, big data is an innovative data source that is available in real-time and covers up
to the smallest level. These innovative data sources can usually be obtained quickly [4], are relatively
inexpensive, and can also produce information about aspects of life that traditional data sources may not
capture.
One source of big data that is easily available is Twitter data. Twitter gives developers official access
to its data. Based on statistics obtained from the Statista website, in 2017 Twitter had 18.9 million users
from Indonesia or around 25.47% of the total social media users. Social media users tend to express the
things they experience on their respective accounts, Twitter users are no exception. So, it can be said
that almost every tweet that is thrown describes his feelings. Thus, it is not impossible to use Twitter
data as an auxiliary variable of the Happiness Index SAE model.
However, the auxiliary variables obtained from the processed Twitter data have errors, while the
SAE method assumes that the auxiliary variables are measured without errors. When the auxiliary
variables used in the model have errors, estimators who ignore these errors can produce estimates that
are worse than direct estimates [5]. Therefore, the model in this study will be formed with a measurement
error. In addition to Twitter data, the research will use Podes data as a comparison.
Based on the identification of the problem, the purpose of this research is as follows.
• Estimating the Happiness Index 2017 in Java at the district/city level using the SAE method.
• Comparing the results of the Happiness Index 2017 estimation in Java at the district/city level
between direct and indirect estimates using the SAE method.
• Assessing the application of the SAE model by utilizing big data as an auxiliary variable.
This study uses two SAE models, namely the SAE with Measurement Error (SAE ME) model with
Twitter data as an auxiliary variable containing errors and SAE EBLUP Fay-Herriot with Podes data as
a comparison variable. The research systematics used are as follows:
• Processing Twitter data with text mining to get a happiness score;
• Estimating the Happiness Index using the direct estimation method and the indirect estimation
method using the SAE with Measurement Error model and SAE EBLUP Fay-Herriot;
• Examine the use of big data by comparing the results of direct and indirect estimates with the
SAE model.
2. Data Preprocessing
Secondary data was also collected from Twitter data for the period January to April 2017 by ignoring
languages other than Indonesian and English. Twitter data collection is done using the ‘twint’ library in
the Python programming language [6]. The attributes of the data used in this study consist of 'id', 'tweets',
and 'place'. 'id' is a unique number that represents each tweet, 'tweets' is the content of the tweets in the
form of text, and 'place' is where the tweets came from. The Twitter data that has been collected is
filtered so that only tweets are found on the island of Java. Then, duplicate tweets that don't have the
'place' attribute are removed. Next, the 'place' attribute is classified into districts/cities. Then, several
preprocessing stages were carried out. The preprocessing stages of the text are as follows.
1. Replacement of characters with capital letters to lowercase/regular characters;
2. Deletion of urls, symbols, usernames, hashtags, punctuation marks, numbers, and double words
because only text in the form of words is analyzed;
3. Separation of words into arrays for cleaning each word on each tweet;
4. Standardization of words to match the available dictionaries;
5. Removal of affixes and stopwords that are not needed in the analysis so as to produce basic
words;
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6. Substitution of negative words (words that contain the word ‘not’) with the antonym of the word
after it (e.g. not happy to be sad) to reduce errors in scoring because scoring is done lexically.
id

8.53E+17

place

Baros,
Indonesia

tweet
alhamdulillah,, msh dapat kado
setelah 2 bulan lebih nikah

new_place

nuhun
baros
https://www.instagram.com/p/BS
4-aM2FkQat8e5E0fRaEXzlem7VQYi6ef
ZFw0/Â â€¦

kabkot

new_tweet

alhamdulillah masih
kota sukabumi dapat kado telah bulan
lebih nikah nuhun

Kota Sukabumi, Di malam spesial aku sendiri
di malam spesial aku
kota sukabumi kota sukabumi
Jawa
Barat
pic.twitter.com/fvjNBm5q4s
sendiri
9.48E+17
Halal bi halal dlu y dek di
halalinya nnti dlu•
halal bi halal dulu ya
Pilangkenceng, @missfitria_22 @ Desa Kuwu
adik di halal nanti dulu
pilangkenceng madiun
Indonesia
Kec. Balerejo
desa kuwu camat
https://www.instagram.com/p/B
balerejo
8.80E+17
V28ydXlJdk/Â
Karena hdup slalu
mengajarkan...
Baros,
Jika kta benar2 tulus
karena hidup selalu ajar
baros
kota sukabumi
https://www.instagram.com/p/Bc
jika kita tulus
Indonesia
0bkOdBZOFM0Otzxmbun5levk
9.43E+17
934HYGxHZkN00/Â
Seenggak-nya hidup aku gk
penuh drama
Baros,
Indonesia

8.97E+17

.
.
baros
#latepost #me #happy #yellow
#maroonâ€¦
https://www.instagram.com/p/B
XvHbPIDtjq/Â

enggak hidup aku
drama latepost me
kota sukabumi
bahagia yellow maroon
longgar

Figure 1. Preprocessing

Then, the clean data is scored using the LabMT library [7]. The LabMT library was chosen because
it can produce relevant results [8]. After scoring is successful, the outlier data is removed. Data that does
not contain outliers are 455,132 tweets. Then, the data is aggregated into district/city level with an
average data concentration measure. The result is used as an auxiliary variable (X) in the SAE method.
new_tweet
selamat siang para sahabat kuliner selamat nikmat weekend akhir
di tahun selamat
norak full haha jalan labuh
silakan lanjut apa perlu aku tuntun agar kamu tidak nikung
dasartukangnikung
waktu tuju senja selalu saja mampu buat aku untuk jatuh cinta ya
aku suka senja
perihal cinta biar jadi urus dengan agar kelak rangkai betul
ajar hadap kecewa supaya tidak gunung

score
7.206667
5.52
3.96
6.2
7.3
4.266667

dulu sempat kecewa pergi ke pantai ini karena mungkin salah jalan 4.333333
gadis satu ini tiap libur pasti main ke trans studio bandung
terus senyum buah hati ku santa sea waterpark
yeaayy happy anniversary vovoevitasarii

Figure 2. Scoring

6.076667
6.626667
7.18
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3. Estimated Happiness Index in Java Island in 2017
The Happiness Index is a subjective measure that describes the level of well-being of the objective
conditions of various domains of human life taking into account the feelings and meaning of one's life.
The Happiness Index is a composite index consisting of three dimensions, namely life satisfaction which
is divided into sub-dimensions of personal life satisfaction and social life satisfaction, meaning of life
(eudaimonia), and feelings (affect). The formula used to calculate the Happiness Index is as follows. [9]
𝐼𝐾𝑒𝑏𝑎ℎ𝑎𝑔𝑖𝑎𝑎𝑛 =

𝑤1 ∗𝐼𝐾𝑒𝑝𝑢𝑎𝑠𝑎𝑎𝑛 𝐻𝑖𝑑𝑢𝑝 + 𝑤2 ∗𝐼𝑃𝑒𝑟𝑎𝑠𝑎𝑎𝑛 + 𝑤3 ∗𝐼𝑀𝑎𝑘𝑛𝑎 𝐻𝑖𝑑𝑢𝑝
𝑤1 +𝑤2 +𝑤3

(1)

The estimation of the Happiness Index in 2017 was carried out by applying the Small Area Estimation
(SAE) method EBLUP Fay-Herriot and SAE with Measurement Error (SAE ME) developed by Ybarra
and Lohr. The EBLUP Fay-Herriot model uses Podes 2018 data as an auxiliary variable, while the SAE
ME model uses data processed by Twitter called Twitter scoring as an auxiliary variable. The two
models will estimate the Happiness Index 2017 in Java at the district/city level.
3.1 Model SAE EBLUP Fay-Herriot
After direct estimation is done, the resulting Happiness Index is tested for normality using the Shapiro
Wilk test. Based on the test, the resulting p-value is 0.34, it can be said that the assumption of normality
is met. Then, the selection of auxiliary variables sourced from the Podes 2018 data was carried out using
the stepwise elimination method. The selection of auxiliary variables is carried out with the aim of
obtaining auxiliary variables that can increase accuracy in estimation. Then, a multicollinearity test was
conducted to determine whether there was a correlation between the auxiliary variables used. The
multicollinearity problem does not occur in a good regression model. Therefore, it is necessary to check
the multicollinearity in the model. To detect the presence of multicollinearity in the model, can be seen
from the value of the Variance Inflation Factor (VIF). The auxiliary variable with VIF > 10 indicates
multicollinearity. The auxiliary variables which indicated there was multicollinearity were omitted from
the model. Furthermore, the Fay-Herriot SAE EBLUP modeling was carried out using the 'sae' package
in the R application [10]. The modelling results were reviewed for the significance of the auxiliary
variables included in the model. With a significance level of 5%, non-significant auxiliary variables
were excluded from the model.
The selection of these variables produces 14 auxiliary variables that will be used in the SAE EBLUP
Fay-Herriot model. The auxiliary variables include the number of brawls between community groups
between villages (X1), the number of inter-ethnic brawls (X2), the occurrence of criminal acts of theft
(X3), the occurrence of criminal acts of fraud/embezzlement (X4), the incidence of rape / decency crime
(X5), criminal acts of drug abuse/trafficking (X6), the number of flood incidents in 2017 (X7 ), the
number of hurricanes/hurricanes/typhoons in 2017 (X8), the number of the incidence of volcanic
eruptions in 2017 (X9), the number of forest and land fires in 2017 (X10), the number of high school
education levels (X11 ), the number of Polindes (Pondok Bersalin Desa) (X12), the number of diphtheria
sufferers (X13), and the number of village community institution: ‘Karang Taruna’ (X14). With these
14 auxiliary variables, the SAE EBLUP Fay-Herriot modeling was carried out again. The equation of
the model is as follows: [3]
𝑦𝑖 = 𝑋𝑖𝑇 𝛽 + 𝑣𝑖 + 𝑒𝑖 , ,
Where

𝑖 = 1, … , 𝑚

(2)

𝑦𝑖 = 𝐹𝑎𝑦 − 𝐻𝑒𝑟𝑟𝑖𝑜𝑡 𝑒𝑠𝑡𝑖𝑚𝑎𝑡𝑜𝑟
𝑋𝑖 = 𝑎𝑢𝑥𝑖𝑙𝑖𝑟𝑦 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒
𝛽 = 𝑟𝑒𝑔𝑟𝑒𝑠𝑠𝑖𝑜𝑛 𝑐𝑜𝑒𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑡
𝑣𝑖 = 𝑟𝑎𝑛𝑑𝑜𝑚 𝑒𝑓𝑓𝑒𝑐𝑡 𝑎𝑟𝑒𝑎
𝑒𝑖 = 𝑠𝑎𝑚𝑝𝑙𝑖𝑛𝑔 𝑒𝑟𝑟𝑜𝑟
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3.2 SAE Model with Measurement Error
Before it can be used as an auxiliary variable, Twitter data that has been collected using the twint library
needs to be processed first. Twitter data that has the 'place' attribute outside Java or does not have the
'place' attribute is omitted. Then, the duplicate/duplicate tweet was deleted. Furthermore, each tweet is
grouped into districts/cities based on the 'place' attribute listed. After that, several preprocessing stages
were carried out as described in the previous chapter.
The data that has been cleaned and ready to be processed are 533,474 tweets. Then, each tweet is
scored lexically using the LabMT library. The mechanism for assigning numbers to tweets with this
library is to assign a number to each word contained in the tweets based on the LabMT dictionary, then
the average number of each tweet is calculated. Data from scoring results which are outliers are removed
from the data set. Data that does not contain outliers are 455,132 tweets. Then, the data is aggregated
into district/city level with mean data concentration measure. Furthermore, the aggregated data is called
Twitter scoring in this study. This Twitter scoring will be used as the auxiliary variable (X) in the SAE
with Measurement Error model.
The Twitter scoring data generated from a collection of tweets certainly contains errors so it cannot
use the EBLUP model to estimate the Happiness Index. The SAE model that can be used with auxiliary
variables containing errors is SAE with Measurement Error. The error resulting from Twitter scoring is
calculated by the mean variance (with assumption 𝑏𝑖𝑎𝑠 2 = 0). After that, the SAE Measurement Error
modeling was carried out using the 'saeME' package on R [11].
In Small Area Estimation, it is the auxiliary variable with the actual value for the area . If all
components 𝑋𝑖 are known, model (2) is used for estimation with 𝑣𝑖 ~(0, 𝜎𝑣2 ) is the error of the model
and 𝑒𝑖 ~(0, 𝜓𝑖 ) is the error of the design survey for 𝑦𝑖 . Since 𝑋𝑖 may contain errors, the estimators 𝑋̂𝑖
are substituted for 𝑋𝑖 as follows. [12]
𝑦𝑖 = 𝑋̂𝑖𝑇 𝛽 + 𝑟𝑖 (𝑋̂𝑖 + 𝑋𝑖 ) + 𝑒𝑖 ,
Where

(3)

𝑟𝑖 (𝑋̂𝑖 + 𝑋𝑖 ) = 𝑣𝑖 + (𝑋𝑖 − 𝑋̂𝑖 )𝑇 𝛽

4. Comparison of the Estimated Results of the Happiness Index in 2017
After calculating the estimated Happiness Index in 119 districts/cities in Java Island in 2017 with direct
and indirect estimation methods, the estimation results will be compared to find out the best results. The
value that will be compared from the three methods is the estimated value of the Happiness Index 2017
and the error rate for the district/city level.
4.1 Comparison of the Estimated Values of the Happiness Index in 2017
Based on the graph in Figure 4, it can be seen that the estimated value of the Happiness Index in 2017
in 119 districts/cities in Java Island is not much different between direct estimates, the SAE EBLUP
Fay-Herriot method, and SAE with Measurement Error. This is also shown by the Pearson correlation
between the three estimation methods with a number of more than 0.95 which is significant with a pvalue that is smaller than 5 percent. The results of the Pearson correlation coefficient show that districts
/ cities that have a high Happiness Index in the direct estimation results also have a high Happiness
Index in the Fay-Herriot SAE EBLUP and SAE with Measurement Error results.
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Figure 4. Statistical comparison graph of direct estimation results, SAE EBLUP,
and SAE ME
Source: BPS and Twitter data, processed

Figure 5. Boxplot of statistical comparison of direct estimation results, SAE EBLUP,
and SAE ME
Source: BPS and Twitter data, processed
It can be seen in Figure 5 that the statistics produced by each method have a similar average. The
boxplot width shows the variance of each estimation result. The variance resulting from the direct
estimation is the largest among the three methods, which is 4.84, while the variance for the results of
SAE EBLUP and SAE Measurement Error is 3.26 and 2.81, respectively. This shows that the direct
estimation results tend to be more heterogeneous than the estimation using the SAE method. The
estimation results from SAE with Measurement Error model are more homogeneous than the direct
estimation and indirect estimation using the SAE EBLUP method.
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4.2 MSE Comparison of Happiness Index 2017 Estimates
A review of whether or not the estimation results obtained through direct estimation, SAE EBLUP FayHerriot, and SAE with Measurement Error is carried out by taking into account the MSE value generated
from each model. Figure 6 is a comparison graph of the MSE directly estimated, SAE EBLUP FayHerriot, and SAE with Measurement Error.

Figure 6. Comparison graph of MSE direct estimation results, SAE EBLUP, and
SAE ME
Source: BPS and Twitter data, processed
In the figure, it can be seen that both the SAE EBLUP Fay-Herriot method and the SAE with
Measurement Error method have a smaller MSE than the direct estimate. This shows that the estimation
results obtained through the SAE method, both the EBLUP Fay-Herriot model and the Measurement
Error model, are more reliable than direct estimates. This is in line with the theory put forward by Rao
& Molina [3] and Ybarra & Lohr [12]. The MSE estimation results from the SAE EBLUP Fay-Herriot
method is the most reliable estimate which is shown by the line graph which is the lowest compared to
the other two methods. The average MSE generated by the direct estimation method, SAE EBLUP FayHerriot, and SAE with Measurement Error were 1.25, 0.75, and 0.89, respectively.
5. Mapping Happiness Index 2017
Figure 7 shows the mapping of the Happiness Index in Java Island in 2017. The white color represents
the average Happiness Index in Java Island. The red color represents the Happiness Index with a number
below the average, while the blue color is the opposite. The darker color shows the farther Happiness
Index in the district/city is from the average.
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(a)

(b)
Figure 7. Estimated Happiness Index in Java Island in 2017 using a) SAE EBLUP Fay-Herriot
method; b) SAE with Measurement Error
Source: BPS and Twitter data, processed
In the figure 7, the SAE EBLUP Fay-Herriot and SAE with Measurement Error models produce a
happiness index at the district/city level above 65. The Happiness Index itself is a scale range from 0100 with 50 as the middle number. The Happiness Index, which is above 50 and close to 100, illustrates
the living conditions of the population who are increasingly happier. That way, it can be said that the
overall population on the island of Java has a level of life that tends to be happy. Overall, when viewed
from the color scale, the number of districts/cities that are colored red is higher than that of
regencies/cities that are colored blue. This means that the number of regencies/cities that have a
Happiness Index below the average on Java Island is more than that of regencies/cities that have a
Happiness Index above the average. At the district level, the district/city with the lowest Happiness
Index 2017 in Java Island using the SAE EBLUP Fay-Herriot method and SAE with Measurement Error,
respectively, is occupied by Garut Regency (West Java Province) with a figure of 66.49 and Ciamis
Regency (West Java Province) with a figure of 66.85. On the other hand, Gresik Regency is the
district/city with the highest Happiness Index using either the SAE EBLUP Fay-Herriot model and the
SAE Measurement Error with figures of 75.16 and 70.70, respectively. The district/city with the lowest
Happiness Index in 2017 on Java Island using the SAE EBLUP Fay-Herriot method and SAE with
Measurement Error, respectively, is occupied by Garut Regency (West Java Province) with a figure of
66.49 and Ciamis Regency (West Java Province) with a figure of 66.85. On the other hand, Gresik
Regency is the district/city with the highest Happiness Index using either the SAE EBLUP Fay-Herriot
model and the SAE Measurement Error with figures of 75.16 and 70.70, respectively. The district/city
with the lowest Happiness Index in 2017 on Java Island using the SAE EBLUP Fay-Herriot method and
SAE with Measurement Error, respectively, is occupied by Garut Regency (West Java Province) with a
figure of 66.49 and Ciamis Regency (West Java Province) with a figure of 66.85. On the other hand,
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Gresik Regency is the district/city with the highest Happiness Index using either the SAE EBLUP FayHerriot model and the SAE Measurement Error with figures of 75.16 and 70.70, respectively.
6. Evaluation SAE Model implementation by Utilizing Big Data
Estimation directly at the small area level often has a sample adequacy problem so that the resulting
estimator is less precise. To meet the assumption of sample adequacy, it is necessary to add more
samples until the number of samples is met. However, of course this will cost a lot of money so that it
can be said that the survey is not cost efficient. On the other hand, the precision of the estimator is very
important so that the data describes the actual conditions and can be utilized by various parties. Of
course, in conducting the survey, it is expected that the resulting data will have a very small error rate
because the smaller error, the more reliable the data will be.
Small Area Estimation is an alternative to this problem because this method can increase precision
without increasing the number of samples so that it is more cost efficient. In the previous subsection,
the comparison between direct and indirect estimates of the Happiness Index 2017 has been explained.
Of course, by fulfilling all assumptions, the estimation results obtained by the Small Area Estimation
method are more reliable than direct estimates.
There are two Small Area Estimation models used in this study, namely the SAE EBLUP Fay-Herriot
model and the SAE model with Measurement Error. Based on the explanation in the previous subsection,
the estimation results using the SAE EBLUP Fay-Herriot model are better than the estimation results
using the SAE with Measurement Error model. However, the Fay-Herriot SAE EBLUP model requires
auxiliary variables that do not contain errors or in other words come from census data. Census data
covers all elements of the population. This of course requires a very large cost. Therefore, the Population
Census, Agricultural Census, and Economic Census are conducted every 10 years. The Potensi Desa
(Podes) data is also carried out thoroughly so that it does not have a sampling error. Podes only done 3
times in 10 years, i.e. every 2 years before the census to support the smooth implementation of the
census. Because Podes data is not available every time, sometimes the auxiliary variables sourced from
Podes data become less relevant.
On the other hand, there is massive data available in real-time called big data. The availability of big
data can certainly be useful if managed properly. In the previous subsection, the Small Area Estimation
method has been combined with big data and produces a smaller error rate than direct estimation.
Although the estimation results of the Small Area Estimation EBLUP Fay-Herriot model with the
auxiliary variable Podes are more precise, big data (in this case Twitter data) can be an alternative when
there is no relevant census/survey data to be used as auxiliary variables in the SAE method.
In addition to the availability of real-time data, the costs involved in collecting big data are relatively
small. Big data can also be obtained to the smallest level of an area and even individuals. In addition,
big data is also very diverse so that many fields can take advantage of this massive data.
In using Twitter data as an auxiliary variable, it is important to note that Twitter data has a selfselection bias. However, in this study there is limited information so it is assumed that this bias can be
ignored as has been done in previous studies [4]. In addition, the Twitter scoring variable generated from
processed Twitter data can be affected by measurement errors because sometimes there are "happy
tweets" that do not match "happy people". Therefore, the SAE model that can be used with the auxiliary
variables for Twitter data is the EBLUP Fay-Herriot model that has been developed by Ybarra and Lohr
called SAE with Measurement Error [12]. This model takes into account random errors in the covariates
when the auxiliary variables are derived from the survey.
Utilization of big data that is considered big for now can be considered normal in the future. What is
needed is the development of skills to handle data and assess its use in statistical models, as has been
done in the SAE model with Measurement Error in this study.
7. Conclusion
Based on the exposure in the previous chapters, the conclusions obtained from this study are as follows.
1. The districts/cities with the lowest Happiness Index 2017 in Java Island using the SAE EBLUP
Fay-Herriot method and SAE with Measurement Error are respectively occupied by Garut
Regency (West Java Province) with a figure of 66.49 and Ciamis Regency (West Java Province)
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2.
3.

with a figure of 66.85. On the other hand, Gresik Regency is the district/city with the highest
Happiness Index using both the SAE EBLUP Fay-Herriot model and the SAE with
Measurement Error with figures of 75.16 and 70.70, respectively.
The MSE generated from the Small Area Estimation estimate is smaller than the direct estimate,
meaning that it is proven that the estimator generated from the SAE method is more reliable.
The error rate of the SAE EBLUP Fay-Herriot model with the auxiliary variable Podes is lower
than the SAE model with Measurement Error with the auxiliary variable Twitter scoring. Even
so, big data can still be used as an alternative to the auxiliary variables for the SAE model
because big data covers up to the smallest area and even individuals, is available in real-time,
and the costs incurred are relatively low.

8. Suggestions
The suggestions that can be applied to further research are as follows.
1. Scoring tweets semantically.
2. Reviewing the combination of Small Area Estimation with other big data sources, such as
Google Trends, Instagram data, Mobile Positioning Data, etc.
3. Create a web-based system or application that can process Twitter data as well as calculate the
Happiness Index using the SAE with Measurement Error method.
4. Utilizing Twitter data as an auxiliary variable in the SAE model to estimate other indicators,
such as households' share of food consumption expenditure in Indonesia.
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Abstract. Maluku Province has the third highest average length of schooling (RLS) for women
nationally, but the rate of female workers with below normal working hours (part-time workers)
is quite high. This study aims to determine the general description of married women age 15-49
years as part-time worker in Maluku and the determinants, also their tendency based on the
significant variables using data from the National Labor Force Survey (Sakernas) August 2019.
The analytical method used is multinomial logistic regression. The results of the study indicate
the variables that significantly affect the part-time worker status of married women of
reproductive age are employment status, income, and business field. The status of involuntary
part-time worker (underemployed) significantly affected by age, work sector, disability, and the
presence of toddlers. The status of voluntary part-time workers significantly affected by regional
classification and education. The tendency to become underemployed is highest among those
who have incomes below the minimum wage, work in agricultural sector, and work in informal
sector. Meanwhile, the tendency to become voluntary part-time workers is highest among those
who have incomes below the minimum wage, and work in the agricultural sector. So, policy
makers must ensure married women get a decent paid job.

1. Introduction
In this modern era, the development women role as housewives to become working women is increasing
rapidly. Based on data from the August National Labor Force Survey (Sakernas), from 2015 to 2019 the
female labor force participation rate (LFPR) in Indonesia is increasing every year. In 2015, female LFPR
was still at 48.97 percent. In the following year, female LFPR increased to 50.77 percent and continue
to rise until 2019 reached 51.89 percent. This shows that more and more women are actively involved
in the economy by entering the labor market.
Women in developing countries, such as Indonesia, still have greater barriers to deciding to enter the
labor market than men. This relates to the dual role of women as housewives who are responsible for
household affairs, including raising children, as well as women workers. Duxbury and Higgins suggest
that the involvement of women in the world of work provides a double burden for women [1]. Women
are asked to commit to their work like men, while at the same time they must prioritize the role of the
family as housewives. The role of women as workers as well as housewives can bring women in a
condition where women are unable to balance themselves, resulting in a clash between responsibilities
as workers and as housewives.
With this dual role, many women prefer to work under normal working hours (35 hours/week) or
commonly referred to as part-time workers because it is considered a middle way for women to balance
work and family. Higgins et al. suggest that part-time work is associated with lower work-to-family
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disruption, better time management skills, and greater life satisfaction for women in both career and
breadwinner positions [2]. This can be seen from the high percentage of female part-time workers in
Indonesia. In August 2019, the rate of female part-time workers amounted to 38.39 percent, much higher
than men who only amounted to 22.92 percent. Furthermore, as many as 83.69 percent of part-time
female workers are voluntary part-time workers, while the rest are involuntary part-time workers
(underemployed) or forced to work under normal working hours.
Although being a part-time worker is considered a middle way, the high number of part-time workers
has an impact on the low level of productivity and income earned by workers [3]. This is because the
high number of part-time workers can be seen as a large number of the labor force absorbed in less
decent jobs. This can be seen from the low income earned by women and the large number of women
who are family/unpaid workers. Based on Sakernas data in August 2019, the majority of female parttime workers are family/unpaid workers, which is 36.88 percent of all part-time workers. In addition,
part-time female workers had an average income of 42.23 percent lower than male workers. This gap is
much larger when compared to full-time workers where the average income of female workers is only
24.91 percent lower than male workers.
On the other hand, women's decision to work normal hours and above, or commonly referred to as
full-time workers, will reduce the time to take care of the household and take care of children. This will
create new problems for women as housewives. The tendency to work outside the home would have
consequences well as various social implications, such as increasing delinquency due to lack of parental
supervision, and the looser the values of marital/family ties [4].
One of the target of 8th SDGs is to achieve permanent and productive work and decent work for the
entire population, including for women. Efforts to improve education for women are expected to
encourage more women to work properly and productively.). Education does not only increase
knowledge, but also increases work skills, so that it will increase work productivity [5]. However, the
high achievement of development in the field of education does not necessarily solve the employment
problem of women in Maluku Province. Maluku Province is the province with the average length of
school (RLS) for women third highest in Indonesia in 2019 with RLS reached 9.66 years [6]. Among
the 5 provinces with the highest RLS women in Indonesia, Maluku has the highest level of female parttime workers, which is 45.58 percent in 2019. The high level of casual workers in Maluku is partly due
to the large contribution of underemployed, there are 12.82 percent of underemployed of all female
workers, which is the highest rate among all provinces in Indonesia.
There has not been much research on married women that are part-time workers in Indonesia.
Research by Berliana and Purbasari who conducted research on married women workers in Indonesia
using Sakernas data stated that there was a relationship between age, education, number and
characteristics of household members, classification of area of residence, status in employment, and
spouse's working status with the number of working hours of married women in a week [4]. However,
in this study women over 49 years of age were included in the unit of analysis and a 40 hour work week
cut-off was used to differentiate between full and part-time workers. In addition, the study has not
differentiated part-time workers into underemployed and voluntary part-time workers. In this study,
married women aged 15-49 years were used as the unit of analysis and cut off working hours of 35 hours
a week to distinguish full and part-time workers, then part-time workers would be divided into
underemployed and voluntary part-time workers.
2. Methodology
2.1. Theoretical basis
The concepts and definitions used in the collection of employment data by Badan Pusat Statistik (BPS)
are The Labor Force Concept suggested by the International Labor Organization (ILO). This concept
divides the population into two groups, namely the working age population and the non-working age
population. Furthermore, the working age population is also divided into two groups based on the main
activities they are doing. The group is the labor force and not the labor force. The population in the labor
force are people of working age (15 years and over) who work, or have a job but are temporarily
unemployed and unemployed. While residents who are not in the labor force are people of working age
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(15 years and over) who are still in school, taking care of the household or carrying out other activities
other than personal activities [7].
There are two concepts that can be used to determine whether a person is included in the workforce
or not, namely the gainful worker approach (the habitual approach) and the labor force approach (the
current approach) [8]. In the gainful worker approach, someone within a certain age will be asked what
activities they usually do. When a person is usually routine school activities, but at the time of
enumeration was looking for a job, then the concept of gainful worker approach that person will DIMA
be incorporated in the school category. Mantra states that this concept is not able to provide an accurate
statistical picture between those who are working and those who are looking for work. Another approach
is the labor force approach [8]. In this approach, the entire population in a certain age group and in a
certain period of time such as a month or a week ago was asked about the main activities. With this clear
time reference, the population aged 15 years and over will be easily differentiated into the labor force
and non-labor force. The concept of labor force used by BPS uses a time reference of one hour for a
week. However, this concept also still has a weakness where those who only work are considered
working [8].
A demographer, Philip M. Hauser, created a new approach called the labor utilization approach as a
refinement of the labor force approach for an agrarian country [8]. Improvements made only to the labor
force group. Those who work are divided into two, namely the fully employed workforce which is
defined as being fully employed and the labor force that is not fully utilized as under employed/underutilized. This division is based on the number of hours worked during the week where under-employed
is better known as part-time workers [8]. In a subsequent development, BPS developed a new concept
of part-time workers in terms of working hours, namely if less than 35 hours a week.
Workers are divided into two according to their working hours, namely full-time workers and parttime workers. Full-time workers are those who work at least the same as normal working hours (35
hours a week), while part-time workers are those who work under normal working hours (less than 35
hours a week). Part-time workers consist of underemployed and voluntary part-time workers.
Underemployed are those who work under normal working hours, and are still looking for work or are
still willing to accept work. Meanwhile, voluntary part-time workers are those who work under normal
working hours, but are not looking for work or are not willing to accept another job [7].
Variables that can affect part-time work status include disability, presence of toddlers in the house
[9], type of business field, work sector [10], status at household [11], age, education, status at work [4],
and income [12].
2.2. Collecting data method
This study uses secondary data from the August 2019 National Labor Force Survey (Sakernas)
conducted by BPS covering all regions in Indonesia, this survey used the two stage one phase stratified
sampling method as the data collection method. The unit of analysis in this study is female workers aged
15-49 years who are married in Maluku Province. There are 1827 units of analysis used in this study.
From this, there are 929 who work under normal working hours (part-time workers) and 898 who work
full time. Women of reproductive age with married status who work part-time consists of 268
involuntary part-time workers (underemployed) and 661 voluntary part-time workers.
The response variable used in this study is the working status of married women of reproductive age
which is categorical. The response variable consists of three categories, namely full-time workers,
underemployed workers, and voluntary part-time workers. While the predictor variables used in the
study consisted of regional classification, age, status in the household, work sector, status at work,
education, income, disability, type of business field, and toddlers in the house. All predictor variables
used are categorical.
2.3. Analysis method
Descriptive and inferential analysis were used to answer the research objectives. Descriptive analysis in
this study is displayed in the form of a graph. While the inferential analysis in this study was carried out
using multinomial logistic regression analysis.
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Regression analysis is used when predicting the relationship between the response/bound variable
(response variable) and the predictor/independent variable (predictor variable). In cases where the
response variable is discrete with two or more possible answers, a logistic regression model is often
applied [13]. Just like other regression models, the analysis using the logistic regression model aims to
find the best model that can explain the relationship between the response variable and the predictor
variable. Kleinbaum & Klein define logistic regression as a mathematical modelling approach that can
be used to explain the relationship of several predictor variables to dichotomous response variables [14].
Logistic regression also has the advantage of being able to handle many variables, some of which may
have different measurement scales [13]. To analyse the case of regression in which the response variable
is qualitative data with more than two categories, multinomial logistic regression is the right method to
use [15].
Suppose there are three categories in the response variable which are coded 0, 1, and 2. Then two
logit functions are needed, because one of the categories is a reference category. Usually, the reference
category is the response variable with code 0, which will be used as a comparison of the response
variable with other codes (i.e., 1 and 2). So that two logit models are formed as follows:
𝑃(𝑌=1|𝑥)

𝑔1 (𝑥) = 𝑙𝑛 [𝑃(𝑌=0|𝑥)] = 𝛽10 + 𝛽11 𝑥1 + 𝛽12 𝑥2 + ⋯ + 𝛽1𝑝 𝑥𝑝
𝑔2 (𝑥) = 𝑙𝑛 [
where:
𝛽
𝑝

=
=

𝑃(𝑌=2|𝑥)
]
𝑃(𝑌=0|𝑥)

= 𝛽20 + 𝛽21 𝑥1 + 𝛽22 𝑥2 + ⋯ + 𝛽2𝑝 𝑥𝑝

(1)
(2)

model parameters
number of predictor variables

The estimation method used to estimate the parameters in the multinomial logistic regression
model is maximum likelihood estimation (MLE). According to Hosmer and Lemeshow, MLE method
is a method performed by maximizing the opportunities of the data observations were obtained using a
function of likelihood [13].
𝑛

𝐿(𝜷) = ∑ 𝑦1𝑖 𝑔1 (𝑥𝑖 ) + 𝑦2𝑖 𝑔2 (𝑥𝑖 ) − ln (1 + 𝑒 𝑔1 (𝑥𝑖) + 𝑒 𝑔2 (𝑥𝑖)

(3)

𝑖=1

The steps of multinomial logistic regression analysis are as follows:
a. Model Building
The multinomial logistic regression model formed in this study is as follows:
1. The model of underemployed compared to full-time worker:
𝑔1 (𝑥) = 𝛽10 +𝛽11 𝐷1 + 𝛽12 𝐷2 + 𝛽13 𝐷3 + 𝛽14 𝐷4 + 𝛽151 𝐷51 + 𝛽152 𝐷52 + 𝛽161 𝐷61 + 𝛽162 𝐷62 +
𝛽17 𝐷7 + 𝛽18 𝐷8 +𝛽191 𝐷91 + 𝛽192 𝐷92 + 𝛽110 𝐷10

(4)

2. The model of voluntary part-time workers compared to full-time workers:
𝑔2 (𝑥) = 𝛽20 + 𝛽21 𝐷1 + 𝛽22 𝐷2 + 𝛽23 𝐷3 + 𝛽24 𝐷4 + 𝛽251 𝐷51 + 𝛽252 𝐷52 + 𝛽261 𝐷61 +𝛽262 𝐷62 +
𝛽27 𝐷7 + 𝛽28 𝐷8 + 𝛽29 𝐷91 + 𝛽29 𝐷92 + 𝛽210 𝐷10

(5)

b. Goodness of Fit Test
The goodness of fit test is a test carried out to determine whether the model formed is effective in
explaining the response variable [13]. Hosmer and Lemeshow said that this condition was
achieved if the model already contained the variables that should have been included in the model
and had been entered in the correct functional form. One way to perform this test is through the
Hosmer-Lemeshow test [13]. The Hosmer-Lemeshow test statistic (𝐶̂ ) was obtained by
calculating the Pearson chi-square table value 𝑔 × 2 of the observed frequency and the estimated
expected frequency. The formula used to calculate the 𝐶̂ value is as follows:
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𝑔

𝐶̂ = ∑
𝑘=1

where:
𝑜𝑘
𝑐𝑘

(𝑜𝑘 − 𝑛𝑘′ 𝜋̅𝑘 )2
𝑛𝑘′ 𝜋̅𝑘 (1 − 𝜋̅𝑘 )

(6)
𝑐

=
=

𝑘
The total value of the response variable, 𝑜𝑘 = ∑𝑗=1
𝑦𝑗 .

𝜋̅𝑘

=

𝑘
The average probability estimate in the 𝑘-th decile, 𝜋̅𝑘 = ∑𝑗=1

𝑛𝑘′

=
=

the number of subjects in the k decile.
number of groups (deciles).

𝑔

The number of combinations of predictor variables in the 𝑘-th decile
𝑐

-th

̂𝑗
𝑚𝑗 𝜋
′
𝑛𝑘

c. Simultaneous Test of Parameter Estimator Significance
The significance test of the parameter estimators was simultaneously carried out to determine the
significance of the effect of the response variables together on the predictor variables. This test
can be done by using test statistics or likelihood ratio test. The likelihood ratio test statistic (G)
is obtained by calculating the following formula:
𝐿

𝐺 = −2𝑙𝑛 [𝐿0 ] ~ χ2(𝑝)
1

(7)

with:
= maximum likelihood value of a function without predictor variables
𝐿0
= the maximum likelihood value of the function with all predictor variables
𝐿1
null hypothesis (𝐻0 ) of the likelihood ratio test is 𝛽1 = 𝛽2 = ⋯ = 𝛽𝑝 = 0 or there is no
significant effect between all predictor variables simultaneously on the response variable. The
likelihood ratio test statistic follows the chi-square probability distribution with degrees of
freedom equal to 𝑝 (χ2(𝑝) ). p is the difference between the number of parameters in the model with
predictor variables and the model without predictor variables. The decision to reject 𝐻0 is
obtained when the value of G is greater than the value of χ2𝛼(𝑝) or when the value of p-value is
smaller than value of 𝛼.
d. Partial Test of parameter Estimator Significance
The partial parameter estimator significance test is a parameter test conducted to determine the
significance of the effect of each predictor variable on the response variable. The test is
performed by using the Wald test statistic (W) which is obtained by calculating the following
formula:
2

̂
𝛽

with:
𝛽̂𝑗

𝑊 = [𝑆𝐸(𝛽𝑗̂ ] ~ χ2(1)
)
𝑗

(8)

=

estimation of the regression coefficient of the-j predictor variable.
the standard error value of the -j estimated predictor variable regression
𝑆𝐸(𝛽̂𝑗 ) =
coefficient.
= 1, 2, …, 𝑝, where 𝑝 is the number of predictor variables.
𝑗
null hypothesis (𝐻0 ) of Wald test is 𝛽𝑗 = 0 or there is no significant effect between the-j predictor
variables to the response variable. Wald test statistics follows the probability distribution chisquare with a degree of freedom equal to 1(χ2(1) ). The decision to reject 𝐻0 is obtained when the
value of 𝑊 is greater than the value of χ2α(1) or when the value of p-value is smaller than value of
𝛼.
e. Odds Ratio Interpretation
Hosmer and Lemeshow state that the odds ratio value can be obtained by the following formula
[13]:
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𝑂𝑅𝑗 (𝑎, 𝑏) =

𝑃(𝑌
𝑃(𝑌

= 𝑗|𝑥 = 𝑎)⁄𝑃(𝑌 = 0|𝑥 = 𝑎)
= 𝑗|𝑥 = 𝑏)⁄𝑃(𝑌 = 0|𝑥 = 𝑏)

(9)
(10)

𝑂𝑅 = 𝑒 𝛽𝑗

With j = 1, 2 and 𝛽𝑗 is the value of the-𝑗 model parameter. OR is nonnegative. Value of 𝑂𝑅
that is greater than one explains that the predictor variable with 𝑥 = 𝑎 tend to have experience
the event Y = j compares with 𝑌 = 0 (Agresti, 2013: page 44). Value of 𝑂𝑅 less than one shows
that predictor variable 𝑥 = 𝑏 has a tendency of 1/𝑂𝑅 to experience the event 𝑌 = 𝑗 compare
with 𝑌 = 0.
th

3. Results and discussion
The discussion of the results of research and testing obtained is presented in the form of theoretical
descriptions, both qualitatively and quantitatively. The results of data processing by descriptive is
presented with graphics or tables. The data presented is the result of population estimates from the
August 2019 SAKERNAS data.
Based on the results of the processing of raw data SAKERNAS August 2019, it is estimated that 50.6
percent of married women of reproductive age in Maluku Province is a worker. Of these, an estimated
55.84 percent of full-time workers, 14.05 percent underemployed, and 30.10 percent of voluntary parttime workers.
The description of the employed married women of reproductive age by district/city in Maluku
Province can be seen in Figure 4. From the figure, it can be seen that the majority of districts/cities in
Maluku have a percentage of part-time workers above 40 percent. This shows that most districts/cities
in Maluku have a fairly high level of part-time workers. East Seram Regency is the area with the highest
part-time workers rate, which is 77.35 percent. There are only three districts / cities with the rate of parttime workers below 40 percent, which is South Buru Regency (27.38 percent), West Seram regency
(36.21 percent) and Ambon (32.98 percent).
Meanwhile, there are five regencies/cities with an underemployment rate of more than 18 percent.
Among these five areas, Southeast Maluku Regency is the most interesting to note because the
underemployment rate is very high, which is almost 20 percent, while the part-time worker rate is not
really high compared to the other areas. Two regency/cities with the highest levels of underemployed
are East Seram Regency (27.5 percent) and the Tual city (22.85 percent).
South Buru 6.17%

17.21%

Ambon 7.10%
West Seram

8.64%

27.57%

19.76%

Southeast Maluku
Southwest Maluku

25.88%
24.15%

9.29%

40.04%

12.13%

Aru Islands

38.22%

19.61%

West Southeast Maluku

35.14%

13.68%

Buru

43.03%

22.85%

Tual

36.76%

18.80%

Central Maluku

43.86%

27.50%

East Seram
0%

10%

20%

49.85%
30%

Involuntary

40%

50%

60%

70%

80%

Voluntary

Figure 4. Percentage of married women of reproductive age in Maluku by district/city and
part-time work status in 2019
Source: August 2019 Sakernas data processed
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The general description of the working status of married women workers of reproductive age based
on their characteristics is presented in Table 1. The percentage of women workers of reproductive age
who are married as part-time workers mostly have characteristics such as living in rural areas, aged 1524 years, not the head of the household, work in the informal sector, unpaid workers, education below
senior high school, income below the minimum wage (UMP), have disability, work in agricultural
business types, and have at least one toddler in the house.
Table 1. Percentage of student commuters by predictor variable
No.
(1)
1

Variable

Variable Category

(2)
Region
classification
Age

(3)
Urban
Rural
2
15-24 years old
25-49 years old
3
Status in the
Head of household
household
Not the head of the
household
4
Work sector
Formal
Informal
5
Status in work
Unpaid workers
Paid workers
Entrepreneur
6
Education
> Senior High School
Senior High School
< Senior High School
7
Income
UMP (minimum wage)
< UMP (minimum wage)
8
Disability
Yes
No
9
Type of
Service
business field
Agriculture
Industry
10
Toddler in the
Yes
house
No
Source: August 2019 Sakernas data processed.

(4)
71.87%
46.07%
36.03%
56.89%
63.86%
55.63%

Working Status
Involuntary Parttime
(Underemployed)
(5)
8.33%
17.54%
33.85%
13.01%
6.02%
14.27%

77.51%
43.76%
30.80%
77.20%
53.48%
80.52%
58.38%
41.05%
83.73%
46.59%
46.05%
56.40%
71.58%
29.72%
41.51%
54.34%
56.94%

5.03%
19.09%
20.83%
5.36%
17.45%
5.22%
13.51%
19.10%
2.33%
17.94%
18.25%
13.82%
7.84%
23.33%
22.53%
16.68%
12.14%

Full-time

Voluntary
Part-time
(6)
19.79%
36.39%
30.12%
30.1 0 %
30.12%
30.10%
17.46%
37.15%
48.37%
17.44%
29.07%
14.26%
28.11%
39.85%
13.95%
35.46%
35.70%
29.79%
20.58%
46.94%
35.97%
28.98%
30.92%

Inferential Analysis
The inferential analysis used in this study is multinomial logistic regression analysis with the
parameter estimation method using MLE. The multinomial logistic regression method was used because
the response variable used in this study is a categorical variable which has three categories, full-time
workers, involuntary part-time workers, and voluntary part-time workers. The full-time worker category
is used as the reference category.
The goodness of fit results of the model can be seen in table 2 which shows a chi-square value of
14,327 with a p-value of 0,5774. With a p-value of more than 10 percent alpha, it can be decided to fail
to reject H0. So, it can be concluded that the multinomial logistic regression model is suitable for the
data.
Table 2. Goodness of Fit model test results
Chi-Square
(1)
14.327

Sig.
(2)
0.5744

df
(3)
16
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Furthermore, the significance test of parameter estimation was carried out simultaneously.
Simultaneous test shows chi-square value of 394.12 with a p-value of 0.0000. With a p-value that is less
than 10 percent alpha, it can be decided to reject H0. So it can be concluded that there is at least one
predictor variable that has a significant effect on the response variable.
Table 3. Simultaneous test results
Chi-Square
(1)
394.12

Sig.
(2)
0.0000

df
(3)
26

After testing the significance of the parameter estimation simultaneously, then a partial test is
carried out. The results of the partial test in table 4 show that in model 1 there are 7 variables that have
a p-value of less than 10 percent alpha. So it can be decided to reject H0 on the 7 variables. Thus, it can
be concluded that the 7 predictor variables have a significant effect on the working status of married
women of reproductive age to become underemployed. The 7 variables are age, status in the household,
work sector, status at work, income, disability, type of business field, and toddler in the house. In this
case, in model 1 the variables of regional classification, education, and status in the household have no
significant effect on the response variable.
Table 4. Partial test results
Variable
(1)

Underemployed (Model 1)
Odds
Coef.
SE
Sig.
ratio
(2)
(3)
(4)
(5 )

Intercepts *
-4.8610
Region classification
Rural (D1)
0.2147
Urban (ref)
Age
15-24 years
0.9232
(D2) **
25-49 years (ref)
Status in the household
KRT (D3)
0.1070
Not KRT (ref)
Work sector
Informal (D4) **
1.2588
Formal (ref)
Status at work
Paid workers
(D51) **
1.0679
Entrepreneur
workers (D52) ***
0.1079
Family/unpaid
workers (ref)
Education
High School
0.2318
(D 61 ) ***
-0.1046
< SMA ( D 62 ) ***
> high school (ref)

0.7501

0.0000

0.1952

0.2713

0.3055

Voluntary Part Time (Model 2)
Odds
Coef.
SE
Sig.
ratio
(6 )
(7)
()
(9)
-1.7163

0.6029

0.0012

1.24

0.3330

0.1375

0.0155

1.40

0.0025

2.52

0.0452

0.3007

0.8806

1.05

0.5279

0.8392

1.11

0.2957

0.3346

0.3768

1.34

0.6313

0.0461

3.52

0.0503

0.4823

0.9169

1.05

0.6306

0.0904

2.91

-0.0814

0.5013

0.8711

0.92

0.1894

0.5689

1.11

-0.3378

0.1538

0.0280

0.71

0.3155
0.3349

0.4626
0.7547

1.26
0.90

0.3356
0.4160

0.2023
0.2233

0.0972
0.0625

1.40
1.52
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Variable

Underemployed (Model 1)
Odds
Coef.
SE
Sig.
ratio

Income
< UMP ( D 7 ) *
1.4998
UMP (ref)
Disability
Yes (D8) **
0.6114
No (ref)
Type of business field
Agriculture (D91)*
1.4249
Industry (D92) *
1.0229
Services (ref)
Toddler in the house
Yes (D10) **
0.3050
None (ref)

Voluntary Part Time (Model 2)
Odds
Coef.
SE
Sig.
ratio

0.3381

0.0000

4.48

0.6946

0.1798

0.0001

2.00

0.2931

0.0370

1.84

0.18175

0.2399

0.4486

1.20

0.2311
0.2465

0.0000
0.0000

4.16
3.28

1.1867
0.4827

0.1724
0.1956

0.0000
0.0136

2.78
1.62

0.1527

0.0458

1.36

-0.0845

0.1147

0.4612

0.92

Note: * significant across the model at the 10% significance level.
** significant in model 1 at the 10% significance level.
*** significant in model 2 at the 10% significance level.

Meanwhile in model 2 there are 5 variables that have a p-value of less than 10 percent alpha. So
it can be decided to reject 𝐻0 on the 5 variables. Thus, it can be concluded that the 5 predictor variables
have a significant effect on the working status of married women of reproductive age to become
voluntary part-time workers. The 5 variables are regional classification, employment status, education,
income, and type of business field. In this case, in model 2, the variables of age, status in the home,
sector of work, physical disorders, and toddlers in the home have no significant effect on the response
variables.
Referring to the parameter estimation results, the multinomial logistic modelling for the working
status of married women workers of reproductive age in Maluku in 2019 can be written as follows:
𝑔1 (𝑥) = −4.8610 + 0.2147𝐷1 + 0.9232𝐷2 ∗ + 0.107𝐷3 + 1.2588𝐷4 ∗ + 1.0679𝐷51 ∗ + 0.1079𝐷52
+ 0.2318𝐷61 − 0.1046𝐷62 + 1.4998𝐷7 ∗ + 0.6114𝐷8 ∗ + 1.4249𝐷91 ∗ + 1.0229𝐷92 ∗
+ 0.3050𝐷10 ∗
𝑔2 (𝑥) = −1.7163 + 0.333𝐷1 ∗ + 0.0452𝐷2 + 0.2957𝐷3 + 0.0503𝐷4 − 0.0814𝐷51 − 0.3378𝐷52 ∗
+ 0.3356𝐷61 ∗ − 0.416𝐷62 ∗ + 0.6946𝐷7 ∗ + 0.1818𝐷8 + 1.1867𝐷91 ∗ + 0.4827𝐷92 ∗
− 0.0845𝐷10
Note:
𝑔1 (𝑥) : logit equation for the underemployed category
𝑔2 (𝑥) : logit equation for the voluntary part-time workers category
*) significant at 10 percent significance level
The interpretation of the odds ratio of each predictor variable for each model is explained as follows:
1. Model 1 (Underemployed compared to Full-time worker)
Age variable had an odds ratio of 2.52. This means that married female workers aged 15-24 years
have a tendency of 2.52 times to become underemployed compared to married female workers aged
25-49 years assuming other predictor variables are constant.
Work sector variable had an odds ratio of 3.52. This means that married women of reproductive
age who work in the informal sector have a 3.52 times tendency to become underemployed compared
to married women of reproductive age who work in the formal sector assuming other predictor
variables are constant.
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Status at work variable of paid workers category had an odds ratio of 2.91. This means that
married women of reproductive age who work as paid workers have a tendency of 2.91 times to
become underemployed compared to married women of reproductive age who work as unpaid
workers assuming the other predictor variables are constant.
Income variable had an odds ratio of 4.48. This means that married women workers of
reproductive age with incomes below the minimum wage have a 4.48 times tendency to become
underemployed compared to married women workers of reproductive age who work with incomes
below the minimum wage by assuming the other predictor variables are constant.
Disability variable had an odds ratio of 1.84. That is, married women workers of reproductive age
who have physical disorders have a tendency of 1.84 times to become underemployed compared to
married women workers of reproductive age who do not have physical disorders by assuming the
other predictor variables are constant.
Type of business field variable of agricultural category had an odds ratio of 4.16. This means that
married women of reproductive age who work in the type of agricultural business sector have a
tendency of 4.16 times to become underemployed compared to married women of reproductive age
who work in the service business field, assuming the other predictor variables are constant. While
the type of business field variable of industry category had an odds ratio of 3.28. This means that
married women workers of reproductive age who are working on the type of industrial business field
have a tendency 3.28 times to be underemployed than married women of reproductive age workers
who work on the type of field services business by assuming the other predictor variables constant.
Toddler in the house variable had an odds ratio of 1.36. This means that married female workers
of reproductive age who have at least a toddler in their house have a 1.36 times tendency to become
underemployed compared to married women workers of reproductive age who have no toddler in
their house by assuming the other predictor variables are constant.
2. Model 2 (Voluntary Part Time Workers compared to Full-time worker)
Region classification variable had an odds ratio of 1.4. That is, workers married women of
reproductive age who live in the rural area have a tendency of 1.4 times to be voluntary part-time
workers compared to married women of reproductive age who live in urban area by assuming the
other predictor variables constant.
Status at work variable of entrepreneur category have the odds ratio of 0.71. This means that
married women of reproductive age who work as entrepreneur have a tendency of 0.71 times to
become voluntary part-time workers compared to married women of reproductive age who work as
unpaid workers assuming the other predictor variables are constant. Or in other words, married
women of reproductive age who work as unpaid workers have a tendency of 1.43 times to become
voluntary part-time workers compared to married women of reproductive age who work as
entrepreneur assuming the other predictor variables are constant.
Education variable of senior high school category had an odds ratio of 1.4. This means that
workers married women of reproductive age with a senior high school education have a tendency 1.4
times to be voluntary part-time workers compared to married women of reproductive age with
education above senior high school by assuming other predictor variables constant. While the
education variable of below senior high school had an odds ratio of 1.52. This means that married
female workers of reproductive age with education below senior high school have a tendency of 1.52
times to become voluntary part-time workers compared to married female workers of reproductive
age with education above senior high school assuming the other predictor variables are constant.
Income variable has an odds ratio of 2. This means that married women of reproductive age with
incomes below the minimum wage have a 2 times tendency to become voluntary part-time workers
compared to married women of reproductive age who work with incomes of the minimum wage and
above, assuming the other predictor variables are constant.
Types of business field variable of agricultural category has an odds ratio of 2.78. This means
that married women of reproductive age who work in the type of agricultural business sector have a
2.78 times tendency to become voluntary part-time workers compared to married women of
reproductive age who work in the service business field, assuming the other predictor variables are
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constant. While the variable type of business field industry category has an odds ratio of 1.62. This
means that married women of reproductive age who work in the industrial type of business sector
have a 1.62 times tendency to become voluntary part-time workers compared to married women of
reproductive age who work in the service business field, assuming the other predictor variables are
constant.
4. Conclusions and suggestions
Based on the results of the analysis and discussion above, the following conclusions are obtained.
1.
Half of all married women of reproductive age in Maluku Province are workers. Of these, almost
half are part-time workers. By region, Seram Timur has the highest level of part-time workers.
Married women of reproductive age as underemployed mostly live in rural areas, are aged 15-24
years, are not the head of household, work in the informal sector, are paid workers or entrepreneur,
have education below senior high school, have an income below the minimum wage, have
disability, work in a type of agricultural work, and have at least a toddler in the house. The
characteristics of married women of reproductive age as voluntary part-time workers are mostly
the same as those of the underemployed, the difference is that most voluntary part-time workers
are those who don’t have toddler in their house.
2.
The variables that significantly affect the working status of married women of reproductive age
to become part-time workers, both underemployed and voluntary part-time workers are status at
work, income, and type of business field. Variables of age, work sector, disability, and toddlers
in the house only affect the working status of being underemployed. While the regional
classification and education variables only affect the working status of being a voluntary parttime worker.
3.
Female workers of reproductive age who are married as underemployed (involuntary part-time
workers) tend to be 15-24 years old, work in the informal sector, are paid workers, earn below the
minimum wage, have disability, work in other types of business fields agriculture or industry, and
there are toddlers in the house. The highest tendency to be underemployed is for those who have
incomes below the minimum wage, work in agricultural or industrial types of business, and work
in the informal sector. Work in the informal sector is related with low wages, so that married
women workers aged infertile tend to want another job with a wage that is more feasible.
Meanwhile, the married women of reproductive age as voluntary part-time workers tend to live
in rural areas, status as unpaid worker, below senior high school education, earn below the
minimum wage, and work on agriculture or industry types of business. The highest propensity to
become voluntary part-time workers are for those working in the agricultural sector and earn
below the minimum wage. Married women of reproductive age in rural areas tend to become
family/unpaid workers for their husbands (usually in agriculture) to reduce production costs
which indirectly increase household income, so they don’t try to find other work because they
have spent a lot of time helping husband's work and do housework.
Based on the results and discussion described in the previous chapter, the following suggestions were
obtained.
1.
Married women of reproductive age who are married with income below the minimum wage tend
to be part-time workers, both underemployed and voluntary part-time workers. Therefore, policy
makers in Maluku Province need to pay attention to the provision of decent wages for married
women of reproductive age in order to reduce the rate of part-time worker among married women
of reproductive age, particularly the underemployment rate.
2.
The government or providers of facilities and infrastructure in Maluku Province need to improve
adequate child care facilities around workplaces in the formal sector and impose flexible working
hours for women with toddlers so that female workers with toddlers can balance their time
between taking care of children and work so that married women of reproductive age are not only
focused on working in the informal sector.
3.
Married women of reproductive age in rural areas tend to be voluntary part time worker.
Therefore, policy makers in the Maluku province, especially in the Eastern Seram and Southeast
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4.

Maluku regions, need to be activated by entrepreneurship training for married women of
reproductive age so that the entrepreneurial spirit is awakened so that jobs in rural areas will be
more varied.
Suggestions that can be made in further research are adding predictor variables related to the
husband's characteristics of workers, such as work status and income. Then, further research is
also recommended to be able to use more recent data and use other logistic regression methods,
such as multilevel logistic regression, in order to determine the effect of regional variables, such
as population density, or spatial regression methods to see the effect of spatial effects on full-time
workers and workers. not full. Selection of a different locus or a broader one, such as Eastern
Indonesia or Indonesia can also be done in future research.
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Abstract. According to Neoclassical theory every country has to maximize their own resources
include labor, natural resources also physical resources for developing their economy. Sectorbased economic development must be carried out using comprehensive economic indicators, not
only looking at the economic structure but also being able to identify and analyze inter-industry
relationships. One of the right indicators is through the analysis of the Input-Output Table. The
I-O table used is this research are I-O Table 2010, 2016, and 2020 estimated. In this
comprehensive analysis, the Forward and Backward Linkage Indexes were calculated so that the
sectors that are included in the Leading sector can be identified. In addition, a good multiplier
analysis is carried out include output, income, labor, and value-added multiplier to see the
amount of output, income, labor, and value-added changes caused by the changes of final
demand. The results of the research show that sector that is included as a lever sector is the
manufacturing sector (sector 3) and the procurement of electricity and gas (sector 4). Sector 3 is
the most potential sector as leading sector due to some reasons this sector has a large output,
added value and input structure, and has a high multiplier for four types of multipliers and
analysis of Forward linkages and Backward Linkage Indexes shows this sector has high value.
Manufacturing industry is a strong leading sector, from this the recommendation is the
government can increase output of the manufacturing industry by give subsidy or decrease the
tax or government can decrease the price of another sector that be the intermediate sector for
manufacturing industry by giving subsidy.

1. Introduction
The Neoclassical theory of regional development was driven by Harrod-Domar and Robert Solow
(Nugroho, 2019) [10]. Harrod-Domar in Sato (1964) believes that capital must be used effectively,
because economic development is strongly influenced by the role of capital formation [16]. Meanwhile,
Solow (1956) argues that economic development is a series of activities that originate from humans,
capital accumulation, use of modern technology and output [17]. The key to the neoclassical model of
development is the aggregate of the production function. According to this theory every country has to
maximize their own resources include labour, natural resources also physical resources. The interaction
of all resources in the economic system is explained by Barbier (2003) where Kn as natural capital, Kp
as physical capital, and Kh as human capital (Figure 1) play a role in the production process that leads
to human welfare [2]. Physical capital has a role as a built environment and natural capital as aesthetic
life support. On the other side human capital as a labor in the production process also the source of
human knowledge that supports welfare.
Moreover, to develop a country economically, the government have to know and understand their
potential sector through the simple way using Gross Domestic Product (GDP) as indicator. From this
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graph below we know that five sector that have a big share in Indonesia’s GDP are manufacturing
industry; agriculture, forestry, and fisheries; wholesale and retail trade, car and motorcycle repair;
construction; also mining and excavation. On the other hand, as depicted in Figure 2, the sectors with
the biggest part contribution is the manufacturing sector with 22.04 percent on 2010 then decrease until
19.88 percent on 2020, the agriculture, forestry and fishery sectors with 13.93 percent on 2010 then
decrease until 13.7 percent on 2020, the wholesale and retail trade sector with 13.46 percent on 2010
then decrease until 12.93 percent. From these five sectors with biggest share in GDP only construction
that has positive trend from 2010, 2016, and 2020. These five sectors are thought to be potential sectors
for economic improvement and development in carrying out good economic development especially
with Indonesia condition.
Economic Process
Human
Welfare

Built Environment

Production

Kp

Kn

Aesthetic Life Support

Human Knowledge

Kh

Figure 1. Kp, Kn, and Kh in an economic system
Source: The Role at Natural Resources in Economic Development [2]
However, to determine the potential or leading sector is not sufficient when we analyse through
GDP value only, other economic indicators are also needed not only to show the economic structure,
but also to comprehensively explain the inter-sectoral linkages and multiplier effects caused by the
economic activity of the sector. The BPS-Statistics (2021) explains that the development of economic
sectors does not only rely on information on the contribution of these sectors to the economy but also
looks at the linkages of a sector with other sectors [3]. This relationship is indicated by the level of
ability of a sector to power up the economy activities. The tools or economic indicators that can be used
for identifying this inter-sectoral linkages and leading sectors is Input-Output table. The Input-Output
table presents information on the transaction of goods and services in production activities, the final
demand from supply components, and gross value added (BPS-Statistics, 2021) [3]. The aims of this
study are to analyze the leading sectors through backward and forward linkage and to explain the
economic driving sector (multiplier effect) through output, income, employment, and value-added
multiplier.
There are several previous researches related with the topic of this study, Sapanli et al (2020) used
the IO table to analyse the dynamics and policies of marine economic development in Indonesia [15]
and Widyawati (2017) who identified the linkages of the agricultural sector and its influence on the
Indonesian economy [18]. Also Manase et al (2020) that conduct a research to identify the impact of
lockdown economy to the economy activities as a whole using Input-Output Table [9]. This research
concluded that the lockdown of industries such as construction, real estate and manufacture of basic
metals reveal a very conservative preferences in terms of the target share of output of essential activities
(below 85 percent).
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22.04

20.52 19.88

13.93 13.48 13.70

13.46 13.19 12.93
10.46
7.18

9.13

10.38 10.71

6.44

Agriculture, Forestry, and Mining and excavation
Fisheries

Manufacturing Industry

2010

2016

Construction

Wholesale and retail
trade, car and motorcycle
repair

2020

Figure 2. Five Sector with Biggest Share in GDP (2010,2016, and 2020)
Source : GDP of Indonesia by Production, BPS-Statistics
2. Methodology
2.1. Data Sources
The data used in this research were sourced from publications and dynamic tables published by BPS.
The data and variables collected are as follows:
1. Input-Output Table 2010, 17x17 sectors
2. Input-Output Table 2016, 17x17 sectors
3. Gross Domestic Product (GDP) by production at constant price, 2016-2020
4. Labour of industry by field 2016-2020
5. Average wages for workers/employees by field in 2016-2020
2.2. Neoclassical Model of Regional Economic Development
This model is based on the idea that regional development depends on the availability of resources
(Dunford, 2009) [4]. The assumptions underlying this model include constant return to scale where
production costs do not change with changes in the amount of output produced, the market is perfectly
competitive where the economy consists of many companies so that nothing can affect market prices,
there is a re-employment of resources so there is no there are resources that are not empowered
(Yuniasih, 2013) [19]. The Neoclassical model adds technological development factors that can affect
revenue growth (Solow, 1956) [17]. Capital and labor are assumed to be able to take advantage of
technological developments. The production function with technological developments according to
Solow (1956) on Dunford (2009) is as follows [4]:
𝑌𝑡 = 𝑓(𝐴𝑡 , 𝐾𝑡 , 𝐿𝑡 )

(1)

where Y is real income, A is technological development, K is capital stock, L is labor, t is a subscript for
time. This theory explains that capital and labor will move between regions until the value of the capitaloutput ratio and the ratio of wage and rent rates is the same between regions. In the end, the less
developed regional economy is expected to grow or approach steady state faster than the more developed
regional economy.
Approaching the steady state condition is influenced by the diminishing return to capital and constant
return to scale where at a certain level of technological progress the condition states that the increase in
labor productivity will be smaller as the amount of capital per worker increases. The increase in labor
productivity stops when the steady state equilibrium level of capital per labor is reached. Different
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regions at the initial level of labor productivity will converge at the same level of labor productivity. In
addition, this is also influenced by the view that technology is a public good that is available at no cost
to everyone so that the process of diffusion of technology and knowledge from more developed areas to
less developed areas will close the technology and productivity gap.
2.3. The Structure of Input-Output Table
BPS (2021) explains that Table I-O presents information on transactions of goods and services that occur
between economic sectors in the form of a matrix [3]. The values in the rows of Table I-O indicate the
allocation of output produced by a particular sector to meet intermediate demand and final demand. In
addition, the value in the value-added row explains the composition of the sectoral value added
formation. For the fields along the column, it shows the input structure used by each sector in the
production process, both in the form of intermediate inputs and primary inputs. The basic assumptions
in the preparation of Table I-O are uniformity, proportionality, and addition.
The structure of I-O table is divided into three quadrants where Quadrant I denoted with red block
color is an intermediate transaction, namely transactions of goods and services used in the production
process, this quadrant shows the interrelationships between economic sectors in the production process.
Quadrant II denoted with blue block color shows the final demand, the fields along the lines show the
composition of the final demand in a production sector. While the fields along the column indicate the
distribution of each component of the final demand. The Quadrant III denoted with green block color
shows the primary input component or added value. On the other hand, value-added consists of labor
compensation, gross operating surplus, and taxes minus other subsidies on production. In Figure 3,
sectors are reflected by industries that have same meaning. This is the structure of I-O Table:

Figure 3. Structure of I-O Table
Source : Economic Indicators for Eastern Asia: Input–Output Tables, ADB (2018) [1]
The Intermediate Uses section of Figure 3 depicts consumption (Znn) of goods and services by the n
(column) produced by industry n (row). Imported inputs of industry n are denoted as Zmn. Adding
intermediate consumption to value-added (vn ) is equal to the total inputs xn. The Final Uses depicts the
consumption of households (fn1), Non-profit Organizations and Institutions Serving Households or
NPISH (fn2), government ( fn3), Gross Fixed Capital Formation or GFCF (fn4), Changes in Inventories
or CIIs (fn5), and exports (en). Imported goods and services, denoted by (fm1 until fm5), are products
consumed ultimately as final products. The sectors that reflected by industries in first quadrant of Table
are the ‘selling’ sectors, while the sectors shown across the top are the ‘buyers’. Thus, each row adds up
to the gross output that is equal to its corresponding total input, demonstrating the absorption of the
output of each industry, while each column shows the input sources of each industry.
The process of estimating the 2020 Table I-O carried out in this study is as follows:
1. Calculating the input structure from Table I-O 2016. From this result, a matrix of input
structures will be obtained which will later be applied to Table I-O 2020.
2. Using information on GDP growth per industry for 2017, 2018, 2019 and 2020 to grow the total
intermediate inputs and their gross added value.
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3. For the final demand component, the expenditure GDP growth is used to grow the output value
by adjusting the inventory component as a balancing component.
4. As for the compensation of workers for each field of business, the growth of the average wage
of labor by field or 17 sectors of the business field is used according to the GDP by production.
5. Then check the consistency and balance of the inputs and outputs. If it is still unbalanced
between input and output, adjustments are made so that the input and output components are
balanced.
2.4. Forward and Backward Linkage
Information on the impact of linkages between production sectors can be analyzed into the Impact of
Backward Linkage and Forward Linkage Impacts. The two impacts of this relationship can be measured
based on the index of dispersion power (IBL) and the degree of sensitivity (IFL). IBL shows the
comparison of the total impact on the output of each sector due to changes in the final demand of a
sector to the average impact of all sectors. If the IBL value is more than one, it means that the final
demand from the sector in stimulating production growth is relatively higher than the average for other
sectors. It can be said that this sector is a strategic sector because it has a strong driving force in spurring
economic growth. Then IFL shows the comparison of the total impact of changes in final demand of
each economic sector to the output of a sector to the average impact of all sectors. If the IFL is more
than one, it means that the sector is relatively able to meet the final demand from other sectors above
the average capacity. In the other hand, when IFL and IBL equal to one have meaning that the sector
has similar inter-sectoral linkages compare to the average or the sector cannot stimulate the production
growth from the average of other sector also cannot fulfill the final demand from other sector. The
formula as follows (BPS-Statistics, 2021) [3]:
∑𝑛𝑖=1 𝑏𝑖𝑗
∑𝑛𝑗=1 𝑏𝑖𝑗
𝐼𝐵𝐿𝑗 = 𝑛
𝑛
𝐼𝐹𝐿𝑖 = 𝑛
𝑛
(2)
∑𝑖=1 ∑𝑛𝑗=1 𝑏𝑖𝑗
∑𝑖=1 ∑𝑛𝑗=1 𝑏𝑖𝑗
Where,
𝐼𝐹𝐿𝑖 : Index of forward linkage of i sector
𝑏𝑖𝑗 : elements of invers Leontief matrix
for ..row i and column j
𝐼𝐵𝐿𝑗 : Index of backward linkage of j sector

𝑛
i
j

: number of sectors
: number of sectors in input structure and
..index of row in matrix
: number of sectors in demand structure
..and index of column in matrix

2.5. Multiplier Analysis
Multiplier analysis aims to measure the total effect on output, income, labor, and value added when
there is an increase in one unit of input in a certain industry output. Pribadhi (2019) explains that
multiplier analysis is useful for knowing the impact of changes in exogenous variables on the economy
[13]. To calculate the value of the multiplier, a Leontif Matrix is needed, the Leontif I-O model equation
can be written as follows (BPS-Statistics, 2021) [3]:
𝑿 = (𝑰 − 𝑨)−𝟏 𝒀

(3)

Where, X is the output vector, Y is the final demand vector, I is the identity matrix, A is the input
coefficient matrix and (I-A)-1 is the Leontief inverse matrix. The formulas for the four types of
multipliers are as follows:
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Table 1. Formula for multiplier analysis
Output Multiplier

Income Multiplier

Labor Multiplier

Value Added Multiplier

𝐼𝑗 = ∑ 𝑎𝑛+1,𝑖 𝑏𝑖𝑗

𝐿𝑗 = ∑ 𝑤𝑛+1,𝑖 𝑏𝑖𝑗

𝑉𝑗 = ∑ 𝑣𝑛+1,𝑖 𝑏𝑖𝑗

𝑛

∆X = (I − A)−1 ∆Y
With ∆Y = I, so:
𝑛

𝑖=1

Where, 𝑎𝑛+1,𝑖 as the
ratio between wage and
total input

𝑂𝑗 = ∑ 𝑏𝑖𝑗
𝑖=1

𝑛

𝑖=1

Where, 𝑤𝑛+1,𝑖 as the
ratio between labor and
total output

𝑛

𝑖=1

Where, 𝑣𝑛+1,𝑖 as the ratio
between value added and total
output

Source: (Nugroho and Murti, 2020) [11]
3. Result and Discussion
3.1. Forward and Backward Linkage
The impact analysis of inter-sector linkages can be analyzed by calculating the dispersion power index
or known as Index of Backward Linkage (IBL) and the degree of sensitivity or known as Index of
Forward Linkage (IFL). Based on the results of the IFL and IBL calculations, a quadrant analysis is
carried out to map sectors and identify sectors that are included in the leading sector. Table 2 shows the
result of calculation for IBL and IFL. In 2010, there are seven sectors that have IBL value greater than
1 also there are four sectors that have IFL greater than 1. From this condition only two sectors that have
both IBL and IFL greater than 1. Those sectors are sector 3 (Manufacturing Industry) and sector 4
(Procurement of Electricity and Gas). Similar with this condition, in 2016 and 2020 number of sectors
that have IBL greater than 1 is seven sectors and IFL greater than 1 is four sector.
The differences between 2010 and 2016, 2020 are sector 17 (Other services) in 2010 have IBL greater
than 1 then in 2016, 2020 less than 1. On the other side, sector 13 (Company Services) in 2010 has IBL
less than 1 and in 2016, 2020 has IBL greater than 1; sector 14 (Government Administration, Defense
and Mandatory Social Security) in 2010 has IFL less than 1 and in 2016, 2020 has IFL greater than 1.
From this condition we can analyze that there are structure changes especially for sector 13, 14, and 17
from 2010 until 2016 and 2020. The interpretation of IFL for instance in 2020 The manufacturing
industry has the highest forward linkage index with 4.09. This value has a meaning that if the final
demand experience a decrease by 1 million rupiahs then the output of the manufacturing industry sector
which will be allocated to other sectors and this sector itself will also experience a decrease by 4.09
million rupiahs. In other words, an increase of output in the manufacturing industry can encourage the
increase of output in another sector especially sector that use the manufacturing industry’s output as its
intermediate consumption. On the other side, the interpretation of IBL for instance, the electricity and
gas supply sector has the highest backward linkage index with 1.57 in 2010. This value means that if
the final demand for this sector is increasing by 1 million rupiahs, then the input demand of this sector
against other sectors will also increase by 1.57 million rupiahs. Actually, electricity and gas supply used
by another sector as one of the fixed inputs that must be fulfilled. In other words, if there is a decrease
or deficit in this sector can impact a significant problem in the production process of another sector.
……………Table 2. Value of IBL and IFL in 2010, 2016, and 2020
Sectors

2010

2016

2020

IBL

IFL

IBL

IFL

IBL

IFL

1

0.72

1.46

0.76

1.35

0.75

1.33

2

0.80

1.27

0.88

1.23

0.85

1.21

3

1.18

4.09

1.18

3.64

1.15

3.64

4

1.57

1.19

1.54

1.30

1.51

1.30

5

0.73

0.58

0.88

0.57

0.89

0.57

6

1.28

0.75

1.20

0.72

1.20

0.72

7

0.89

0.61

0.85

0.63

0.84

0.63
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Sectors

2010

2020

2016

IBL

IFL

IBL

IFL

IBL

IFL

8

1.17

0.70

1.14

0.92

1.11

0.91

9

1.10

0.66

1.09

0.69

1.06

0.69

10

0.92

0.96

0.93

0.96

0.99

0.99

11

0.81

0.85

0.80

0.92

0.81

0.92

12

0.73

0.57

0.78

0.69

0.79

0.69

13

0.97

0.77

0.97

1.04

0.99

1.05

14

0.96

0.60

1.03

0.60

1.02

0.60

15

0.92

0.57

0.90

0.57

0.91

0.57

16

1.14

0.60

1.08

0.56

1.13

0.56

17

1.10

0.77

0.98

0.60

1.00

0.61

After knowing the values of IBL and IFL we are moving forward to determine the leading sector
through quadrant analysis to make clearly what is the leading sector. Quadrant I is a quadrant with more
than one IBL and IFL characteristics, the sectors that fall into this quadrant are sectors that enter or are
identified as lever sectors or superior sectors (Leading sector). This is because the sectors in Quadrant I
are capable and have great capabilities in driving the economy both in terms of sectors that are inputs
and sectors that utilize the output of the sector so that sectors that fall into this category are classified as
superior sectors (able to leverage the economy well). The sectors that fall into this category are sector 3
(Manufacturing Industry) and sector 4 (Procurement of Electricity and Gas). This condition constantly
happens in 2010, 2016, and 2020 as depicted in Figures 4, 5, and 6.
Quadrant II is a quadrant containing sectors with IBL values < 1 and IFL > 1, sectors included in this
quadrant have the ability for driving sectors that are lower inputs when compared to the total economy
average but have the ability to absorb output by the economy. From the analysis results (in 2010, 2016,
and 2020), there are three sectors in this quadrant, namely, the Agriculture, Forestry and Fisheries sector,
the Mining and Quarrying sector, and the Enterprise Services sector. The low IBL value can be caused
by various things, namely the high import of intermediate inputs which illustrates that the region's
inability to provide input factors to produce the sector. Such conditions are clearly unfavorable,
especially for the Indonesian economy. If the Indonesian economy experiences an increase in demand,
the sectors included in this quadrant are considered less able to provide added value, especially for the
sectors that are inputs for the sector. Finally, with this condition, the benefits received if the increase in
demand occurs is small for other sectors.
Next, Quadrant III, the sector that is included in this quadrant shows IFL and IBL values < 1. This
indicates that this sector has the ability to move or leverage sectors that are inputs and sectors that utilize
the output of this sector are below the average total economy so that this sector is usually less favored.
The number of sectors included in this quadrant are seven sectors, namely, sector 5, 7, 10, 11, 12, 15,
and 17 in 2016 and 2020. Condition in 2010 is almost the same as in 2016 and 2020 which also included
sector 16 so that there are eight sectors in this quadrant. From the results of the analysis, the sectors
covered in this quadrant are less superior sectors for further development. The sectors included in this
quadrant show that they are still low, especially in terms of interrelationships between sectors that are
inputs and sectors that utilize the output of these sectors.
Moreover, Quadrant IV shows sectors with IBL >1 and IFL<1. This shows that this sector has a
special ability to move sectors with inputs above the total economy average. On the other hand, the
ability of the sector to utilize the output of the sector is still low and below the average total economy
of a region. Quadrant IV shows as many as five sectors (in 2016 and 2020) that are included in this
quadrant, namely, sectors 6, 8, 9, 14, and 16 and four sectors in 2010, namely the same sectors as on
2016 and 2020 except for sector 16. The sectors included in Quadrant IV show the ability of backward
linkages above the total average of the entire economy so that this condition explains that the sector in
Quadrant IV is able to absorb various intermediate inputs within a region very well (quite high). The
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sectors covered in this quadrant still have potential to be developed with the characteristics of having
the power to encourage sectors that supply greater inputs (backward linkage is greater than the strength
of the forward linkage).

Figure 4. Quadrant Analysis of IFL and IBL, Table I-O 2010

Figure 5. Quadrant Analysis of IFL and IBL, Table I-O 2016
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Figure 6. Quadrant Analysis of IFL and IBL, Table I-O 2020
Code of Sectors :
1: Agriculture, Forestry, and Fisheries
2: Mining and excavation
3: Manufacturing Industry
4: Procurement of Electricity and Gas
5: Water Supply, Waste Management, Waste and
….Recycling
6: Construction
7: Wholesale and Retail Trade, Car and
….Motorcycle Repair Activities
8: Transportation and Warehousing
9: Provision of Accommodation and Food and
…Drink

10: Information and Communication
11: Financial Services and Insurance
12: Real estate
13: Company Services
14: Government Administration, Defence, and
…..Mandatory Social Security
15: Educational Services
16: Health Services and Social
17: Other services

So, from the IFL and IBL values, the leading sector is a sector that has IFL > 1 and IBL > 1 or sector
that is included in Quadrant I. There are two sectors that are included in this quadrant, namely sector 3
(manufacturing industry) and sector 4 (Procurement of Electricity and Gas). The leading sector means
a potential sector that needs to be improved because play an important role in the economic activity,
especially in Indonesia. Then, the sector that have biggest power leverage is sector 3. So, this sector is
definitely a leading sector that has big potential to be developed.
3.2. Output, Income, Labor and Value Added Multiplier
Analysis of leading sectors will use analysis that is often used, namely, analytical tools that can explain
a sector as a unit that gives influence on the economy through multiplier analysis (Hidayat and Suahasil,
2005) [6]. Multiplier analysis that conducts in this study includes output, income, labor, and value added
multiplier. In addition, Malba and Taher (2016) explain that the output multiplier shows the magnitude
of the impact that occurs on output when there is an increase in final demand (either in the form of
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investment or others) in each sector [8]. The results of the calculation of the output multiplier shown
especially multiplier analysis in 2020 show that the sector with the largest output multiplier is sector 4,
namely, the Procurement of Electricity and Gas sector and the sector with the smallest output multiplier
is the sector 1, namely, the Agriculture, Forestry, and Fisheries sector. The output multiplier for sector
4, Procurement of Electricity and Gas, which is 2.86, which indicates the final demand from this sector
has increased by one million rupiah, the total output of all sectors in the economy will increase by 2.92
million rupiah.
Furthermore, the income multiplier explains the magnitude of the impact or multiplier that occurs
on income when there is an increase in final demand (either in the form of investment or others) in each
of the constituent sectors, namely 17 business sectors. Not much different from the output multiplier,
the amount for the income multiplier with the highest value is sector 4, namely, Procurement of
Electricity and Gas with a value of 6.00. This shows that if the final demand from this sector increases
by 1 million rupiah, the total income of all sectors in the economy will increase by 6 million rupiah. On
the other hand, the sector with the lowest income multiplier values are the 1st sector, namely, the
Agriculture, Forestry, and Fisheries sector and the 15th sector, namely, the Education Services sector
with a multiplier value of 1.25, respectively.
On the other hand, the labor multiplier explains the value of the magnitude of the impact on
employment or labor if the final demand increases (either in the form of investment or others) in each
sector. The labor multiplier with the highest score is sector 4, namely, Procurement of Electricity and
Gas with a value of 8.01. This shows that if the final demand from this sector increases by 1 million
rupiah, the absorbed workforce/jobs from all sectors in the economy will increase by absorbing 8-9
workers. The sector with the lowest labor multiplier values are the 1st sector, namely, the Agriculture,
Forestry, and Fisheries sector and the 7th sector, namely, the Wholesale and Retail Trade, Car and
Motorcycle Repair sectors with multiplier values of 1.13 and 1.21, respectively.
The Value Added multiplier in Table 3 then describes the magnitude of the number as the impact
that arises on the increase in added value when the final demand increases (either in the form of
investment or otherwise) in each sector. For the Value Added multiplier with the highest value is sector
4, namely, Procurement of Electricity and Gas with a value of 4.56. This shows that if the final demand
from this sector increases by 1 million rupiah, the added value of all sectors in the economy will increase
by 4.56 million rupiah. The sector with the lowest Value Added multipliers are the 1st sector, namely,
the Agriculture, Forestry, and Fisheries sector and the 12th sector, namely, the Real Estate sector with
the multiplier values of 1.27 and 1.30, respectively.
The results of the multiplier analysis are in accordance with the analysis of the impact of linkages
(IFL and IBL) which shows that sectors with high IFL and IBL values also have high multiplier effects.
The sectors that can be identified as lever sectors in the context of economic development in Indonesia
are the 3rd sector, namely, the Manufacturing Industry Sector and the 4th Sector, namely, the
Procurement of Electricity and Gas Sector. This result when compared with the value of the structure of
the previous Table I-O shows that the sector that has a high share of the total economy has not enough
evidence and cannot necessarily be called a lever sector.
……Table 3. Value of Multiplier Analysis 2010 and 2020
Sector
1
2
3
4
5
6
7
8

2010
Oj
1.40
1.63
2.17
2.86
1.62
2.23
1.57
2.11

Ij
1.24
1.57
2.54
4.17
1.47
2.30
1.46
2.02

Lj
1.11
2.69
4.50
12.70
1.29
3.69
1.29
2.00

2020
Vj
1.21
1.36
2.82
4.27
1.21
2.91
1.48
2.26

Oj
1.40
1.63
2.17
2.86
1.62
2.23
1.57
2.11

Ij
1.25
1.66
2.60
6.00
2.06
2.16
1.35
2.18

Lj
1.13
2.80
3.81
8.01
1.34
3.05
1.21
2.23

Vj
1.27
1.43
2.58
4.56
1.46
2.56
1.41
2.10
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Sector

2010
Lj
2.48
3.72
1.75
3.88
1.88
1.63
1.32
2.30
1.51

Oj
Ij
9
2.01
1.94
10
1.72
1.68
11
1.48
1.39
12
1.45
2.22
13
1.80
1.66
14
1.90
1.21
15
1.67
1.21
16
2.00
1.73
17
1.81
1.70
Annotation :
Oj : Output Multiplier
Ij : Income Multiplier
Lj : Labor Multiplier
Vj : Value-Added Multiplier

Vj
2.21
1.60
1.38
1.21
1.69
1.61
1.54
2.25
2.02

Oj
2.01
1.72
1.48
1.45
1.80
1.90
1.67
2.00
1.81

Ij
1.86
1.90
1.34
2.39
1.62
1.41
1.25
1.79
1.41

2020
Lj
1.73
3.43
1.84
4.24
2.24
1.72
1.33
1.83
1.26

Vj
2.06
1.75
1.39
1.30
1.78
1.78
1.52
2.22
1.80

3.3. Discussion : Leading Sector, COVID-19, and Recovery the Indonesia Economic Condition
Analysis result from the IBL and IFL also multiplier analysis explain that the leading sectors are
Manufacturing Industry and Procurement of Electricity and Gas. If we move forward for analyzing the
result, Procurement of Electricity and Gas is important or key input for the production process of other
sectors. Pruitichaiwiboon (2011) et al explain that output of electricity distributes as a final demand [12].
Furthermore, electricity is used internally in the production process of power generation. So, electricity
is important input as a fuel to turn on the machine also for lighting in production process. In the other
hand, all institution include government, NPISHs, companies, household also need electricity for their
daily and operational activity. From this, we can understand why the procurement of electricity and gas
categorized as leading sector, because the demand is high also needed by all institution or sectors.
In addition, the manufacturing industry also categorized as leading sectors this is because of the share
output also the demand and supply structure both in a big proportion. From figure 2, we know that the
manufacturing industry share almost 20 percent of Total GDP. From the structure of demand in I-O
Table 2016, BPS-Statistics (2021) explain that The Manufacturing Industry shows the biggest values
compared to all sectors around Rp11,030 Trillion Rupiah [3]. From this total demand, 46.84 percent is
used for production process (intermediate input), 38.76 percent for domestic final demand, and 14.40
percent for export. From the structure of the supply, manufacturing industry also has the biggest values
compared to all sectors with Rp6,819 Trillion Rupiah. From this supply, 61.82 percent can be produced
by domestic, 16.15 percent provided by import, and from taxes on product (3.37 percent) plus trade and
transport margin (18.66 percent). From this explanation, the manufacturing industry categorized as
leading sector because has biggest value of both input and value also has biggest lever power.
Since the pandemic COVID-19, the performance of all sectors in the economic activity are run unwell
or decline. Rahman et al (2020) explain that there are six economic sectors with the potential to be
heavily impacted by the pandemic included manufacturing industry [14]. This condition have driven the
government to take good strategy and suitable policies to make the leading sector still perform well also
can support the recovery of Indonesia economy. Institute for Economic and Social Research, Universitas
Indonesia (2020) in their research, the efficient use of resources in the manufacturing industry sector is
one important key to sustaining businesses affected by COVID-19 pandemic [7]. Fankhauser et al.
(2013) stated that transformation to a green economy is a strategic policies to recover the economy [5].
These strategies cover cleaner industrial processes, the supply chain for electricity generation and other
industrial processes (turbine, steam, motor, and transformer), and the demand sector which requires
energy efficiency.
In order to strive for Indonesia's economic recovery in the future, various policies and stimulus were
applied to accelerate the recovery of the national economy. The several policies of Indonesia
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government for maintaining this leading sector (manufacturing industry) in pandemic situation as
follows:
a. Industrial Estate Development. Until now, there are 128 industrial estates that already have
Industrial Estate Business Permits and already operational. Meanwhile, there are 38
industrial estates that are currently under construction.
b. Boosting the competitiveness of the national industry. The way government to boost the
competitiveness of national industry through the implementation of the “Making Indonesia
Roadmap”. This program is to prioritize the development of seven industrial sectors in
implementing digital technology in their production processes to make them more efficient
and competitive. The seven priority sectors are the food and beverage, chemical, textile
and clothing, automotive, electronics, pharmaceutical, and medical devices industries.
c. e-Smart for Small and Medium Enterprises (SMEs). This program has goals to encourage
the acceleration of the application of industrial technology 4.0 in the manufacturing sector.
d. Partner country Hannover Messe 2021. Indonesia joins partner country Hannover Messe
2021 to attract global investment and expand export markets and branding of national
industrial products.
e. Import Subtitution Program. The government stated which is 35 percent import
substitution program in 2022, which is carried out simultaneously with increasing
production utilization, encouraging deepening of industrial structure, and increasing
investment.
f. “Pemulihan Ekonomi Nasional (PEN)” or National Economic Recovery Program that has
purpose for reducing the impact of COVID-19 to the economy. This program purposes to
protect, maintain, and improve the economic capacity of the business actors in carrying out
their business during the Covid-19 pandemic through tax Incentive, interest subsidy,
guarantee for new working capital loans for SMEs also SMES Credit Stimulus.
4. Conclusion and Recommendation
From the explanation of the research result above, the conclusions of this research are manufacturing
industry (sector 3) and procurement of electricity and gas sector (sector 4) are the leading sectors and
most potential sectors to support the economic development of Indonesia. But the sector that has the
most power to recover the economy is the manufacturing industry, because of the structure of demand
and supply that is very big in amount compared to all sectors. Moreover, both sectors according to the
result of forward linkage (IFL) and backward linkage (IBL) have the greatest value compare to another
sector. In line with linkage analysis, multiplier analysis from four different approaches shows that both
sectors also have the greatest value. When we compared the IFL and IBL from I-O table 2010, 2016,
and 2020 there is no significant difference because only two sectors that included in Quadrant I (leading
sectors) which is mentioned before. On other hand, when we analyze more details from multiplier
analysis results in 2010, 2016, and 2020 the structure and value also there is no significant difference
and stated that manufacturing industry also procurement of electricity and gas both are the sectors with
the biggest multiplier values for each type of multiplier.
From these result of this research several suggestion or policies recommendation as follows :
a. The government should pay attention to the manufacturing industry from intermediate
consumption sight. The government can increase output of the manufacturing industry by give
subsidy or decrease the tax or government can decrease the price of another sector that be the
intermediate sector for manufacturing industry by giving subsidy. This method can increase the
output of manufacturing industry that also increase output of another sector.
b. Furthermore, the government should pay attention to electricity and gas supply from input
demand sight. The government can decrease the price of this sector by giving the subsidy so
other sectors can give higher value added for GDP share.
c. Then the government applied the efficient use of resources in the manufacturing industry sector,
because this is an important key to sustaining businesses affected by COVID-19 pandemic
through green economy.
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