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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 spatial-
temporal 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, CO? 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
2011-20109.

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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Description:
¥

: : dependent variable observation i
Bo(u;,v;,t;) :intercept observation i

B, (u;,v;,t;)  :local regression coefficient observation i, variable k

X : independent variable k observation i

E; - error term

k : total independent variable

U; v t; : 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:

B(u,v,t)= (X"W,X)'XTW,y &)

f?(u,:-, v, t;) :k+1 vector of local regression coefficient observation i
X : nT x (k+1) independent variable matrix, with the first column is intercept.
¥y

: column vectors containing dependent variable
Wy : 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 spatial-
temporal optimum bandwidth [11].

cV(b,,b,) = JIL ,(v; — 9., b,))*/n (3)
Description:
v_;(b,, b.)): 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]:

= (-5 enl-2)
Wijst exp( b, e b )
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 (d5):
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median|e;—median(e;)|
0,6745

o5 = 1 ®)
— ¥ wie?, iteration > 1
nK

e; is an error in every iteration. In the first iteration, e; is error from the OLS model.
K = constant = 0,199

a;

d. Calculating u; ==+

Gy

e. Calculating weight w; :

( [1 - (“?)2]2 if lwl < c

, lteration =1

foriteration =1

Wy lf |ui| >c (6)
p(uy) . .
) for iteration > 1
2 A2
Sli-a- ()] il =
) =1°, ™
- if lu;l >c
¢ = Tukey constant= 1,547
w,, =diag(w,w,, .., w,)
f. Calculating ﬁ - With Weighted Least Square and the error component.
Bs = (XTWawmX)  XTWap,Y (8)

W : diagonal matrix containing spatial-temporal weight
g. Repeat c through f to acquire convergent f8 - value with Iteratively Reweighted Least Square
(IRLS) procedure. At that iteration, e, value would change in every iteration.

Where convergent ﬁ ¢ 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|e;—median(e;)|
0,6745 ’

61’ = 1 (9)
=" wie?, iteration > 1
NET

K = constant = 0,199

w; is a weight function

e; is an error in every iteration. In the first iteration, e; is error from S estimation.
4. Calculating u, = =

=y

iteration = 1

5. Calculating w; :

TS
w; = [l (4,535) ] , lugl = 4,685 (10)
0, lu,| > 4,685

w,, = diﬂg(wlf Wa, s W”)

I C Dsos THE 1" INTERNATIONAL CONFERENCE ON 593
DATA SCIENCE AND OFFICIAL STATISTICS



>
A D Putra and S | Oktora |

6. Calculating f?MM with Weighted Least Square and the error component.
BuM = (XTWawmnX)  XTWap,Y (12)

7. Repeat step 3 through step 6 to acquire convergent I?MM .
Where convergent I?MM 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 () 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/kilometers? (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 (o) 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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Testing error normality.

Testing spatial heterogeneity with the Breusch-Pagan test [33] and identifying temporal
heterogeneity with a boxplot.

Choosing optimal spatial-temporal bandwidth [11] with fixed kernel Gaussian function.

Because of a normality violation, spatial and temporal heterogeneity on the data, modeling can be
applied by the RGTWR method [19,22,23].

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].

Generating partial test for RGTWR parameters [34].

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.

Data
collection

Variable
reduction

Found spatial-

temporal
heterogeneity

Found spatial-
temporal
heterogeneity

Neo

No

Optimal bandwidth Optimal bandwidth
selection selection
Robust RGTWR Regression [ cTWRRegession | | O3
regression & regression
Significant test
Model analysis

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.

600,000

519,044.00
500,000

400,000

338,335.69

300,000 268,896.00

251,454.40

200,000 214,350.70 228,307.00

Total Deforestation (hectare)

127,240.10

100,000
99,312.30 89,696.00
0
2011 2012 2013 2014 2015 2016 2017 2018 2019

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 2011-
2019 is over 2 million hectares.
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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 commaodities, 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 EI-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 Coefficient  Standard error  t-value p-value
Intercept 71,9463 -0,429 0,6693
In X1 6,8244 -3,124 0,00245
X2 0,0402 7,819 1,39 x 10
In X3 14,3234 0,087 0,9312
In X4 10,0277 0,620 0,5370
In X5 3,2128 2,386 0,1927
Adjusted R-squared R-Squared 0,6002
F-statistics SSE 70.651

The model of OLS used is as follows:

Yie = Bo + B1lnX1;p + B2 X2 + B3InX3;p + BylnX4yr + PsInX5; + €54
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Description:

Y;; : deforestation location i, time t

Bo : intercept

P12,.5 regression coefficient

X1;; :population density province i, time t

X2, land fires province i, time t

X3;; :road length province i, time t

X4, : GDP of agricultural, fisheries, and forestry province i, time t
X5;+ : GDP of mining and excavation province i, time t

&;¢ - €rror 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 Coefficient Standard error  t-value p-value
Intercept -56,2126 58,9593 -0,9534 0,3431
In X1 -21,5158 6,7923 -3,1667 0,0021
X2 0,3161 0,0400 7,8988 0,0000
In X3 9,5940 4,8383 1,9829 0,0506
In X5 8,7158 2,7210 3,2031 0,0019
Adjusted R-squared  0,57949 R-Squared 0,59836
F-statistics 31,6614 SSE 70.974

The model formed are as follows:
Yit = Bo + B1InX1; + B2 X2 + B3InX3;t + PsinX5;: + €4 (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%6. 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:

? riau 2011 = -63,5368 — 23,2352 In X1* + 0,3511 X2* + 11,1523 In X3* + 9,1731 In 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 R? 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.

I C Dsos THE 1" INTERNATIONAL CONFERENCE ON 604
DATA SCIENCE AND OFFICIAL STATISTICS



A D Putra and S | Oktora |

Significant variables
I X2

X1, X2

X1, X2, X5
X1, X2, X3, X5

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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