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Abstract. Tuberculosis (TB) is a chronic, contagious disease caused by Mycobacterium 

tuberculosis and one of the leading causes of death worldwide, with approximately 1.2 million 

deaths occurring annually. According to the World Health Organization, Indonesia is the second-

largest tuberculosis country after India. In 2024, North Sumatra, a province in Indonesia, had the 

highest number of TB cases on Sumatra Island, surpassing the national average and ranking third 

in the country. The number of TB cases in North Sumatra is census data and overdispersed, with 

spatial influences. This study examines the characteristics, spatial distribution, and determinants 

of tuberculosis cases across districts and cities in North Sumatra in 2024. Therefore, the method 

used is Geographically Weighted Negative Binomial Regression, which produces local 

parameters and can be used to examine the influence of independent variables on tuberculosis 

cases spatially. Environmental factors can influence disease-causing agents and have a 

significant role in the transmission of infectious diseases, including Tuberculosis. This study 

includes rainfall to represent Environmental variables. Research related to Tuberculosis using 

environmental variables in North Sumatra has never been conducted before. The results show 

that GWNBR forms eight regional groups based on significant variables. Rainfall and per capita 

expenditure variables significantly influence all districts, the percentage of BCG immunizations, 

the percentage of smoking population, and health fund allocation significantly influence several 

districts. 
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1. Introduction 

Sustainable Development Goal 3.3 establishes the End Tuberculosis Strategy, with a target of reducing 

the number of deaths by 90% and reducing Tuberculosis cases by 80% by 2030 [1]. Tuberculosis is one 

of the leading causes of death worldwide. In some countries, treating tuberculosis remains a challenge 

and remains a global health emergency due to its impact on high morbidity and mortality rates. 

Tuberculosis ranks second as the most infectious disease in children and adults after HIV. 

Approximately 1.2 million deaths occur annually from tuberculosis [2]. 

Tuberculosis (TB) is a chronic, contagious disease caused by Mycobacterium tuberculosis. This 

disease can be easily transmitted under certain conditions, such as when the immune system is 
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weakened. Furthermore, tuberculosis generally affects lower socioeconomic groups. People with 

tuberculosis typically experience several symptoms related to the respiratory system, ranging from 

coughing, coughing up blood, pain when breathing, to chest pain. However, this disease can also occur 

without any symptoms at all [3]. 

According to the World Health Organization (WHO), Indonesia is the country with the second-

highest tuberculosis caseload after India, accounting for 10% of the total, followed by China, the 

Philippines, Pakistan, Nigeria, Bangladesh, and the Democratic Republic of the Congo, respectively [4]. 

According to the Global TB Report 2024, Indonesia ranks second in the world in terms of TB caseload 

after India. There are an estimated 1,090,000 TB cases and 125,000 deaths annually, which equate to 

approximately 14 deaths every hour. These statistics underscore the urgency of increasing prevention 

and treatment efforts throughout Indonesia [5]. 

According to 2024 Ministry of Health data, North Sumatra Province recorded 51,827 TB cases, 

making it the province with the highest number of cases on Sumatra Island and ranking third nationally. 

North Sumatra Province has striking social, cultural, and economic differences between its regions. This 

condition allows for differences in characteristics that influence the number of cases within the province 

[6].  

To understand these differences in characteristics, it is necessary to review the factors that influence 

the spread of tuberculosis. According to Blum (1974), tuberculosis is influenced by environmental 

factors, health services, lifestyle, and heredity [7]. First, high rainfall causes the physical environment 

of the house to be humid and the temperature to decrease. This increases the growth of Mycobacterium 

bacteria and increases the transmission of tuberculosis [8]. Second, high population density will 

accelerate the increase in tuberculosis because tuberculosis can be transmitted through the air [9]. Third, 

smoking is a significant cause of lung disease and reduces the body's immune system, thus increasing 

the risk of tuberculosis transmission [10]. Fourth, adequate allocation of health funds supports various 

aspects of prevention, such as early detection, treatment, training of health workers, and the provision 

of drugs [11]. Fifth, per capita expenditure can increase an individual's risk of developing tuberculosis 

[12]. Sixth, a high average length of schooling influences the decline in tuberculosis [13]. Seventh, 

adequate health facilities can support the reduction of tuberculosis cases [14]. Finally, early BCG 

immunization will reduce tuberculosis [15]. Given the numerous causal factors and high TB cases, an 

appropriate analysis method is required to achieve more accurate results. Data on the number of TB 

cases in North Sumatra is a type of count data that generally follows a Poisson distribution, but often 

experiences overdispersion. To address this issue, negative binomial regression is used because it is 

more flexible in handling overdispersion or significant data variations. Spatial aspects also influence 

tuberculosis incidence. Therefore, the GWNBR model is a reasonably effective method for estimating 

count data using a negative binomial distribution that exhibits spatial heterogeneity. 

Several previous studies have also used the GWNBR method to analyze TB cases. For example, 

research by  Mumtaz and Utomo [16]. However, both studies focused on tuberculosis cases on the island 

of Java and did not include physical environmental variables such as rainfall. Unlike previous studies, 

this study focuses on the number of tuberculosis cases in districts/cities in North Sumatra in 2024. This 

study also includes a physical environmental variable, namely rainfall. Environmental factors can 

influence disease-causing agents and play a significant role in the transmission of infectious diseases, 

including Tuberculosis [17]. Research related to Tuberculosis using environmental variables in North 

Sumatra has never been conducted before. 

Based on these problems, this study aims to identify the characteristics and distribution patterns of 

Tuberculosis cases in North Sumatra in 2024 and analyze the spatial influence, as well as the variables 

that influence the number of tuberculosis cases in each district/city in North Sumatra Province in 2024. 

Regional mapping will be carried out based on significant variables obtained through the results of the 
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analysis using the GWNBR method. This study is expected to contribute to increasing public knowledge 

regarding tuberculosis. It can be a basis for policy formulation by policymakers so that prevention efforts 

can be carried out more effectively and on target, based on influential factors in each region, and support 

the achievement of the Sustainable Development Goals (SDGs) 2030 targets. 

2. Methodology 

The data used in this study is secondary data with units of observation consisting of 33 

regencies/municipalities in North Sumatra. Based on the literature review and available data sources, 

the following are the variables used in this study. 

 

Table 1. List of Variables Used. 

Notation Variable Data Sources 

Y Tuberculosis Cases BPS North Sumatra’s website 

X1 Rain Intensity Google earth Engine 

X2 Population Density BPS North Sumatra’s website 

X3 Government Health Spending North Sumatra’s Government Website 

X4 Per Capita Expenditure BPS-Statistics Indonesia’s website 

X5 Average Years of Schooling BPS North Sumatra’s website 

X6 Percentage of Smokers Statistik Kesejahteraan Rakyat Provinsi Sumatra Utara 2024 

X7 Health Facilities DJSN’s official website 

X8 Percentage of BCG Sumatra Utara dalam Angka 2025 

 

The descriptive statistics will be presented using charts and tables to explore the data, as well as 

thematic maps to illustrate the distribution of Tuberculosis and its influencing variables. Inferential 

analysis is conducted using modeling techniques that explain the effect of independent variables on the 

dependent variable. The analytical steps are as follows:  

1. Describing the variables suspected to influence the number of Tuberculosis cases in North 

Sumatra in 2024. 

2. Checking for multicollinearity. 

3. Testing the equidispersion assumption. 

4. Testing for spatial effects, including both autocorrelation and heterogeneity. 

5. Determining the bandwidth and spatial weight matrix. 

6. Building the Geographically Weighted Negative Binomial Regression (GWNBR) model. 

7. Testing the overall significance of parameters (simultaneous test). 

8. Testing the individual significance of parameters (partial test). 

9. Classifying regencies/municipalities based on significant variables. 

2.1. Tuberculosis 

Tuberculosis is a chronic and contagious disease caused by Mycobacterium tuberculosis. It can be easily 

transmitted under certain conditions, such as when the immune system is weakened. Additionally, 

tuberculosis commonly affects individuals from lower socioeconomic groups. People with tuberculosis 

typically experience symptoms related to the respiratory system, including coughing, coughing up 

blood, chest pain, and breathing discomfort. However, the disease can also occur without any noticeable 

symptoms. 
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2.2. Overdispersion 

Overdispersion is a condition in which the variance is greater than the mean in a Poisson regression 

model. Overdispersion can be identified by calculating the dispersion parameter. A dispersion parameter 

equal to 1 indicates equidispersion, less than 1 indicates underdispersion, and greater than 1 indicates 

overdispersion. Dispersion can be tested by dividing the deviance and the Pearson Chi-square by their 

respective degrees of freedom. 

2.3. Spatial Autocorrelation 

Spatial autocorrelation describes how the value of an observation in a given area depends on the values 

of observations in neighboring areas. The relationship between these observations can be analyzed using 

spatial autocorrelation and is commonly measured with Moran’s Index. The formula for Moran’s Index 

used is as follows: 

𝐼 =  
𝑛∑ ∑ 𝑊𝑖𝑗(𝑥𝑖−𝑥̅)(𝑥𝑗−𝑥̅)𝑗𝑖

𝑊∑(𝑥𝑖−𝑥̅)
2  (1) 

where: 

n : number of observations 

𝑥𝑖 :  the observed value in the i-th region 

𝑥𝑗 : the observed value in the 𝑗-th region 

𝑥 : the average value in region 𝑛 

𝑊𝑖𝑗 ∶ the weight matrix between region i and region j 

W : the total sum of all values in the correlation matrix 

2.4. Spatial Heterogeneity 

Spatial heterogeneity is a common issue in spatial structures, caused by differences or instability in the 

independent variables across each spatial unit of analysis. Spatial heterogeneity is also associated with 

general heterogeneity that arises when there are omitted variables or other specification errors. This 

study applies a test for spatial heterogeneity using the Breusch-Pagan test. The formula used is as 

follows: 

  

𝐵𝑃 =  
1

2
𝑓𝑇𝒁(𝒁𝑇𝒁)−1𝒁𝑇𝑓 ~ 𝑋(𝑘−1)

2  (2) 

with 𝒇 =  (𝒇 , 𝒇𝟐, . . . , 𝒇𝒏)
𝑻 obtained by 𝑓𝑖 = (

𝑒𝑖
2

𝜎2
− 1) and 𝑒𝑖 = 𝑦𝑖 − 𝑦𝑖̂ 

where 

𝑒𝑖
2 ∶ the squared error for the i-th observation 

Z : the standardized vector matrix for each observation region, sized n × p  

𝜎̂𝟐: the variance of the dependent variable 

2.5. Optimum Bandwidth 

The selection of the optimal bandwidth affects the resulting parameter coefficients. Bandwidth acts as a 

“smoothing parameter” — the higher the bandwidth value, the better the model fit tends to be. However, 

an oversmoothed model may produce homogeneous parameter values, while an undersmoothed model 

may lead to heterogeneous parameter values. The optimal bandwidth can be selected by considering the 

smallest CV (cross-validation) value or the lowest AIC (Akaike Information Criterion). 

2.6. Geographically Weighted Negative Binomial Regression (GWNBR) 



 

 

  

 

 

 

1123 
 

 

N L Meilawati et al 

GWNBR is a statistical method used to model count data that exhibits overdispersion and contains 

spatial heterogeneity. The GWNBR model produces local parameters for each observation area, with 

parameter values that may differ across regions. The formula for the GWNBR model is as follows [18]:  

𝐸[𝑦𝑖]  =  𝜇̂𝑖 = 𝑒𝑥𝑝 { 𝛽0(𝑢𝑖, 𝑣𝑗)  + ∑ 𝛽𝑘(𝑢𝑖, 𝑣𝑗)𝑥𝑖𝑘
𝑝
𝑖=1 + 𝜃(𝑢𝑖, 𝑣𝑗)}  (3) 

where :  

𝑦𝑖: the value of the i-th observation 

𝑥𝑖𝑘 : the value of the k-th independent variable in the observation region (𝑢𝑖, 𝑣𝑗) 

(𝑢𝑖, 𝑣𝑗) : the location point of the i-th observation 

𝛽𝑘  (𝑢𝑖, 𝑣𝑗) : the regression coefficient of the k-th independent variable for each region (𝑢𝑖, 𝑣𝑗) 

𝜃 (𝑢𝑖, 𝑣𝑗) : the dispersion parameter for each region (𝒖𝒊, 𝒗𝒋)] 

3. Results and Discussion 

3.1. Descriptive Analysis 

North Sumatra Province is located between 1° and 4° North Latitude and 98° and 100° East Longitude, 

with an area of approximately 71,680 km2. Administratively, the province is divided into 33 

districts/cities, with eight cities and 25 regencies. The territorial division of North Sumatra Province can 

be described as follows: 

 

Figure 2. Administrative Map of Districts/Cities in North Sumatra Province in 2024. 

 

Before conducting further analysis, the researcher first examined the data condition through 

descriptive analysis using a statistical summary table and data distribution using a thematic map in North 

Sumatra Province. The statistical summary table in the study includes the average value, standard 

deviation, minimum value, and maximum value of each variable. The thematic map of each variable 

was classified using the Natural Breaks method with three classes. The natural breaks classification 

method is a grouping of data based on the natural characteristics of the data [19]. This method can reduce 

variation between data within a group and increase variance between groups. 
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Table 2. Summary Statistics. 

Variable Mean  SD Min Max 

TBC cases 1570.5

2 

2989.77 49 17161 

Population density 1159.9

3 

2221.83 41.16 8902.16 

Per Capita Expenditure 11317.

88 

2104.39 6740 16069 

Percentage of Health Fund Allocation 20.53 7.53 11 47.06 

Mean Years of Schooling 9.50 1.32 6.4 11.82 

Percentage of Smoking Population  21.75 4.43 12.08 26.86 

Rainfall 2879.7

9 

468.01 2124.81 3737.59 

Number of Health Facilities 53.09 57.25 12 308 

Number of Toddlers Vaccinated with 

BCG 

4626 4943.73 450 23485 

 

Based on the statistical summary of North Sumatra Province above, the average number of TB cases 

at the district/city level reached 1570 to 1571 cases, with a high variation of up to 2989.77 cases, while 

the region with the smallest number of TB cases was only 49 cases. This value is quite far below the 

average value, indicating the existence of outlier regions, which are likely small districts/cities. The 

population density in North Sumatra Province averages 1160 people/km², but there are areas with 

extreme values of up to 8902 people/km², indicating the existence of outliers in large urban areas. Next, 

the per capita expenditure of residents in North Sumatra averages Rp11,317,880/capita/year, with a 

reasonably small data distribution of Rp2,104,390/capita/year, indicating that the per capita expenditure 

of North Sumatra residents is not very different. The allocation of The Regional Revenue and 

Expenditure Budget funds to the health sector averages 20.53%, with the highest allocation being 

47.06%. This figure is significantly higher than the average value and thus indicates an outlier. The 

average length of schooling is 9 to 10 years, with the highest average length of schooling being 11 to 12 

years, indicating that there are still many residents of North Sumatra who have not fulfilled the 

Indonesian compulsory education period, which is 12 years. The average percentage of the population 

who smoke is 21.75%, with a distribution of 4.43%, indicating a low distribution. The average number 

of residents who smoke is less than ¼ of the population, indicating that not many residents smoke. The 

average rainfall in North Sumatra reaches 2879.79 mm/year. This value is included in the moderate 

rainfall category according to the Indonesian Agency for Meteorology, Climatology, and Geophysics, 

rainfall classification in Ruqoyah et al. (2023). The number of health facilities in the Regency/City of 

North Sumatra ranges from 12 to 308 units. This indicates inequality because the difference between 

the region with the lowest number of facilities and the highest is quite significant. Furthermore, the 

average number of toddlers vaccinated with BCG was 4,626, with a data distribution of 4,943,733. This 

figure is quite prominent, indicating that the number of infants vaccinated with BCG in North Sumatra 

still experiences significant spatial disparities. Based on these findings, further verification using 

thematic maps was conducted to examine the spatial condition of the data. 
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Figure  . TBC Cases (Y) (Cases). 

 
Figure  . Rainfall (X1) (mm). 

 
Figure 5. Population Density (X2) (people/km2). 

 
Figure 6. Health Fund Alocation (X3) (%). 

 
Figure 7. Per Capita Expenditure (X4) (Thousand 

Rupiah/Capita). 

 
Figure 8. Mean Years of Schooling (X5) (Years). 
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Figure 9. Percentage of Smoking Population (X6) 

(%). 

 
Figure 10. Number of Health Facilities (X7) 

(Unit). 

 
Figure 11. Number of Children Vaccinated with BCG (X8) (People). 

 

Figure 3 illustrates that, within the province of North Sumatra, the regions of Deli Serdang Regency 

and Medan City reported as the highest counts of tuberculosis infections, with 2,967 and 2,697 instances 

in the year 2024, respectively. These two administrative areas share a border and are neighbored by 

other districts experiencing intermediate levels of tuberculosis prevalence. Conversely, Nias Regency 

has the smallest number of tuberculosis infections with 33 cases in 2024. Nias Regency is geographically 

separate from the main island of Sumatra and is adjacent to several other districts that exhibit minimal 

occurrences of tuberculosis. The arrangement of tuberculosis infections across North Sumatra Province 

appears to form clusters, suggesting a spatial correlation among the cases. Specifically, two regencies 

or cities are identified within the zones showing the greatest tuberculosis case numbers, six regencies or 

cities exist within areas characterized by moderate tuberculosis case numbers, and twenty-five regencies 

or cities are situated in areas marked by low tuberculosis case numbers. 

Figure 4 presents data about rainfall conditions in North Sumatra Province during 2024. Minahasa 

and its surrounding areas experienced high volumes of rainfall. Medan City and Deli Serdang Regency, 

with the highest tuberculosis cases in North Sumatra, generally experience low volumes of rainfall. 

According to research by Rolleh et al. (2025), rainfall is acknowledged as one of the factors influencing 

TB incidence. 

Figure 5 shows that most regions in North Sumatra Province are classified as having low population 

density. Furthermore, Medan, Sibolga, and Tebing Tinggi are the only areas with high population 
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density. Meanwhile, Binjai, Tanjungbalai, Padang Sidempuan, and Pematangsiantar are among the areas 

recognized as having medium population density. Medan, which also records the highest incidence of 

TB cases, is characterized by a high population density, thereby suggesting a direct association between 

these variables. 

Figure 6 details the percentage distribution of funding allocations for healthcare across North 

Sumatra Province. It shows that only one district, Tebing Tinggi Regency, showed a substantial 

proportion of its budget dedicated to healthcare, accounting for 47.06%. This shows a strategic emphasis 

on health sector development in this regency. However, the map further reveals that a significant number 

of regencies and cities in North Sumatra Province continue to allocate only minimal financial resources 

to healthcare. 

Figure 7 depicts the per capita expenditure levels observed throughout North Sumatra. In most parts 

of the province, residents generally have moderate levels of per capita expenditure, while the other areas 

demonstrate elevated levels. This implies a typically solid economic landscape in North Sumatra 

Province. The regions characterized by high per capita spending encompass Toba Samosir, Tebing 

Tinggi, Pematangsiantar, North Labuanbatu, Medan, Karo, and Deli Serdang. In this context, Medan 

and Deli Serdang, two regions distinguished by high rates of tuberculosis, are also identified within the 

high per capita spending bracket. 

Figure 8 illustrates how the Average Years of Schooling (ALS) are spread across the different 

Regencies/Cities in North Sumatra. The visual indicates that a majority of the areas in North Sumatra, 

precisely 19 regencies/cities, are in the medium ALS range, marked by an educational attainment of 7 

to 9 or 10 years. Eleven areas exhibit a high ALS level, namely Toba Samosir, Tebingtinggi, North 

Tapanuli, Sibolga, Pematangsiantar, Padangsidempuan, Medan, Binjai, Karo, Humbang Hasundutan, 

and Deli Serdang. Regarding this specific educational metric, two areas known for significant TB cases 

also demonstrate a high ALS, registering between 9 to 11 or 12 years of formal education. Nevertheless, 

considering Indonesia's mandate for 12 years of compulsory education, this is not regarded as 

satisfactory. 

Figure 9 presents a breakdown of the percentage of smokers in each regency/city within North 

Sumatra. The majority of areas in North Sumatra have a significant proportion of smokers, with 

percentages ranging from 21.5 to 26.9% of the total population in each of these regencies/cities. The 

proportion is considerably high considering that approximately a quarter of the population in these 

locations still engage in smoking, a habit that can weaken their respiratory systems. The 23 areas marked 

by elevated smoking rates are Mandailing Natal, Langkat, North Labuanbatu, South Labuanbatu, 

Labuanbatu, Tanjungbalai City, Karo, Humbang Hasundutan, Dairi, Asahan, Batu Bara, Padang Lawas, 

North Padang Lawas, Padang Sidempuan, Pakpak Bharat, Pematangsiantar, Samosir, Sibolga, 

Simalungun, South Tapanuli, Central Tapanuli, North Tapanuli, and Toba Samosir. 

Figure 10 indicates that only three regions have a high number of health facilities, ranging from 90 

to 308. These three regions are Padangsidempuan, North Labuanbatu, and Asahan. The count of areas 

with medium and low health facility numbers is evenly split, with 15 in each category. The two regions 

with high TB cases fall into different categories: Medan, with 39 health facilities, and Deli Serdang, 

with 19 health facilities in the low category. 

Figure 11 presents the number of infants vaccinated with BCG, a crucial immunization that supports 

the body's defense mechanisms against the tuberculosis virus. This vaccine is critical for ensuring long-

term health and wellness. However, only a select few areas show a high number of infants being 

vaccinated with BCG. The province of North Sumatra predominantly exhibits moderate vaccination 

rates. Only two regions fall into the high category: Medan City and Deli Serdang, both of which also 

struggle with high tuberculosis incidence. In light of this, factors besides the BCG vaccine are probably 

contributing to the elevated tuberculosis rates in Medan City and Deli Serdang. 
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3.2. Inferential Analysis 

3.2.1. Nonmulticolinearity Check 

Before performing Poisson regression modeling, it is necessary to first check for multicollinearity to 

ensure that the independent variables are not highly correlated with one another. The Variance Inflation 

Factor (VIF) values for each independent variable are shown in Table 3. 

Table 3. VIF value of predictor variables 

Variable VIF 

Rain Intensity 

Population Density 

Government Health Spending 

Per Capita Expenditure 

Average Years of Schooling 

Percentage of Smokers 

Health Facilities 

Percentage of BCG 

2.456200 

2.558523 

1.258478 

5.647933 

3.631376 

2.502726 

2.377451 

1.403376 

The results of the multicollinearity check show that the VIF value of each independent variable does 

not exceed the maximum VIF limit, which is 10 [20]. This indicates that there is no significant 

correlation between the independent variables. Therefore, the non-multicollinearity assumption is 

satisfied, permitting the inclusion of all independent variables in the analysis. 

3.2.2. Testing the Equidispersion Assumption 

To analyze the relationship between the independent and dependent variables, Poisson regression was 

applied, as the dependent variable consists of count data. This type of regression requires the 

equidispersion assumption to be satisfied. Based on the results of the equidispersion assumption test, a 

p-value of 1.547e-05 and a dispersion value of 93.82736 were obtained, indicating the presence of 

overdispersion at the 5 percent significance level. Therefore, the Poisson regression model is not 

appropriate for use. Forcing the application of Poisson regression may lead to misinterpretation of the 

estimated standard deviation and standard errors, which can affect the significance of the parameter 

estimates. Overdispersion in count data can be addressed by using the negative binomial regression 

model. This model includes a dispersion parameter, making it suitable for handling overdispersion.  

 

3.2.3. Spatial Autocorrelation Testing 

Spatial autocorrelation testing was conducted to determine whether the number of tuberculosis cases in 

a given area is associated with the number of cases in neighboring regions. In this study, Moran’s I test 

was used with Queen Contiguity weights. Based on the randomization results with 999 permutations, a 

Moran’s I index value of 0.3495 and a p-value of 0.001 were obtained. These results indicate the 

presence of positive spatial autocorrelation in the number of tuberculosis cases in North Sumatra 

Province. 

 

3.2.4. Spatial Heterogeneity Testing 

A spatial heterogeneity test was conducted to examine whether there is spatial variation in the number 

of tuberculosis cases in North Sumatra and in the variables suspected to influence them. The test was 

performed using the Breusch-Pagan method. The test results showed a test statistic value of 23.006, 

which is greater than the critical value of  𝜒(0.05;8)
2 = 15.507, with a p-value of 0.003356, which is less 
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than 0.05. The results suggest that spatial heterogeneity exists across regions, making the negative 

binomial regression model inappropriate for this context. To properly address both spatial variation and 

overdispersion in the data, the Geographically Weighted Negative Binomial Regression (GWNBR) 

model is a more suitable choice. 

 

3.2.5. Modeling with Geographically Weighted Negative Binomial Regression (GWNBR) 

To apply the Geographically Weighted Negative Binomial Regression (GWNBR) model, a spatial 

weighting matrix is required. This matrix is constructed by determining the optimal bandwidth, which 

is obtained by minimizing the cross-validation (CV) score. 

Table 5. Selection of optimal bandwidth and the best kernel function 

Kernel Function Optimum Bandwidth CV Score 

Adaptive Bi-Square 7.790244 7447233325 

Adaptive Gaussian 2.999561 58130130 

Fixed Bi-Square 1.677916 75868371 

Fixed Gaussian 11.32643 100920425 

 

Table 5 shows that the model with the Adaptive Gaussian kernel function produced the lowest CV 

score, suggesting that it performs better than the other models compared. The model uses the kernel 

Adaptive Gaussian with a bandwidth of 2.999561, meaning each location considers approximately three 

nearest neighbors in estimating local parameters. Although the number of neighbors remains constant, 

the coverage radius varies depending on spatial density. After the spatial weighting matrix is formed, 

modeling is carried out using GWNBR. A total of 33 GWNBR models will be generated, one for each 

of the 33 districts/cities in North Sumatra Province, resulting in 297 estimated parameter coefficients. 

After the model was formed, simultaneous and partial tests were conducted. The simultaneous test 

was conducted by comparing the deviance value of the GWNBR model, which was 4357.515, to the 

𝜒(0.05;8)
2 = 15.507. Thus, at a significance level of 5 percent, there is sufficient evidence to state that at 

least one parameter has a significant effect on the number of tuberculosis sufferers in North Sumatra 

Province in 2024. Next, a partial test was carried out by comparing the calculated z-value to the 𝑍𝛼/2 =

1.96. If the z-value is greater than 1.96, then the variable has a significant partial effect on the number 

of tuberculosis. Based on the partial test results, 8 regional groups were obtained based on the similarity 

of variable significance, as shown in Table 6. 

 

Table 6. Grouping of districts/cities based on significant variables 

No. Regency/City Significant Variables 

1 Nias, Nias Barat, Kota Gunungsitoli X1 X3 X4 X5 X6 X7 X8 

2 

Mandailing Natal, Tapanuli Selatan, Tapanuli Utara, Toba 

Samosir, Labuhan Batu, Simalungun, Dairi, Karo, Deli 

Serdang, Pakpak Bharat, Samosir, Batu Bara, Padang 

Lawas Utara, Padang Lawas, Labuhan Batu Selatan, 

Labuhan Batu Utara, Kota Sibolga, Kota Tanjung Balai, 

Kota Pematang Siantar, Kota Medan 

X1 X2 X4 X5 X6 X7 X8 

3 Tapanuli Tengah X1 X2 X4 X5 X6 X8 

4 Asahan, Kota Padangsidimpuan X1 X2 X4 X5 X6 X7 
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5 
Langkat, Serdang Bedagai, Kota Tebing Tinggi, Kota 

Binjai 
X1 X2 X3 X4 X5 X6 X7 X8 

6 Nias Selatan X1 X2 X4 X8 

7 Humbang Hasundutan X1 X2 X4 X6 X8 

8 Nias Utara X1 X4 X5 X6 X7 X8 

 

Figure 12 shows a thematic map that groups districts/cities with the same combination of significant 

variables into a single color. This suggests that the factors contributing to tuberculosis cases vary across 

regions, highlighting the need for region-specific policies that address the relevant influencing variables. 

 
Figure 12. Significance map of variables influencing tuberculosis cases in North Sumatra.. 

 

For example, the parameter estimation shown in Table 7 was carried out to identify the significant 

variables that influence tuberculosis cases in North Nias Regency. The results of this estimation were 

then interpreted to understand the relationship between these variables and the number of tuberculosis 

cases. 

 

Table 7. GWNBR model parameter estimation for North 

Nias Regency 

  Coefficient z-value 

(Constant) 4.6014 × 10−7 -1.8084 × 1011* 

X1 3.4011 × 10−4 14.0370* 

X2 2.9422 × 10−5 -0.5823 

X3 1.7286 × 10−4 1.6396 

X4 -1.4783 × 10−5 -1.9041 × 102* 

X5 -6.1131 × 10−7 -2.1986 × 107* 

X6 -9.1032 × 10−6 20.4728* 

X7 6.0023 × 10−4 -2.9479* 
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X8 -5.3188 × 10−5 -1.3871 × 103* 

Note: *) Significant at the 5% significance level 

 

Rain intensity has a statistically significant effect on tuberculosis incidence in North Nias Regency, 

with an estimated coefficient of 3.4011 × 10−4. This means that for every one-unit increase in rainfall, 

the number of tuberculosis cases in North Nias is expected to increase by 𝑒𝑥𝑝(3.4011 × 10−4) =
1.00034 times, assuming other variables remain constant.  Higher levels of rainfall intensity may alter 

ambient temperature and humidity, creating conditions that favor the survival of Mycobacterium 

tuberculosis and increase the risk of transmission [8]. 

Per capita expenditure shows a significant negative association with tuberculosis incidence in North 

Nias Regency, with an estimated coefficient of -1.4783 × 10−5. This implies that each one-unit increase 

in per capita expenditure is expected to reduce tuberculosis cases by 0.999985 times, assuming all other 

variables are held constant. This result aligns with the findings of Dlatu et al. [12], who reported that 

higher per capita expenditure is significantly associated with lower tuberculosis incidence. Individuals 

with greater financial resources are more likely to maintain proper household sanitation, secure safe 

drinking water, consume nutritious food, and afford healthcare services [21]. 

The average years of schooling variable has a significant effect on tuberculosis cases in North Nias 

Regency, with a coefficient of -6.1131 × 10−7. This means that for every one-year increase in average 

years of schooling, the number of tuberculosis cases is expected to decrease by 𝑒𝑥𝑝(−6.1131 ×
10−7) = 0.99999 times, assuming other variables remain constant. This finding is consistent with the 

study by [13], which found a negative relationship between average years of schooling and tuberculosis 

incidence. Both ecological and individual-level analyses show that the higher the average education 

level in a country, the lower the tuberculosis incidence rate. 

The percentage of smokers has a significant effect on tuberculosis cases in North Nias Regency, with 

a coefficient of -9.1032 × 10−6. This means that for every 1% increase in the smokers population, the 

number of tuberculosis cases is expected to decrease by a factor of 𝑒𝑥𝑝(−9.1032 × 10−6) =
0.999991, assuming other variables remain constant. This finding is inconsistent with the results of 

[10], which stated that smoking habits can increase the risk of tuberculosis. 

The number of healthcare facilities significantly affects tuberculosis cases in North Nias Regency, 

with a coefficient of 6.0023 × 10−4. This means that for every one-unit increase in the number of 

healthcare facilities, tuberculosis cases are expected to increase by a factor of 1.0006, assuming other 

variables remain constant. This suggests that an increase in healthcare facilities does not automatically 

lead to a reduction in tuberculosis cases. 

The percentage of BCG immunization significantly affects the number of tuberculosis cases in North 

Nias Regency, with a coefficient of -5.3188 × 10−5. This means that for every one percentage point 

increase in BCG immunization coverage, the number of tuberculosis cases is expected to decrease by a 

factor of 𝑒𝑥𝑝(−5.3188 × 10−5) = 0.999947, assuming other variables remain constant. This result is 

consistent with the findings of [15], which reported that BCG immunization has an effectiveness rate of 

85% and has been proven effective in preventing tuberculosis in children. Children who do not receive 

the BCG vaccine are 6.87 times more likely to develop childhood TB compared to those who are 

immunized. 

 

4. Conclusion 

Based on the results and discussion, the conclusions of this study are as follows. 

1. The distribution of tuberculosis cases in North Sumatra Province in 2024 tended to be clustered 

and varied considerably between districts/cities. The data also showed spatial influence, as 
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evidenced by the results of the dependency and spatial heterogeneity tests, which showed 

significant results. This means that there is regional dependence and diversity between 

districts/cities in North Sumatra Province related to the number of tuberculosis cases. 

2. GWNBR estimates show that the independent variables significantly influencing tuberculosis cases 

vary across districts/cities in North Sumatra, forming eight clusters. The variables that consistently 

have a significant influence in each district/city in North Sumatra are rain intensity and per capita 

expenditure. This suggests that rainfall and per capita expenditure are key determinants of 

tuberculosis cases across the province. It also highlights that both environmental and economic 

conditions contribute significantly to the number of tuberculosis in North Sumatra. 

Based on the findings, several recommendations can be proposed as follows. 

1. For the government, tuberculosis management policies should consider variables that significantly 

influence tuberculosis in the relevant region. Given that rainfall and per capita expenditure have 

been found to consistently affect TB incidence across all districts, these factors should be prioritized 

in designing targeted interventions and preventive measures. 

2. For further research, methods that consider the influence of time, such as panel data analysis, can 

be used, as well as individual data analysis to incorporate additional variables such as age and 

gender. Furthermore, the use of primary data can also be considered to obtain more in-depth and 

accurate information. 
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