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Abstract 

 
Poverty in East Java Province is a complex issue characterized by diverse regional characteristics. This study aims to 

model the number of poor inhabitants in East Java while accounting for overdispersion and spatial heterogeneity using 

the Geographically Weighted Negative Binomial Regression (GWNBR) method with four kernel weighting functions. The 

results indicate that the Negative Binomial regression model performs well at the global level, with an AIC of 941.01. 

However, to capture local variation in poverty drivers, the GWNBR model with an Adaptive Bisquare kernel proved 

optimal, yielding the lowest AIC of 309.32. These findings confirm the diversity of predictor variable influences across 

regencies and cities, as evidenced by the significance of variables in Blitar Regency. The GWNBR approach provides 

more accurate local parameter estimates than the global model, serving as a strategic tool for the government to design 

more targeted and effective poverty alleviation policies for each region. 

 
Keywords: GWNBR, Overdispersion, Poverty Level, Spatial Effects 

 

 

 

1. INTRODUCTION 

Poverty is a multifaceted condition and is a crucial indicator in assessing a country's success in 

development. This situation is not only related to the financial inability to meet basic needs but is also 

influenced by a complex interaction between various social, economic, and geographic factors. According to 

data from the Badan Pusat Statistik (BPS), the national poverty rate in March 2024 was recorded at 9.03%, 

indicating a downward trend, but still requiring greater efforts to achieve medium-term development targets. 

The complexity of this problem is exacerbated by the cycle of poverty, where low quality human resources, 

limited job opportunities, and a lack of basic infrastructure mutually exacerbate the public's welfare [1]. 

East Java Province is a key region contributing significantly to the economy, but it also has the highest 

number of poor people in Indonesia. Although East Java recorded a single-digit poverty rate decline of 9.79% 

in 2024, this figure still reflects 3.98 million people living below the poverty line. Historically, East Java has 

experienced variations influenced by economic shocks, both global and domestic [2]. The poverty patterns 

observed in this province show distinct regional clustering, with areas like Surabaya City boasting a very low 

poverty rate of around 3.96%, while areas on Madura Island, such as Sampang Regency, still recorded a rate 

of 21.76%, followed by Bangkalan at 18.66% and Sumenep at 17.08%. Furthermore, several areas in the 

“Horseshoe” zone, such as Probolinggo, still recorded a rate of 16.31%. This suggests that poverty does not 

occur randomly, but is concentrated in areas with specific social and economic characteristics [3]. 

The dimensions of poverty in East Java have significant social impacts, going beyond mere numerical 

data. Disparities in access to basic needs remain evident in the quality of housing, the availability of 

sanitation and clean water, and the varying levels of public health across regions. Furthermore, changes in the 

employment sector following the pandemic and fluctuations in regional economic growth have also impacted 

people's vulnerability to poverty, particularly for informal workers and low-income families, whose 

economic resilience is more vulnerable to shocks [4]. Low levels of education in some regions also limit 

people's access to better and more decent jobs, thus reinforcing the cycle of structural poverty. This suggests 

that policies to address poverty must be developed with a differentiated approach, as each district or city has 
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unique root causes, from dependence on traditional agriculture in remote areas to structural unemployment 

and unequal job opportunities in industrial areas. Therefore, more specific strategies are needed that take into 

account the characteristics of each region [5]. 

Various previous studies have analyzed the causes of poverty using global regression models, such as 

multiple linear regression, to identify the factors contributing to poverty in Indonesia. For example, in the 

study by Gultom et al. [6] using a global approach to determine the relationship between poverty levels and 

explanatory variables such as unemployment, education, or health indicators, assumed to be constant across 

Java, demonstrates that the global approach is less able to explain variations in the influence of poverty 

factors during the 2020 Covid-19 pandemic. The pandemic situation has resulted in uneven impacts across 

regions, for example, areas with a high dependence on the service and industrial sectors were affected 

differently than agricultural-based areas. However, the general regression approach assumes the same 

relationship across regions, making it less effective in capturing spatial diversity that can lead to differences 

in the influence of variables in each district/city. To address this limitation, spatial-based methods such as 

Geographically Weighted Regression (GWR) and its development, Geographically Weighted Negative 

Binomial Regression (GWNBR), have begun to be used in poverty analysis. However, several studies 

indicate that the use of GWNBR is not fully optimal, either due to the limited number of regional samples, 

inappropriate bandwidth selection, or local estimation results that are not always significant in all regions. 

Therefore, further development and testing are still needed for this model to provide more accurate and 

useful results. 

The variables selected in this study were determined based on their importance, both theoretically and 

practically, in understanding aspects of poverty in East Java. The employment sector, represented by the 

Open Unemployment Rate (TPT) and the Labor Force Participation Rate (TPAK), indicates potential family 

income, while the Population Density Rate (PDR) reflects the demographic burden in an area. Meanwhile, 

the Average Years of Schooling (RLS) and Life Expectancy (UHH) represent the quality of human resources. 

Furthermore, the Economic Growth Rate (EGR) is added to evaluate the extent to which the distributional 

effects of economic growth are felt at the district or city level. By combining these variables, it is hoped that 

a comprehensive coverage of economic, social, and demographic aspects can be achieved [7]. 

Based on the gaps identified in this research, the application of the GWNBR method is crucial 

because it addresses two key issues simultaneously. These issues include the enumerated nature of poverty 

data, its tendency toward overdispersion, and the spatial differences between regions. GWNBR leverages the 

Negative Binomial distribution to provide more consistent estimates compared to the Poisson model, while 

also generating local parameters that capture the differences in the influence of each variable across districts 

or cities. Furthermore, to address the limitations of previous research, which generally employed only one 

type of spatial weighting, this study compared several kernel functions, such as Gaussian, Bisquare, Tricube, 

and Exponential, to identify the model with the best performance based on specific criteria, such as the AIC 

value. This comparison is crucial because the choice of kernel and bandwidth significantly impacts the 

model's sensitivity to geographic proximity patterns. This approach is expected to enhance robust and 

comprehensive analysis, providing more precise policy recommendations for poverty alleviation that are 

tailored to the region's spatial characteristics. 

This study introduces a novel approach by integrating the GWNBR model with a systematic 

comparison of several adaptive kernel weighting functions to address overdispersion and spatial 

heterogeneity in poverty data. Unlike previous studies that tend to rely on a single spatial weighting scheme 

or global modeling approach, this study evaluates four different kernel functions (Gaussian, Bisquare, 

Tricube, and Exponential) to determine optimal model performance. Furthermore, the use of the latest 

district/city-level data in East Java allows for more granular and location-specific analysis, highlighting 

spatial disparities often overlooked in global models. This combined approach provides a more 

comprehensive and robust framework for modeling poverty, offering deeper insights into local determinants 

and strengthening the methodological contribution of GWNBR to spatial data analysis. 

 

2. MATERIALS AND METHOD 

To address the research questions, a series of orderly and planned steps are required to ensure a clear 

and precise analysis. Each step is implemented sequentially to ensure consistent and accurate results. Details 

of the sequence of these research steps are shown schematically in Figure 1. 

In addition to a structured workflow, selecting the appropriate analysis method is a crucial step in this 

research. The use of the Geographically Weighted Negative Binomial Regression (GWNBR) model is based 

on the characteristics of the data and the research objectives. The response variable, the number of poor 

people, is classified as count data, which is more appropriately analyzed using discrete statistical models than 

classical linear regression. 

Furthermore, preliminary analysis indicates the presence of overdispersion, where the variance 

exceeds the mean, violating the assumptions of the Poisson regression model. Therefore, the Negative 

Binomial model is employed as a more flexible alternative to handle this condition. In addition, the poverty 



 

                MALCOM-06(02): 852-864  

     

 854 Spatial Modeling of Highly Dispersed Poverty Data in East Java... (Sugiarti et al, 2026) 

data exhibit spatial heterogeneity, reflecting variations in socio-economic conditions across districts/cities in 

East Java. This indicates that the relationship between predictor variables and the response variable is not 

constant across locations. Based on these conditions, a local modeling approach is required to capture spatial 

variations more accurately. The GWNBR model extends the Negative Binomial regression by incorporating 

geographic weighting, allowing parameter estimates to vary across locations. Therefore, this method is 

considered the most appropriate approach as it simultaneously addresses the issues of count data, 

overdispersion, and spatial heterogeneity. 

 

 

Figure 1. Research Methodology 

 

In summary, the technical procedures of this research are summarized in the following algorithm: 

Input: The response variable is the number of poor people, while there are six predictor variables 

related to employment, demographics, and the economy. The geographic coordinates of 38 districts/cities in 

East Java are also included. 

Procedure: 

1. Multicollinearity test: by calculating the value 𝑉𝐼𝐹 =
1

1−𝑅𝑘
2. If the VIF value is < 10, then the variable 

is retained. 

2. Overdispersion test: tests whether the value of Var(Y) > E(Y) to determine the use of the negative 

binomial model. 

3. Spatial weighting: calculating the weighting matrix 𝑊(𝑢𝑖 , 𝑣𝑖) using adaptive kernel functions from 

Gaussian, Bisquare, Tricube, and Exponential. 

4. Bandwidth determination: finding the optimum bandwidth value (ℎ) by minimizing the Cross-

Validation (CV) value.  

5. Local parameter estimation: calculating values 𝛽̂𝑘(𝑢𝑖 , 𝑣𝑖) through an iterative process for each location 

𝑖.  
6. Regional classification: by mapping the distribution of poor people based on significant variables in 

each district/city. 

 

Output: estimated values of local significance parameters for each district/city and mapping of poverty 

distribution 

 

2.1 Data Collection 

This study uses secondary data from 38 districts/cities in East Java in 2024 sourced from the Central 

Statistics Agency (BPS). The response variable (Y) is the number of poor people (count data), with six 

predictor variables (X) covering aspects of employment (TPT, TPAK), demographics (Population Density), 

human resource quality (RLS, UHH), and economic growth. This dataset integrates the geographic 

coordinates of each region to compile a spatial weighting matrix in the GWNBR model. All data have gone 

through a verification and format standardization stage to ensure consistency of local parameter estimates in 

each observation area. 

 

2.2 Multicollinearity Test 

Multicollinearity is a condition of strong correlation between independent variables that can lead to 

unstable coefficient estimates. In the GWNBR model, identifying multicollinearity is crucial because 

socioeconomic variables tend to be spatially interrelated. 𝑹𝒌
𝟐 is the coefficient of determination obtained from 

auxiliary regression, namely by regressing each kth predictor variable with other predictor variables. If the 

VIF value is known to be ≥ 10, then the predictor variable has experienced multicollinearity [8]. 

 

2.3 Overdispersion Test 

Overdispersion occurs when the variation in the data exceeds that predicted by a statistical model, 

particularly one that assumes the mean equals the variance, such as Poisson regression. If the actual variance 

is higher than predicted, the model is no longer accurate. If overdispersion is not addressed, the analysis can 
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be misleading because the standard error will be smaller, the p-value will appear lower, and the relationship 

between variables will appear significant when it is not [9].  

 

2.4 Negative Binomial Regression Model (Global) 

Negative Binomial regression is used to model overdispersed count data, a condition where the 

variance of the data exceeds its mean. This distribution can be considered an extension of the Poisson 

distribution with the addition of a dispersion parameter, making it more capable of handling high data 

variation. In Negative Binomial regression, the response variable is assumed to follow a distribution that is a 

combination of Poisson and Gamma. This model is used to find the relationship between independent and 

dependent variables that follow the Negative Binomial distribution [10]. The probability function for the 

negative binomial can be written as Equation 1. 

 

𝒇(𝒚; 𝝁, 𝜽) =
𝜞(𝒚+

𝟏

𝜽
)

𝒚!𝜞(
𝟏

𝜽
)

(
𝟏

𝟏𝜽𝝁
)

𝟏

𝜽
(

𝜽𝝁

𝟏+𝜽𝝁
)

𝒚

; 𝒚 = 𝟎, 𝟏, 𝟐, …              (1) 

 

This regression model is an alternative to Poisson regression when the assumptions of equality of 

means and variances are not met. In general, the form of Negative Binomial regression can be expressed as 

Equation 2. 

 

𝒚𝒊 = 𝐞𝐱𝐩(𝜷𝟎 + 𝜷𝟏𝒙𝑰𝟏 + 𝜷𝟐𝒙𝒊𝟐 + ⋯ + 𝜷𝒌𝒙𝒊𝒌)           (2) 

 

Where is 𝜷𝟎, 𝜷𝟏, … , 𝜷𝒑 as parameters and 𝜺𝒊 as the error for the i-th observation. 

 

Parameter estimation in negative binomial regression is performed using the maximum likelihood 

method with the Newton-Raphson procedure. Furthermore, simultaneous model fit testing can be performed 

with the following hypotheses [11]: 

 

𝐻0 : 𝛽1 = 𝛽2 = ⋯ = 𝛽𝑝 = 0 

𝐻1 : There must be at least one ≠ 0 ; 𝑘 = 1,2, … , 𝑝 

 

With the test statistics used as follows in Equation 3. 

 

𝑫(𝜷̂) = −𝟐𝒍𝒏 [
𝑳(𝝎̂)

𝑳(𝜴̂)
] = 𝟐[𝐥𝐧 (𝑳(𝜴̂)) − (𝑳(𝝎̂))]             (3) 

 

The assessment criteria are seen when rejecting 𝑯𝟎 if the value if the value of 𝑫(𝜷̂) is greater than 

𝒙(𝟏−𝜶;𝒅𝒇)
𝟐 , which indicates that at least one parameter in the Negative Binomial regression model has a 

significant effect on the response variable [12]. 

After conducting simultaneous testing, spatial testing was then carried out to determine which 

parameters would have a significant influence on the response variable with the following hypothesis: 

 

𝐻0 : 𝛽𝑘 = 0 

𝐻1 𝛽𝑘 ≠ 0 

 

The test statistics used are as follows [13], as Equation 4. 

 

𝑍ℎ𝑖𝑡 =
𝛽̂𝑘

𝑠𝑒 (𝛽̂𝑘)
                   (4) 

 

By deciding if you reject 𝐻0 if the value is known  |𝑍ℎ𝑖𝑡| > 𝑍𝑎/2 yang which means that the parameter 

has a significant influence on the response variable in the negative binomial regression. 

 

2.5 Spatial Effect Test 

The existence of spatial influence was analyzed through spatial heterogeneity testing with the 

Breusch-Pagan test, to ensure that the model parameters are local and not fixed across various regions in East 

Java. Spatial heterogeneity is a condition where the characteristics or relationships between independent and 

dependent variables differ across locations [14]. The following are the hypotheses used in the Breusch-Pagan 

test: 

 

𝐻0 : 𝜎1
2 = 𝜎2

2 = ⋯ = 𝜎𝑛
2 = 𝜎2 (There is no spatial heterogeneity (constant residual variance)) 
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𝐻1 : Minimal ada satu 𝜎𝑛
2 ≠ 𝜎2 (There is spatial heterogeneity (residual variance is not constant)) 

 

With the test statistics used as follows [15], as Equation 5. 

 

𝑩𝑷 = (
𝟏

𝟐
) 𝐟𝐓𝐙(𝐙𝐓𝐙)−𝟏𝐙𝐓𝐟~𝑿(𝒑)

𝟐             (5) 

 

The assessment criteria are stated when 𝐻0 is rejected if the BP test statistic value is greater than the 

critical value 𝑋(𝛼;𝑝)
2 . This condition indicates that the residual variance is not constant across locations, thus 

concluding that there is spatial heterogeneity in the data. In other words, at least one location has a different 

variance than the others. 

 

2.6 Weighted and Bandwidth Selection 

Bandwidth Bandwidth is a measure of distance that determines how much surrounding observations 

play a role in parameter estimation at a location [16]. In the GWNBR model, observation points within this 

range will be weighted according to the kernel function if the closer the distance to the center of the location, 

the greater the weight received. Determining the right bandwidth is very important to maintain a balance 

between model accuracy and smooth variation in estimation results. Meanwhile, this weighting function 

plays a role in assigning weights to each observation based on the geographic distance from the analysis 

location. Some kernel functions that are often used as weights include Gaussian, Bisquare, Tricube, and 

Exponential. 

1. Gaussian Kernel (see in Figure 2) 

The Gaussian kernel is a commonly used kernel function to capture non-linear patterns by indirectly 

projecting the data into a higher-dimensional feature space, making complex relationships easier to 

recognize.  

 

 

Figure 2. Gaussian Kernel Function Graph [17] 

 

The formula for Gaussian Kernel weighting can be explained as follows [18]:  

 

𝑤𝑖𝑗 = 𝑒𝑥𝑝 [−
1

2
(

𝑑𝑖𝑗

𝑏
)

2

]      (6) 

 

2. Bisquare Kernel (see in Figure 3) 

The Bisquare (Biweight) kernel is a non-parametric kernel that weights only the data within a certain 

bandwidth and is commonly used in non-parametric regression and density estimation.  

 

 

Figure 3. Bisquare Kernel Function Graph [19] 
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The formula for the weight can be explained as follows [20], in Equation 7.  

 

    𝑤𝑖𝑗 = {
[1 − (

𝑑𝑖𝑗

𝑏
)

2

]
2

,    𝑗𝑖𝑘𝑎 𝑑𝑖𝑗 < 𝑏

0,                           𝑗𝑖𝑘𝑎 𝑑𝑖𝑗  ≥ 𝑏
       (7) 

 

3. Tricube Kernel (see in Figure 4) 

Kernel The Tricube kernel is a non-parametric kernel with limited support that gives the largest 

weight to the nearest points and ignores data outside the bandwidth, making it effective for smoothing 

and stable estimation.  

 

 

Figure 4. Tricube Kernel Function Graph [21] 

 

The formula for the weight can be explained as follows [22], in Equation 8 

 

𝑤𝑖𝑗 = {
[1 − (

𝑑𝑖𝑗

𝑏
)

3

]
3

,    𝑗𝑖𝑘𝑎 𝑑𝑖𝑗 < 𝑏

0,                           𝑗𝑖𝑘𝑎 𝑑𝑖𝑗  ≥ 𝑏
     (8) 

 

4. Exponential Kernel (see in Figure 5) 

The Exponential Kernel assigns weights based on the negative exponential of the distance, which is 

suitable for phenomena with rapid decline in influence and heavier tails than the Gaussian. 

 

 

Figure 5. Exponential Kernel Function Graph [23] 

 

The formula for the weight can be explained as follows [24]: 

 

𝑤𝑖𝑗 = 𝑒𝑥𝑝 (−
𝑑𝑖𝑗

𝑏
)       (9) 

 

2.7 Geographically Weighted Negative Binomial Regression (GWNBR) 

Geographically Weighted Negative Binomial Regression (GWNBR) is a localized extension of 

negative binomial regression that yields distinct parameter estimates at each location. This model is used with 

the assumption that the response variable follows a negative binomial distribution, which can be expressed as 

follows [25], as Equation 10. 

 

𝑦𝑖~𝐵𝑁(𝜇𝑖 , 𝜃𝑖)                (10) 
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If the data indicates a spatial effect, ordinary negative binomial regression is less appropriate because 

it assumes the same relationship across the entire area, even though each location may have different 

characteristics and environmental influences. Therefore, GWNBR is used because it can model relationships 

that vary locally. The GWNBR model can be formulated as follows [26]: 

 

𝑦𝑖~𝐵𝑁[𝑒𝑥𝑝(∑ 𝛽𝑘(𝑢𝑖 , 𝑣𝑖)𝑥𝑖𝑘), 𝜃(𝑢𝑖 , 𝑣𝑖)
𝑝
𝑘 )]     (11) 

 

Then the value of 𝜇𝑖 is connected to the explanatory variable through the link function algorithm, 

which can be written as follows, Equation 12. 

 

ln(𝜇𝑖) = 𝛽0(𝑢𝑖, 𝑣𝑖) + 𝛽1(𝑢𝑖 , 𝑣𝑖)𝑋𝑖1 + 𝛽2(𝑢𝑖, 𝑣𝑖)𝑋𝑖2 + ⋯ + 𝛽𝑘(𝑢𝑖, 𝑣𝑖)𝑋𝑖𝑘           (12) 

 

The GWNBR model parameter estimation is performed using Maximum Likelihood Estimation. The 

likelihood function can be written as follows Equation 8. 

 

𝐿(𝛽(𝑢𝑖 , 𝑣𝑖), 𝛼) = ∏
𝛤(𝑦𝑖+

1

𝛼
)

𝛤(𝑦𝑖+1)𝛤(
1

𝛼
)

(
1

1+𝛼𝜇𝑖
)

1

𝛼
(

𝛼𝜇𝑖

1+𝛼𝜇𝑖
)

𝑦𝑖𝑛
𝑖=1            (13) 

 

GWNBR model testing is carried out in various ways, namely: 

1. Testing the similarity of the GWNBR model with negative binomial regression 

This test aims to see whether there is a significant difference between the GWNBR model and the 

negative binomial regression model [27]. The following hypothesis is used: 

 

𝐻0 : 𝛽1(𝑢𝑖 , 𝑣𝑗) = 𝛽𝑗 , 𝑗 = 1,2, … , 𝑝, 𝑖 = 1,2, … , 𝑛  

𝐻1 : there is at least one 𝛽𝑗(𝑢𝑖 , 𝑣𝑗) ≠ 𝛽𝑗 

 

Test statistics: 

 

𝐹ℎ𝑖𝑡 =
𝑑𝑒𝑣𝑖𝑎𝑛𝑐𝑒 𝑚𝑜𝑑𝑒𝑙 𝐴/𝑑𝑓𝐴

𝑑𝑒𝑣𝑖𝑎𝑛𝑐𝑒 𝑚𝑜𝑑𝑒𝑙 𝐵/𝑑𝑓𝐵
      (14) 

 

2. Simultaneous and partial testing 

The simultaneous test in the GWNBR model aims to evaluate the influence of all predictor variables 

on the response variable simultaneously. The test is conducted using the Likelihood Ratio Test (LRT) 

by comparing the full model to the model without predictors. Rejection of the null hypothesis 

indicates that at least one parameter in the model has a significant influence on the response variable. 

The hypotheses used are as follows: 

 

𝐻0 : 𝛽1(𝑢𝑖 , 𝑣𝑗) = 𝛽2(𝑢𝑖 , 𝑣𝑗)) = ⋯ = 0 

𝐻1 : there is at least one 𝛽𝑘(𝑢𝑖 , 𝑣𝑗) ≠ 0 ; 𝑘 = 1,2, … , 𝑝 

 

Test statistics [28]:  

 

𝐷(𝛽̂) = −2𝑙𝑛 [
𝐿(𝜔̂)

𝐿(𝛺̂)
] = 2[ln (𝐿(𝛺̂)) − ln(𝐿(𝜔̂))]    (15) 

Where: 

𝐿(𝜔̂) : a likelihood function for a simple model without involving predictor variables 

𝐿(𝛺̂) : a likelihood function for a complete model involving predictor variables 

 

Next, partial parameter testing of the GWNBR model was conducted to evaluate the significance of 

each predictor variable's influence on the response variable at each study location. Because the 

GWNBR parameters are local, this testing is crucial for identifying differences in variable 

contributions at each observation point. The hypotheses used in this testing are as follows: 

 

𝐻0 : 𝛽𝑘(𝑢𝑖 , 𝑣𝑗) = 0 

𝐻1 : 𝛽𝑘(𝑢𝑖 , 𝑣𝑗) ≠ 0 

Test statistics: 

 

𝑧 =
𝛽̂𝑘(𝑢𝑖,𝑣𝑖)

𝑆𝐸𝛽̂𝑘(𝑢𝑖,𝑣𝑖)
      (16) 
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Where: 

𝛽̂𝑘(𝑢𝑖, 𝑣𝑖) : parameter estimation for the kth variable at location (𝑢𝑖 , 𝑣𝑖) 

𝑆𝐸 : standard error of the parameter estimate 

 

With the test criteria set by rejecting the null hypothesis if the absolute value of the test statistic ∣ 𝑍 ∣
 exceeds the critical value 𝑍𝛼/2. This condition shows that the parameters tested have a significant influence 

on the response variables at each location in the GWNBR model. 

 

3. RESULTS AND DISCUSSION 

This study uses the Geographically Weighted Negative Binomial Regression (GWNBR) model to 

analyze socio-economic factors on the number of poor people in East Java based on 2024 data. This model 

overcomes overdispersion and captures spatial heterogeneity, so it is able to show the influence of specific 

variables in each district/city. 

 

3.1. Sample Data Description 

This study uses data on the number of poor people in East Java as the response variable, with 

districts/cities as the units of analysis. Predictor variables include six socioeconomic indicators sourced from 

the Central Statistics Agency (BPS). A summary of descriptive statistics for all study variables, both response 

and predictor, is presented in detail in Table 1. 

 

Table 1. Descriptive Statistics of Data on the Number of Poor People and  

Factors Suspected of Influencing Them 

Variable Mean  Median Min Max 

Y 99733 103115 6590 240140 

𝑋1 4.041 4.075 1.560 6.490 

𝑋2 73.67 73.36 67.52 86.62 

𝑋3 1937.9 855.5 410.0 8667.0 

𝑋4 8.464 8.060 5.080 12.110 

𝑋5 74.80 74.93 73.31 76.02 

𝑋6 4.728 4.945 1.210 6.190 

 

Based on the summary of descriptive statistics presented in Table 1, the response variable, the number 

of poor people in East Java, shows a mean of 99.733. This figure provides a general overview of the poverty 

level in the regencies/cities within the study area. The lowest recorded number of poor people was 6.590, 

while the highest number reached 240.140. This significant difference between the lowest and highest values 

indicates significant inequality or variation in the number of poor people across various regions in East Java. 

 

3.2. Exploratory Data Analysis (EDA) 

Exploratory Data Analysis (EDA) on poverty levels in East Java was conducted through spatial 

mapping using chloropleth maps. This mapping aims to identify distribution patterns, disparities between 

regions, and early indications of spatial heterogeneity in the number of poor people. Through this visual 

representation, variations in the number of people living below the poverty line are displayed through 

different colors, with lighter colors representing higher numbers and darker colors indicating lower numbers.  

 

 

Figure 6. Visualization of the Distribution Map of the Number of Poor Residents in East Java Province 
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The distribution map in Figure 6 shows that the number of poor people in East Java is unevenly 

distributed. The southern and eastern regions tend to have higher poverty rates, while the western regions and 

some urban areas have lower rates. This pattern can be assumed to be due to spatial variation and clustering 

influenced by geographic, social, and economic factors within each district/city in East Java. 

 

3.3. Multicollinearity Test 

Multicollinearity detection was performed by evaluating the Variance Inflation Factor (VIF) values to 

identify a strong linear relationship between the predictor variables. The test results showed that all variables 

had low VIF values, ranging from 2 to 5. Since all these values were below the threshold (VIF < 10), it can 

be concluded that there was no significant multicollinearity problem, so these variables were suitable for use 

in further modeling. 

 

3.4. Overdispersion Test 

The poisson regression model requires equidispersion, which means equality between the expected 

value and variance. However, testing on the poverty data indicates a violation of this assumption in the form 

of overdispersion, where the variance value is found to be much larger than the expected value (Var(Y) > 

E(Y). With a dispersion ratio of 29509.45, it can be concluded that the standard Poisson regression model is 

unable to accurately capture data diversity, necessitating a negative binomial approach. 

 

3.5. Negative Binomial Regression (Global Model) 

The parameter estimation of the negative binomial regression model was performed using the 

Maximum Likelihood Estimation (MLE) method with the Newton-Raphson optimization algorithm. The 

iteration process was carried out until the convergence criterion was reached, resulting in stable and accurate 

parameter estimates. The results of the negative binomial regression model parameter estimation are detailed 

in the Table 2. 

 

Table 2. Parameter Estimation of Negative Binomial Regression Model 

 Estimate Std. Error Z P-value 

Intercept -8.1440 15.7300 -0.518 0.60459 

𝑋1 0.3065 0.1300 2.358 0.01837 

𝑋2 0.01787 0.04189 0.426 0.66975 

𝑋3 0.00001 0.00008 0.064 0.94896 

𝑋4 -0.50740 0.13410 -3.785 0.00015 

𝑋5 0.28910 0.22730 1.272 0.20344  

𝑋6 -0.0824 0.10110 -0.815 0.41504 

 Deviance = 40.457 DF = 31  

    

AIC = 

941.01     

 

Based on the results of negative binomial regression modeling using a significance level of 5%, the 

deviance value was obtained (𝐷(𝛽̂)) by 40.457. When compared with the value 𝑋31,0.05
2  by 44.985, then the 

model deviance value is much larger (40.457 < 44.985), so 𝐻0 is rejected. This indicates that there is at least 

one predictor variable that has a significant influence on the response variable simultaneously. For partial 

testing with a significance level of 5%, a variable is said to be significant if the value ∣ 𝒁𝒉𝒊𝒕𝒖𝒏𝒈 ∣ exceeds 

critical value Z0.05/2 by 1.96 this means that only two predictor variables in the model individually have a 

significant influence on the number of poor people in East Java. The following table shows the negative 

binomial regression model: 

 

ln(𝜇̂) = −8.1440 + 0.3065𝑋1 + 0.01787𝑋2 + 0.00001𝑋3 − 0.5074𝑋4 + 0.2891𝑋5 − 0.0824𝑋6 

 

From the estimation results, it can be observed that only two predictor variables, namely 𝑋1 and 𝑋4 

have a significant influence on the response variable. Variable 𝑋1 has a positive coefficient of 0.3065 with a 

p-value of 0.01837, indicating a statistically significant positive effect. This implies that for every one-unit 

increase in 𝑋1, the expected number of poor people increases by a factor of exp (0.3065) ≈ 1.36, assuming 

other variables remain constant. In practical terms, this suggests that higher values of 𝑋1 contribute to an 

increase in poverty levels. On the other hand, variable 𝑋4shows a negative coefficient of -0.5074 with a p-

value of 0.00015, indicating a statistically significant negative effect. This means that for every one-unit 

increase in 𝑋4, the expected number of poor people decreases by a factor of exp (−0.5074) ≈ 0.60. This 

finding suggests that improvements in 𝑋4are associated with a reduction in poverty levels. 
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Meanwhile, the other variables, namely 𝑋2, 𝑋3, 𝑋5, and 𝑋6, are not statistically significant, as their p-

values exceed 0.05. This indicates that, at the global level, these variables do not have a strong enough 

influence to explain variations in the number of poor people in East Java. However, this does not necessarily 

imply that these variables are unimportant, as their effects may vary across locations and can be better 

captured using a spatial approach such as GWNBR. Overall, the global negative binomial model provides an 

initial understanding of the relationship between predictors and poverty. However, the limited number of 

significant variables suggests that a global model may not be sufficient to capture spatial variations, thereby 

justifying the use of the GWNBR model for more detailed local analysis. 

 

3.6. Spatial Effect Testing 

Spatial impact testing was conducted to identify spatial influences in the data through spatial 

heterogeneity testing. This process utilized the Breusch-Pagan method to determine differences in residual 

variation across observation locations. The Table 3 shows the results of the spatial effect testing. 

 

Table 3. Results of Spatial Effect Test with Breusch-Pagan Values 

Spatial Test Test Statistics Value P-value 

Spatial Heterogeneity Breusch-Pagan (BP) 13.894 0.0308 

 

Based on the results of this spatial effect test, the spatial heterogeneity test indicated significant 

heterogeneity. This is indicated by the Breusch-Pagan (BP) statistic value of 13.894 with a p-value of 0.0308. 

Because this p-value is smaller than the significance level of 0.0308 > 0.05, it was decided to reject 𝐻0. This 

indicates significant spatial heterogeneity in the research data. This spatial diversity indicates that the 

influence of predictor variables on the number of poor people is local, making the use of the GWNBR model 

more appropriate than a global regression model to capture the specific characteristics of each district/city. 

 

3.7. GWNBR Modeling 

Analysis using the GWNBR model was conducted to capture spatial variation in factors influencing 

the number of poor people in East Java Province. Unlike global regression models, which produce a single 

parameter estimate for the entire region, GWNBR modeling produces local parameters for each district/city. 

This modeling process begins by integrating the geographic location of the region into the model, followed 

by determining appropriate spatial weighting for each observation location. 

Based on the analysis results, the districts and cities can be classified into four distinct groups. This 

division is based on the similarity of predictor variable combinations that have been shown to have a 

significant influence in each region. Table 4 is a breakdown of the regional groupings formed according to 

the characteristics of their variable significance. 

 

Table 4. Grouping of Provinces Based on Significant Variables 

Group Regency/City Significant Variables 

1 Bangkalan Regency (𝑋1), (𝑋2), (𝑋3), (𝑋4), (𝑋5) 

2 

Trenggalek Regency, Tulungagung 

Regency, Kediri Regency, Malang 

Regency, Lumajang Regency, 

Bondowoso Regency, Situbondo 

Regency, Sidoarjo Regency, 

Mojokerto Regency, Jombang 

Regency, Madiun Regency, Magetan 

Regency, Ngawi Regency, Tuban 

Regency, Lamongan Regency, Gresik 

Regency, Sampang Regency, Blitar 

City, Malang City, Madiun City, 

Batu City 

(𝑋1), (𝑋4), (𝑋5), (𝑋6) 

3 

Jember Regency, Nganjuk Regency, 

Sumenep Regency, Kediri City, 

Probolinggo City, Mojokerto City, 

Surabaya City 

(𝑋3), (𝑋4), (𝑋5), (𝑋6) 

4 

Pacitan Regency, Ponorogo Regency, 

Blitar Regency, Banyuwangi 

Regency, Probolinggo Regency, 

Pasuruan Regency, Bojonegoro 

Regency, Pamekasan Regency, 

Pasuruan City 

(𝑋1), (𝑋4), (𝑋5) 
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The partial analysis in this study yielded parameter estimates that varied across districts/cities in East 

Java. Decision-making criteria were based on a comparison between ∣ 𝑍ℎ𝑖𝑡𝑢𝑛𝑔 ∣ with a threshold of 𝑍0.05/2 of 

1.96. with a threshold of 𝑍0.05/2 of 1.96. Rejection is stated as 𝐻0 occurring if the value ∣ 𝑍ℎ𝑖𝑡𝑢𝑛𝑔 ∣ of 1.96, 

which indicates that the variable is statistically significant. The test results show that the GWNBR model 

used involves variables that almost all have a significant influence in several districts/cities, including 

predictor variables such as TPT (𝑋1), TPAK (𝑋2), Population Density Rate (𝑋3), RLS (𝑋4), UHH (𝑋5), 

except for the Economic Growth Rate variable (𝑋6). For example, parameter testing will be conducted at a 

location in Bangkalan Regency. GWNBR model parameter testing in Bangkalan Regency can be seen in 

Table 5. 

 

Table 5. GWNBR Model Parameter Testing in Bangkalan Regency 

 Estimate Z P-value 

Intercept -8.144 -3499.358 0.000 

𝑋1 0.6948 2.08865 0.000 

𝑋2 0.0820 -36.7677 0.000 

𝑋3 0.0001 -31.7318 0.000 

𝑋4 -0.8243 2.68794 0.000 

𝑋5 0.2344 1.87615 0.000 

𝑋6 -0.0422 -0.17361 0.862 

 

For partial testing with a significance level of 5%, a variable is said to be significant if the value of ∣
𝑍ℎ𝑖𝑡𝑢𝑛𝑔 ∣ exceeds the critical value of 𝑍0.05/2 of 1.96. Based on the test results table in Bangkalan Regency, it 

is known that almost all predictor variables have a p-value of 0.000 except for 𝑋6, which has a p-value > 

0.05. This means that almost all predictor variables individually have a significant influence on the number of 

poor people in the region. The GWNBR model formed for Bangkalan Regency is as follows: 

ln(𝜇̂) = −8.144 + 0.6948𝑋1 + 0.0820𝑋2 + 0.0001𝑋3 − 0.8243𝑋4 + 0.2344𝑋5 − 0.0422𝑋6 

Based on the significant variables in the GWNBR model for Bangkalan Regency, it can be observed 

that several socio economic factors have a meaningful influence on the number of poor people. The Open 

Unemployment Rate (𝑋1) shows a positive and significant effect, where an increase of 1 percent is associated 

with an increase in the number of poor people by a factor of exp (0.6948) ≈ 2.00, assuming other variables 

remain constant. This indicates that unemployment is a major driver of poverty in Bangkalan Regency, where 

limited job opportunities may directly reduce household income and increase economic vulnerability. 

Similarly, the Labor Force Participation Rate (𝑋2) also shows a positive effect, suggesting that an increase in 

labor force participation does not necessarily reduce poverty. This condition may indicate that a large 

proportion of the workforce is engaged in low-productivity or informal sectors, which do not provide 

sufficient income to escape poverty. Population Density (𝑋3) has a positive but relatively small effect, 

indicating that higher population pressure may contribute to increased poverty, although its impact is not as 

strong as other variables. In contrast, Average Years of Schooling (𝑋4) has a significant negative effect, 

where an increase in education level reduces the number of poor people. This highlights the important role of 

education in improving human capital and access to better employment opportunities. Life Expectancy (𝑋5) 

shows a positive relationship with poverty, which may reflect underlying structural issues, such as unequal 

access to health services or demographic imbalances. Meanwhile, the Economic Growth Rate (𝑋6) has a 

negative but insignificant effect, indicating that economic growth in the region may not be evenly distributed 

and therefore does not directly reduce poverty levels. Overall, these findings indicate that poverty in 

Bangkalan Regency is influenced by a combination of labor market conditions, education level, and 

demographic factors. This reinforces the importance of region-specific policies, particularly in improving 

employment opportunities and access to education, as key strategies for poverty reduction. 

 

3.8. Best Model Selection 

The best model was selected by comparing the performance of the global regression model (Negative 

Binomial) with a local regression model that takes spatial elements into account, namely the Geographically 

Weighted Negative Binomial Regression (GWNBR) with four types of kernel weights. The criterion used to 

determine the most optimal model was the Akaike Information Criterion (AIC) value. A summary of the 

comparison of AIC values for all tested models is presented in the Table 6. 

 

Table 6. Comparison of Model Evaluation Results with AIC Values 

Regression Model AIC 

Negative Binomial Regression 941.01 

GWNBR Adaptive Bisquare  309.32044 

GWNBR Adaptive Gaussian 309.618422 
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Regression Model AIC 

GWNBR Adaptive Tricube 309.529982 

GWNBR Adaptive Exponential 319.752320  

 

Based on the comparison of Akaike Information Criterion (AIC) values in Table 6, the GWNBR 

Adaptive Bisquare model was selected as the best model because it had the lowest AIC value of 309.32044. 

This value is much smaller than the global regression model (Negative Binomial Regression), which had an 

AIC of 941.01. This highly significant AIC value indicates that the local GWNBR model is much more 

efficient at explaining the number of poor people in East Java than the global model. This result also aligns 

with the spatial heterogeneity test, which shows variations in characteristics across regions. 

   

4. CONCLUSION 

This study aims to model the number of poor people in East Java by addressing overdispersion and 

spatial heterogeneity using the Geographically Weighted Negative Binomial Regression (GWNBR) method. 

Based on the results, the GWNBR model captures spatial variation in poverty more accurately than the global 

Negative Binomial Regression model. This is evidenced by the significantly lower AIC value of the GWNBR 

model with the Adaptive Bisquare kernel (309.32044) compared to the global model (941.01). The findings 

indicate that the influence of predictor variables on poverty is not uniform across districts/cities, confirming 

the presence of spatial heterogeneity. The GWNBR model successfully provides local parameter estimates 

that reflect region-specific characteristics, allowing for a more detailed understanding of the dominant factors 

influencing poverty in each area, such as in Bangkalan Regency. Therefore, the results of this study answer 

the research objective by demonstrating that a spatial-based approach is more effective in modeling poverty 

data with complex regional variations. 

In terms of contribution, this study provides a more comprehensive modeling framework by 

integrating the handling of count data, overdispersion, and spatial effects simultaneously through the 

GWNBR approach with multiple kernel comparisons. The results also offer practical implications for 

policymakers, emphasizing that poverty alleviation strategies should be tailored to local conditions rather 

than applied uniformly across regions. For future research, it is recommended to incorporate additional 

relevant variables, such as infrastructure, social assistance, or environmental factors, to improve model 

accuracy. Furthermore, the use of alternative spatial models or the expansion of the study area and time 

period may provide deeper insights into the dynamics of poverty and enhance the robustness of the analysis. 
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