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Abstract: 

This study aims to model the factors influencing the number of Dengue Hemorrhagic Fever 

(DHF) cases in South Sulawesi Province and to compare the performance of Adaptive 

Gaussian Kernel and Adaptive Bisquare Kernel weighting functions in the Geographically 

Weighted Regression (GWR) model. GWR is used because it can accommodate spatial 

heterogeneity, where the relationships between variables differ across locations due to 

variations in geographic conditions, population density, and environment. Model evaluation 

was conducted using the Akaike Information Criterion (AIC) and the coefficient of 

determination (R²). The results show that the GWR model with Adaptive Bisquare Kernel 

weighting performs better (AIC = 307.3784; R² = 0.9263) compared to the Adaptive Gaussian 

Kernel (AIC = 340.7891; R² = 0.6106). Thus, the Adaptive Bisquare Kernel is more suitable 

for modeling DHF cases in South Sulawesi Province as it better captures local spatial variation. 

1. Introduction 

Dengue hemorrhagic fever (DHF) is an infectious disease caused by the dengue virus and transmitted to humans 

through the bite of the Aedes aegypti mosquito. DHF remains a public health problem in Indonesia because it can 

affect all age groups and can cause death within a relatively short time, especially in children (Li et al., 2020). In 

South Sulawesi Province, 4,975 DHF cases with 20 deaths were recorded in 2024, according to the Early Warning 

and Response System (SKDR) report. Of these, the highest numbers of cases were reported in Sidrap, Maros, and 

Bulukumba regencies, each of which recorded more than 300 DHF cases. 

DHF is closely related to spatial aspects because its spread is influenced by environmental, geographic, and social 

factors in a region. Therefore, a statistical approach that considers spatial variation is important for analyzing and 

modeling the spread pattern of DHF (Giofandi et al., 2023; Lin & Wen, 2011; Muna et al., 2025). One method 

commonly used to analyze the relationship between the number of DHF cases and the factors that influence it is 

regression modeling. However, for DHF cases whose spread is geographically uneven, conventional regression 

models are considered inadequate because they cannot capture spatial dependence or spatial variation between 

regions (Ikbal et al., 2024). In South Sulawesi, DHF cases have previously been modeled using geographically 

weighted Poisson regression (Musdar et al., 2024). To overcome these limitations, this study uses a spatial regression 

approach. 

Spatial regression is a statistical method used to model relationships between variables while accounting for the effect 

of location or geographic position. In spatial regression analysis, two types of spatial effects need to be considered, 

namely spatial dependence and spatial heterogeneity (Fatati et al., 2017). According to Fotheringham et al. (2002), 

one method that can be used to model the relationship between a response variable and explanatory variables in data 

with spatial heterogeneity is Geographically Weighted Regression (GWR). GWR is an extension of the regression 

model that allows parameter estimates to differ at each observation location. Parameters in GWR are estimated by 

weighting observations according to their proximity to the location, so that nearer areas have a greater influence than 
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farther areas. In constructing the weighting matrix, a weighting function governed by a specific measure called the 

bandwidth is used (Amaliasari, 2015). 

In GWR, there are two types of kernel weighting functions, namely fixed kernels and adaptive kernels. Adaptive 

kernels take two forms, namely the adaptive Gaussian kernel and the adaptive bisquare kernel. The difference 

between the Gaussian and bisquare kernel functions lies in how weights are assigned with respect to the distance 

between areas. The Gaussian kernel function gives weights that decrease progressively as the distance between 

locations increases, whereas the bisquare kernel function gives zero weight when a location lies outside a specified 

radius or bandwidth (Agustin, 2017). Several previous studies have shown that the GWR model is effective for 

modeling data with spatial variation using various weighting functions. Lutfiani et al. (2019) and Carolina (2022) 

found that the Gaussian kernel function gave the best performance in modeling poverty. Meanwhile, Sartika and 

Murniati (2021) showed that the GWR model performs better than global regression. On the other hand, the results of 

Ulhaq (2020) and Nisa (2022) show that the choice of the best weighting function, such as the adaptive Gaussian 

kernel or the fixed bisquare kernel, depends heavily on the characteristics of the case and the study location. 

Comparisons between adaptive and fixed kernels (Ulfie & Amaliana, 2021) and between adaptive Gaussian and 

adaptive bisquare kernels (Wahyudi et al., 2023) have also been reported. 

Based on this description, this study focuses on Geographically Weighted Regression (GWR) modeling with adaptive 

Gaussian kernel and adaptive bisquare kernel weighting functions for DHF cases in South Sulawesi Province. This 

study is important because the spread of DHF cases has spatial characteristics that differ between regions, so a 

method capable of capturing local variation in the relationship between the number of DHF cases and the factors that 

influence it is required. The objectives of this study are: (1) to model the number of DHF cases in South Sulawesi 

Province using the GWR method with adaptive Gaussian kernel and adaptive bisquare kernel weighting functions; 

and (2) to determine the better weighting function for modeling the number of DHF cases in South Sulawesi 

Province. 

2. Literature Review 

2.1 Multiple Linear Regression Analysis 

Regression analysis is a general method for predicting the response variable Y using the predictor variable 
(𝑥1, … , 𝑥𝑘) . Regression helps identify linear relationships and significant effects among factors. Multiple linear 

regression is used to examine the interaction of two or more variables with the dependent variable, with the general 

form: 

 𝐘 = 𝛃𝟎 + 𝛃𝟏𝑿𝟏 + 𝛃𝟐𝑿𝟐 +⋯+ 𝛃𝒑𝑿𝒑 + 𝜺 (1) 

In matrix notation, the equation can be written as: 

 𝐘 = 𝐗𝛃 + 𝛆 (2) 

where Y is the response vector of size n × 1, X is the predictor matrix of size n × (p + 1), β is the coefficient vector 

of size (p + 1) × 1, and ϵ is the error vector of size n × 1. 

2.2 Parameter Estimation of the GWR Model 

Parameter estimation in the Geographically Weighted Regression (GWR) model is carried out using the Weighted 

Least Squares (WLS) method. Unlike global linear regression, WLS assigns different weights to each study location 

based on its spatial proximity. Parameter estimates are obtained by minimizing the weighted sum of squared errors ε: 

 𝐋 = ∑ 𝒘𝒊
𝒏
𝒊=𝟏 (𝒖𝒊, 𝒗𝒊)𝜺𝒊

𝟐 (3) 

By differentiating with respect to the parameter vector and setting the result equal to zero, the GWR parameter 

estimator vector at each location i is obtained as follows: 

 𝜷̂(𝒖𝒊, 𝒗𝒊) = (𝑿𝑻𝑾(𝒖𝒊, 𝒗𝒊)𝑿)
−𝟏𝑿𝑻𝑾(𝒖𝒊, 𝒗𝒊)𝒚 (4) 
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where: 

𝛽̂(𝑢𝑖, 𝑣𝑖)  : parameter estimator vector at location i with coordinates  (𝑢𝑖 , 𝑣𝑖) 
𝑋  : predictor variable matrix with dimension 𝑛 × (𝑝 + 1) 
𝑊(𝑢𝑖 , 𝑣𝑖)  : diagonal weighting matrix of size n × n, specific to each location i. 

𝑦  : response variable vector with dimension n × 1. 

2.3 Normality Test 

The normality test in the GWR model aims to ensure that the model residuals as a whole are normally distributed. 

This check is performed on the global residuals with the following hypotheses: 

𝐻0: The residuals are normally distributed. 

𝐻1: The residuals are not normally distributed. 

This study uses the Kolmogorov-Smirnov test with the test statistic: 

 𝑫 = 𝐦𝐚𝐱|𝑭𝒏(𝒙) − 𝑭(𝒙)| (5) 

Notes: 

𝐹𝑛(𝑥)  : empirical distribution function of the sample 

𝐹(𝑥)  : theoretical normal distribution function 

𝐷  : Kolmogorov-Smirnov test statistic 

Decision Criteria: 

The decision is based on the p-value. If the p-value > 0.05, then 𝐻0  is accepted (the residuals are normally 

distributed). Conversely, if the p-value < 0.05, then 𝐻1 is rejected (the residuals are not normally distributed). 

2.4 Spatial Weighting Matrix 

The weighting matrix plays a crucial role in the GWR model because it represents the location of the observations 

and the relationships among locations. Spatial weighting is generally carried out using kernel functions; this study 

focuses on two types of adaptive kernel functions: 

1. Adaptive Gaussian Kernel 

This function gives weights that decrease as the distance between observation locations (𝑑𝑖𝑗)  increases. The 

weighting matrix is expressed as follows: 

 𝑾𝒊𝒋 = 𝐞𝐱𝐩 [−
𝟏

𝟐
(
𝒅𝒊𝒋

𝒉𝒊
)
𝟐

] (6) 

2. Adaptive Bisquare Kernel 

The adaptive bisquare kernel weighting function is calculated as follows (Chasco et al., 2007): 

 𝑾𝒊𝒋 = {
[𝟏 − (

𝒅𝒊𝒋

𝒉𝒊
)
𝟐

]
𝟐

, 𝒅𝒊𝒋 ≤ 𝒉𝒊

𝟎, 𝒅𝒊𝒋 𝒐𝒕𝒉𝒆𝒓𝒘𝒊𝒔𝒆
 (7) 

Where: 

𝑖, 𝑗 :  1.2, … , 𝑛;  𝑖 ≠ 𝑗 
𝑑𝑖𝑗: Euclidean distance between observation location i and location j 

ℎ𝑖: bandwidth at observation location i 

𝑑𝑖𝑗  is the Euclidean distance function, defined as follows: 

 𝒅𝒊𝒋 = √(𝒖𝒊 − 𝒖𝒋)
𝟐
+ (𝒗𝒊 − 𝒗𝒋)

𝟐
 (8) 
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The selection of the bandwidth (ℎ) is a crucial step in GWR modeling because it determines the accuracy of the 

kernel weight estimates. A bandwidth that is too large makes the weights nearly uniform across locations 

(oversmoothing), whereas a bandwidth that is too small makes the weights decay very quickly, so that only a few 

observations contribute to each local estimate. Both situations affect model accuracy. 

The optimum bandwidth in this study is determined using the Cross Validation (CV) method as follows: 

 𝑪𝑽(𝒉) = ∑ [𝒚𝒊 − 𝒚̂≠𝒊(𝒉)]
𝟐𝒏

𝒊=𝟏  (9) 

where 𝑦̂≠𝑖(ℎ) is the fitted value of 𝑦𝑖 , obtained by omitting the observation at location i in the prediction process. The 

optimum bandwidth is then obtained through an iterative process until the minimum CV is reached (Fotheringham et 

al., 2002). 

2.5 GWR Model 

A method for analyzing spatial data that takes geographic aspects into account was formulated and later became 

known as Geographically Weighted Regression (GWR). In GWR, the estimated parameters are local, so each 

observation location has a different regression coefficient value. The GWR model is as follows (Caraka & Yasin, 

2017): 

 𝒀𝒊 = 𝜷𝟎(𝒖𝒊, 𝒗𝒊) + ∑ 𝜷𝒌
𝒑
𝒌=𝟏 (𝒖𝒊, 𝒗𝒊)𝑿𝒊𝒌 + 𝜺𝒊 (10) 

Where: 

𝒀𝒊  : value of the response variable at observation location i 

𝜷𝟎(𝒖𝒊, 𝒗𝒊)  : GWR constant (intercept) 

𝜷𝒌(𝒖𝒊, 𝒗𝒊)  : k-th regression coefficient at observation location i 

𝒖𝒊, 𝒗𝒊  : latitude and longitude coordinates of observation 

location i 

𝑿𝒊𝒌  : value of the k-th predictor variable at observation 

location i 

𝜺𝒊  : error at location i 

2.6 Parameter Testing of the GWR Model 

Testing of the GWR model is carried out in two main stages: 

1. Simultaneous Test (Goodness of Fit) 

This test aims to determine whether the GWR model explains the data better than the linear regression model. The 

test statistic used for the goodness-of-fit test of the GWR model is as follows: 

 𝑭∗ =
𝑴𝑺𝑰𝒎𝒑𝒓𝒐𝒗𝒆𝒎𝒆𝒏𝒕

𝑴𝑺𝑮𝑾𝑹_𝑹𝒆𝒔𝒊𝒅𝒖𝒂𝒍𝒔
 (11) 

2. Partial Test of the GWR Model 

The parameters of the GWR model are tested partially. This test aims to determine which parameters significantly 

affect the response variable. 

The hypotheses used are: 

H0 : 𝛽𝑘(𝑢𝑖 , 𝑣𝑖) = 0 

H1 : 𝛽𝑘(𝑢𝑖 , 𝑣𝑖) ≠ 0 

The test statistic used is the t statistic: 

 𝑻 =
𝜷̂𝒌(𝒖𝒊,𝒗𝒊)

𝒔𝒆[𝜷̂𝒌(𝒖𝒊,𝒗𝒊)]
 (12) 
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where 𝑠𝑒[𝛽̂𝑘(𝑢𝑖 , 𝑣𝑖)] is the standard error obtained from the positive square root of 𝑣𝑎𝑟[𝛽̂𝑘(𝑢𝑖 , 𝑣𝑖)]. The decision 

criterion is that, if |𝑇| > 𝑡𝛼/2,𝑣 then H0 is rejected. Here, α is the significance level and v is the degrees of freedom, 

with a value of (n-p-1). 

2.7 Spatial Heterogeneity Test 

The Breusch-Pagan test is used to test spatial heterogeneity. The hypotheses of the Breusch-Pagan test are as follows 

(Rahmawati & Bimanto, 2021): 

𝐻0 = 𝜎1
2 = 𝜎2

2 = ⋯ = 𝜎𝑁
2 = 𝜎2  (there is no spatial heterogeneity) 

𝐻1 = 𝐴𝑡 𝑙𝑒𝑎𝑠𝑡 𝑜𝑛𝑒 𝜎𝑖
2 ≠ 𝜎2  ; 𝑖 = 1.2⋯ ,𝑁 (there is spatial heterogeneity). 

The test statistic used is as follows: 

 𝑩𝑷 = (
𝟏

𝟐
) 𝒇𝒕(𝒁𝑻𝒁)−𝟏𝒁𝑻 ∼ 𝑿(𝑷)

𝟐  (13) 

The decision criterion is to reject 𝐻0 if BP > 𝑋(𝑃)
2  or p-value < α, which means that there is variation among regions. 

2.8 Multicollinearity 

Multicollinearity is a condition in which an independent variable is correlated with another independent variable in 

the regression model. In GWR modeling, the VIF value is calculated for each predictor variable. The VIF is 

expressed as follows (Abdullah et al., 2017; Arthayanti et al., 2017): 

 𝑽𝑰𝑭𝒌(𝒖𝒊, 𝒗𝒊) =
𝟏

𝟏−𝑹𝒌
𝟐(𝒖𝒊,𝒗𝒊)

 (14) 

where 𝑹𝒌
𝟐 =

∑ 𝒘𝒊𝒋
𝒏
𝒊=𝟏 (𝑿̂𝒊−𝑿‾ )

𝟐

∑ 𝒘𝒊𝒋
𝒏
𝒊=𝟏 (𝑿𝒊−𝑿‾ )

𝟐 is the coefficient of determination at each location. 

2.9 Best Model Selection 

According to Fotheringham et al. (2002), model goodness of fit is assessed using the Akaike Information Criterion 

(AIC). A model is considered good when its AIC value is small and its R2 is high. The selection criteria used are as 

follows (Agustin, 2017). The AIC is expressed as: 

 𝑨𝑰𝑪 = 𝟐𝒏𝐥𝐨𝐠(𝝈̂) + 𝒏𝐥𝐨𝐠(𝟐𝝅) + 𝒏 (
𝒏+𝒕𝒓(𝑺)

𝒏−𝟐−𝒕𝒓(𝑺)
) (15) 

where: 

𝝈̂ = √𝑴𝑺𝑬 

n : the number of locations. 

The coefficient of determination (R2) is denoted by: 

 𝑹𝟐 =
𝑺𝑺𝑹

𝑺𝑺𝑻
 (16) 

Where: 

SSR is the total regression sum of squares and SST is the total sum of squares. 

3. Research Method 

3.1 Research Type 

Based on the available data, this study uses a quantitative approach. The quantitative research method is carried out 

by collecting the necessary data and then analyzing it using Geographically Weighted Regression (GWR) with the 

Adaptive Gaussian Kernel and Adaptive Bisquare Kernel weighting functions. 
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3.2 Data Source 

The data used in this study were obtained from the South Sulawesi Provincial Health Office. The data are secondary 

data, that is, data that already exist and were not collected directly by the researcher. 

3.3 Variable Definitions 

The variables used in this study consist of two types, namely the response variable (Y) and the predictor variables 

(X). Information on the variables used is presented in Table 1: 

Table 1. Research Variables for DHF Cases 

 Variable Scale 

Y Number of DHF Cases Ratio 

X1 Number of Households with Access to Adequate Sanitation Ratio 

X2 Larva-Free Index (ABJ) Ratio 

X3 Number of Community Health Centers (Puskesmas) Ratio 

X4 Percentage of Households with Clean and Healthy Living Behavior (PHBS) Ratio 

X5 Population Density Ratio 

X6 Access to Clean Water Ratio 

X7 Percentage of Poor Population Ratio 

X8 Severe Malnutrition Ratio 

3.4 Analysis Steps 

The analysis steps used in modeling the number of DHF cases with the GWR model are as follows: 

1. Perform descriptive statistical analysis 

2. Test the normality of the residuals using the K-S test. 

3. Detect multicollinearity among variables using the Variance Inflation Factor (VIF) test 

4. Test the spatial heterogeneity assumption 

5. Build the GWR model 

a. Determine the optimum bandwidth based on the CV criterion. 

b. Calculate the weighting matrix using the Adaptive Gaussian Kernel and Adaptive Bisquare Kernel 

weighting functions 

c. Calculate Euclidean distances based on geographic location 

d. Test the GWR model parameters partially 

e. Test the GWR model parameters simultaneously 

6. Select the best model based on the AIC and R2 values of each weighting function 

7. Interpret the GWR model. 

4. Results and Discussion 

4.1 Descriptive Analysis 

The descriptive analysis shows that, among the regencies/cities of South Sulawesi Province, the lowest number of 

DHF cases was in Palopo City, with 42 cases, and the highest was in Makassar City, with 1,977 cases. 

4.2 Normality Test 

The normality test in this study uses the Kolmogorov-Smirnov test. The hypotheses used in the Kolmogorov-Smirnov 

test are: 

𝐻0 ∶ the residuals are normally distributed 

𝐻1 ∶ the residuals are not normally distributed 
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The results of the Kolmogorov-Smirnov test are shown in Table 2: 

Table 2. Normality Test Results 

Test Statistic Value 

D (Test Statistic) 0.11148 

p-value 0.2785 

Based on the normality test using the Kolmogorov-Smirnov criterion, the test statistic D is 0.1148 with a p-value of 

0.2785. Because the p-value > 0.05, H0 is accepted, indicating that the residuals are normally distributed. Therefore, 

the normality assumption is satisfied, and the data are suitable for further analysis. 

4.3 Multicollinearity Test 

The multicollinearity assumption can be tested by examining the Variance Inflation Factor (VIF) values. 

Table 3. VIF Values in the Regression Model 

Variable VIF 

X1 2.498 

X2 1.524 

X3 2.351 

X4 1.381 

X5 1.887 

X6 1.637 

X7 1.471 

X8 1.884 

Based on the VIF values in Table 3, all VIF values are < 10; therefore, it can be concluded that there is no 

multicollinearity, so all variables are suitable for use in the GWR analysis. 

4.4 Spatial Heterogeneity Test 

The spatial heterogeneity test aims to determine whether there is variation among the regions of the province, using 

the Breusch-Pagan test. The Breusch-Pagan test results are shown in Table 4. 

Table 4. Breusch-Pagan Test Results 

Test Statistic Value 

BP (Breusch-Pagan) 22.603 

Df (Degrees of Freedom) 8 

p-value 0.003914 

Based on the Breusch-Pagan test in Table 4, the p-value is 0.003914. At the 5% significance level, H0 is rejected. 

Therefore, it can be concluded that spatial heterogeneity exists in DHF cases in South Sulawesi Province. 

4.5 GWR Modeling 

The first step in GWR modeling is to calculate the Euclidean distance between one observation location and another. 

The following is an example of the distance calculation between Selayar Islands Regency and Bantaeng Regency. 

𝒅𝒊𝒋 = √(−𝟓. 𝟒𝟖𝟑𝟑 + 𝟐. 𝟓𝟓𝟕𝟕𝟎)𝟐 + (𝟏𝟏𝟗. 𝟗𝟖𝟑𝟑 − 𝟏𝟐𝟏. 𝟑𝟏𝟒𝟐)𝟐 

= √(−𝟐. 𝟗𝟐𝟓𝟔𝟑)𝟐 + (−𝟏. 𝟑𝟑𝟎𝟗)𝟐 

= √𝟏𝟎. 𝟑𝟑𝟐 

= 𝟑. 𝟐𝟏𝟒 
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After the distances between observation locations (dij) are obtained, the next step is to determine the optimum 

bandwidth using the adaptive Gaussian kernel and adaptive bisquare kernel weighting functions. The optimum 

bandwidth is selected using the Cross Validation (CV) method. The optimum bandwidth for each weighting function 

is shown in Table 5: 

Table 5. Optimum Bandwidths of the Adaptive Gaussian and Adaptive Bisquare Kernels 

Regency/City 
hij 

gaussian bisquare 

Bantaeng 1.633 1.915 

Barru 1.126 1.230 

Bone 1.207 1.291 

Bulukumba 1.589 1.913 

Enrekang 1.701 1.731 

Gowa 1.706 1.821 

Jeneponto 1.798 2.035 

Selayar 2.861 3.042 

Makassar 2.670 2.722 

Palopo 2.541 2.623 

Pare-pare 1.540 1.757 

Luwu 1.433 1.638 

East Luwu 2.140 2.246 

Maros 1.167 1.381 

Pangkep 1.328 1.402 

Pinrang 1.540 1.709 

Sidrap 3.081 3.421 

Sinjai 1.398 1.417 

Soppeng 1.690 1.732 

Takalar 1.103 1.274 

Toraja 1.801 1.905 

North Toraja 2.059 2.186 

Wajo 2.133 2.259 

North Luwu 1.381 1.404 

Based on Table 5, the optimum bandwidth values produced by the adaptive Gaussian kernel and adaptive bisquare 

kernel weighting functions differ across observation locations. This means that each observation location has a 

different radius of influence that is considered optimal in forming the model parameters of that location. Once the 

optimum bandwidths are obtained, the next step is to form the weighting matrix for each observation location based 

on the adaptive Gaussian kernel and adaptive bisquare kernel weighting functions to estimate the GWR models, so 

that the model for each regency/city in South Sulawesi Province is different. The parameter estimation results of the 

GWR models are shown in the following table. 

Table 6. Parameter Estimation Results 

Variable 
Gaussian Bisquare 

Minimum Maximum Range Minimum Maximum Range 

Intercept -1.413x103 2.114x103 3.528x103 -7.739103 -1.755x 103 5.983x 103 

𝛽1 -1.398x0-2 1.423x102 2.822x10-2 -3.701x 10-2 4.284x 10-1 3.914x 10-1 

𝛽2 -6.030x10-1 4.850x10 4.247x10 -3.747x 10 1.177x 102 1.214x 102 

𝛽3 -1.140 x 10-1 -1.006x10 1.039x101 -3.250x 101 -8.599x 10-1 3.164x 101 

𝛽4 3.198 x 10 1.790x101 1.470x101 -1.536x 101 2.294x 101 3.831x 101 

𝛽5 -2.620 x 101 8.693x10 3.489x101 -1.084x 101 3.135x 101 4.219x 101 

𝛽6 -1.222x10 7.320x10 1.954x101 -4.739x 101 2.320x 101 7.059x 101 

𝛽7 1.732x10 9.721x10 7.989x10 -3.997x 10 3.330x 101 3.730x 101 

𝛽8 -9.225 x101 1.217x101 1.044x102 -2.592x 102 5.595x 101 3.151x 102 
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4.6 Model Goodness-of-Fit Test 

The results of the model goodness-of-fit test are as follows: 

Table 7. F Test 

Model Fcalc Ftable 

Adaptive Gaussian Kernel 2.942 2.660 

Adaptive Bisquare Kernel 3.961 3.321 

Based on Table 7, Fcalc > Ftable, so H0 is rejected, which means that there is a significant difference between the OLS 

and GWR regression models; in other words, the GWR model is better than the OLS model. 

4.7 Partial Test 

The partial significance test of the GWR parameters is carried out to determine which parameters significantly affect 

DHF incidence in each regency/city of South Sulawesi Province. The decision rule used in the partial test of the 

GWR model is to reject H0 if |𝑇𝑐𝑎𝑙𝑐| ≥ |𝑇𝑡𝑎𝑏𝑙𝑒| = 2.131. The results of the parameter significance test of the GWR 

model in Selayar Islands Regency are shown in the following table: 

Table 8. Partial Test Results of the GWR Model Parameters in Selayar Islands Regency 

Parameter 
Adaptive Gaussian Kernel Adaptive Bisquare Kernel 

Estimate t-value p-value Remarks Estimate t-value p-value Remarks 

β0 2114.741 0.826 0.980 Not Significant 6.571 -2.001 0.063 Not Significant 

β1 -0.011 -0.177 0.862 Not Significant -7739.495 1.929 0.115 Not Significant 

β2 4.056 0.349 0.733 Not Significant 0.428 3.855 0.014 Significant 

β3 -11.406 -0.966 0.353 Not Significant 117.743 -2.415 0.034 Significant 

β4 17.053 2.994 0.010 Significant -25.856 3.430 0.021 Significant 

β5 -26.206 -1.436 0.177 Not Significant 22.947 -0.090 0.932 Not Significant 

β6 -10.733 -1.118 0.286 Not Significant -1.693 -5.267 0.004 Significant 

β7 8.311 1.025 0.325 Not Significant -45.398 4.377 0.008 Significant 

β8 87.606 2.153 0.040 Significant 33.303 -5.508 0.003 Significant 

Based on the parameter test results of the GWR model in Selayar Islands Regency, the adaptive Gaussian kernel 

model shows that the variables significant for DHF cases are Clean and Healthy Living Behavior (PHBS) (X4) and 

the Percentage of Severe Malnutrition (X8). Variable X4 has a positive effect, whereas X8 has a negative effect on the 

number of DHF cases. 

In the adaptive bisquare kernel model, the significant variables are X2, X3, X4, X6, X7, and X8. Variables X2, X3, and 

X8 have positive effects, whereas X4, X6, and X7 have negative effects on the number of DHF cases. These results 

show spatial differences in the influence of DHF factors in South Sulawesi Province. 

Table 9. Variables with Significant Effects in Each Regency/City by Weighting Function 

Weighting 

Function 
Regency/City Significant Variables 

Adaptive Gaussian 

Kernel 

Selayar Islands Regency, Makassar City, Pinrang Regency, Sinjai 

Regency, Enrekang Regency, North Luwu Regency 

X4 

Palopo City, East Luwu Regency, Wajo Regency, North Toraja 

Regency 

X4, X8 
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Weighting 

Function 
Regency/City Significant Variables 

Adaptive Bisquare 

Kernel 

Makassar City, Palopo City, East Luwu Regency, Wajo Regency, 

North Toraja Regency 

X2, X3, X4, X6, X7, X8 

Selayar Islands Regency X2, X4, X6, X7, X8 

Enrekang Regency X2, X6, X7, X8 

4.8 Formation of the GWR Models 

GWR modeling with the adaptive Gaussian kernel and adaptive bisquare kernel weighting functions produces local 

model parameters for each observation point or location. The following are examples of the general GWR models 

formed using the adaptive Gaussian kernel and adaptive bisquare kernel weighting functions for Selayar Islands 

Regency: 

1. GWR Model with the Adaptive Gaussian Kernel Weighting Function for Selayar Islands Regency 

𝒀̂𝑺𝒆𝒍𝒂𝒚𝒂𝒓 = 𝟐𝟏𝟏𝟒. 𝟕𝟒𝟏 − 𝟎. 𝟎𝟏𝟏𝑿𝟏 + 𝟒. 𝟎𝟓𝟔𝑿𝟐 − 𝟏𝟏. 𝟒𝟎𝟔𝑿𝟑 + 𝟏𝟕. 𝟎𝟓𝟑𝑿𝟒 − 𝟐𝟔. 𝟐𝟎𝟔𝑿𝟓 − 𝟏𝟎. 𝟕𝟑𝟑𝑿𝟔 + 

𝟖. 𝟑𝟏𝟏𝑿𝟕 − 𝟖𝟕. 𝟔𝟎𝟔𝑿𝟖 

2. GWR Model with the Adaptive Bisquare Kernel Weighting Function for Selayar Islands Regency: 

𝒀̂𝑺𝒆𝒍𝒂𝒚𝒂𝒓 = 𝟔. 𝟓𝟕𝟏 − 𝟕𝟕𝟑𝟗. 𝟒𝟗𝟓𝑿𝟏 + 𝟎. 𝟒𝟐𝟖𝑿𝟐 + 𝟏𝟏𝟕. 𝟕𝟒𝟑𝑿𝟑 − 𝟐𝟓. 𝟖𝟓𝟔𝑿𝟒 + 𝟐𝟐. 𝟗𝟒𝟕𝑿𝟓 − 𝟏. 𝟔𝟗𝟑𝑿𝟔 − 

𝟒𝟓. 𝟑𝟗𝟖𝑿𝟕 + 𝟑𝟑. 𝟑𝟎𝟑𝟐𝑿𝟖 

4.9 Best Model Selection 

Model goodness can be measured by comparing the AIC value and the coefficient of determination R2. The best 

model results are shown in Table 10. 

Table 10. Best Model 

Model AIC Value R2 

GWR with Adaptive Gaussian Kernel Weighting Function 340.789 0.610 

GWR with Adaptive Bisquare Kernel Weighting Function 307.378 0.926 

Based on Table 10, the best model for modeling the number of DHF cases in South Sulawesi Province is the GWR 

model with the Adaptive Bisquare Kernel weighting function. This is shown by its smallest AIC value of 307.378 and 

R2 of 0.926, whereas the Adaptive Gaussian Kernel weighting function has an AIC of 340.789 and R2 of 0.610. 

Therefore, it can be concluded that the model with the Adaptive Bisquare Kernel weighting function is better for 

modeling the number of DHF cases in South Sulawesi Province. 

4.10 Discussion 

The results show that the number of DHF cases differs among regencies/cities in South Sulawesi Province. The 

spatial heterogeneity test indicates a spatial effect, so the Geographically Weighted Regression (GWR) method is 

more suitable than global regression. Based on the model evaluation, GWR with the Adaptive Bisquare Kernel 

weighting function is the best model, with an AIC of 307.378 and R2 of 0.926, compared with the Adaptive Gaussian 

Kernel, with an AIC of 340.789 and R2 of 0.610. This shows that the Adaptive Bisquare Kernel model is better at 

explaining the variation in DHF cases in South Sulawesi Province. 

5. Conclusion 

This study modeled the number of dengue hemorrhagic fever (DHF) cases in South Sulawesi Province using 

Geographically Weighted Regression (GWR) with adaptive Gaussian kernel and adaptive bisquare kernel weighting 

functions. The spatial heterogeneity test indicated that the relationship between DHF cases and the predictor variables 

varies across locations, and the F test showed that GWR fits the data significantly better than global regression. The 

modeling produced a local model for each of the 24 regencies/cities, and the significant predictor variables differed 
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between locations and between the two kernels. The adaptive bisquare kernel gave the better fit (AIC = 307.378; R2 = 

0.926) compared with the adaptive Gaussian kernel (AIC = 340.789; R2 = 0.610), so it is the more suitable weighting 

function for modeling DHF cases in South Sulawesi Province in 2024. 
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      𝒀 ^  𝑺 𝒆 𝒍 𝒂 𝒚 𝒂 𝒓 = 𝟔 . 𝟓 𝟕 𝟏 − 𝟕 𝟕 𝟑 𝟗 . 𝟒 𝟗 𝟓   𝑿  𝟏 + 𝟎 . 𝟒 𝟐 𝟖   𝑿  𝟐 + 𝟏 𝟏 𝟕 . 𝟕 𝟒 𝟑   𝑿  𝟑 − 𝟐 𝟓 . 𝟖 𝟓 𝟔   𝑿  𝟒 + 𝟐 𝟐 . 𝟗 𝟒 𝟕   𝑿  𝟓 − 𝟏 . 𝟔 𝟗 𝟑   𝑿  𝟔 −


  𝟒 𝟓 . 𝟑 𝟗 𝟖   𝑿  𝟕 + 𝟑 𝟑 . 𝟑 𝟎 𝟑 𝟐   𝑿  𝟖


  𝟒 𝟓 . 𝟑 𝟗 𝟖   𝑿  𝟕 + 𝟑 𝟑 . 𝟑 𝟎 𝟑 𝟐   𝑿  𝟖

