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ABSTRACT
Leprosy incidence exhibited non-normal, right-skewed distribution and
spatial heterogeneity, requiring a model accommodating both character-
istics. This study aimed to develop and apply the Mixed Geographically
Weighted Three-Parameter Log-Logistic Regression (MGWLL3R), rep-
resenting the first integration of the Mixed Geographically Weighted Re-
gression framework with the Three-Parameter Log-Logistic distribution,
to identify factors influencing leprosy incidence using cross-sectional
data from 35 regencies/cities in Central Java, based on 2024 data ob-
tained from BPS of Central Java. Parameters were estimated using
Maximum Likelihood Estimation with the Berndt–Hall–Hall–Hausman
algorithm, and the optimal bandwidth was selected using minimum
Cross Validation. The best model employed a Fixed Gaussian kernel
with bandwidth 0.37 and achieved the lowest AICc of 90.70 compared
with the LL3R and GWLL3R models. Proper sanitation access was
the only global predictor, whereas unemployment, safe drinking water
access, population growth, and mean years of schooling showed spatial
variation. These findings support region-specific leprosy control through
global and local effects.
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1. INTRODUCTION
Regression is a statistical method used to explain the relationship between response variables and predictor

variables. However, classical regression models assume that the response variable is normally distributed and has
a linear relationship with the predictor variable [1]. In practice, many positive continuous data are asymmetric
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and skewed to the right, thus not meeting this assumption. To overcome this problem, a regression model based
on the Three-Parameter Log-Logistic Distribution (LL3D) was developed, which has location, scale, and shape
parameters, making it more flexible in modeling various data characteristics compared to the two-parameter log-
logistic distribution [2].

The development of the LL3D distribution resulted in the Three-Parameter Log-Logistic Regression (LL3R)
model, which has been proven to be able to model positive continuous data that is not normally distributed [3].
Previous research by [4] showed that the LL3R model is able to overcome the problem of positive continuous
data through the Maximum Likelihood Estimation (MLE) approach. Because the first derivative of the log-
likelihood function does not produce a closed form, the parameter estimation process is carried out using numerical
optimization methods, such as Berndt–Hall–Hall–Hausman (BHHH) and Conjugate Gradient (CG).

However, the LL3R model is still global in nature because it assumes that the relationship between predictor
variables and response variables is the same across all observation areas. In geographically referenced data, this
assumption is often not met due to spatial heterogeneity, a condition where the influence of predictor variables on
response variables differs across regions [5]. To accommodate this condition, a Geographically Weighted Regression
(GWR) approach was developed that allows model parameters to vary based on geographic location. Parameter
estimation in GWR is performed using spatial weighting through a kernel function, so that nearby locations have a
greater influence than distant locations [6]. Further development was carried out by [7] through the Geographically
Weighted Three-Parameter Log-Logistic Regression (GWLL3R) model, which combines LL3R ability to handle
non-normal data with GWR ability to accommodate spatial heterogeneity.

Although GWLL3R accounts for spatial heterogeneity by estimating all regression coefficients locally, this
approach implicitly assumes that every explanatory variable exhibits spatially varying effects. In practice, however,
some predictors may have relatively constant effects across all locations, whereas others vary geographically.
Estimating all coefficients as local therefore introduces unnecessary model complexity, increases the number of
parameters to be estimated, and may reduce estimation efficiency and model interpretability. Consequently, a
modeling framework capable of simultaneously estimating global and local effects is required to provide more
parsimonious and informative inference.

To overcome these limitations, a Mixed Geographically Weighted Regression (MGWR) framework was devel-
oped that allows global and local parameters to be modeled simultaneously in one model [8]. This framework
is based on the concept of spatial heterogeneity, which recognizes that some explanatory variables may exhibit
spatially varying effects, while others may have relatively constant effects across regions. Accordingly, predictors
with relatively constant effects across regions are modeled as global parameters, whereas predictors whose effects
vary across regions are modeled as local parameters. However, the application of the MGWR framework to the
LL3D distribution remains unexplored in the current literature. Therefore, this study proposes a Mixed Geo-
graphically Weighted Three-Parameter Log-Logistic Regression (MGWLL3R) model as an extension of GWLL3R.
The proposed model is expected to be able to produce a more parsimonious and easily interpretable model than
GWLL3R.

Leprosy remains a public health problem in Indonesia due to the uneven distribution of cases across regions
and the continued discovery of new cases each year [9]. Previous studies [10], [11], [12] have shown that socioeco-
nomic factors, sanitation, education, and access to health services influence the incidence of leprosy. Central Java
represents one of the provinces with a high leprosy burden in Indonesia and demonstrates considerable variation
in leprosy incidence among its 35 regencies/cities. Based on the national leprosy program report, the incidence
rate of leprosy in Central Java increased from approximately 3.9 cases per 100,000 population in 2023 to approx-
imately 4.2 cases per 100,000 population in 2024, indicating that transmission continues despite various control
efforts implemented through elimination strategies Differences in social, economic, educational, and environmental
characteristics between regions suggest that some factors may exert relatively consistent effects across all regions,
whereas others may vary spatially. Consequently, a statistical model capable of simultaneously accommodating
both global and local effects is required to accurately describe the spatial heterogeneity of leprosy incidence.

Therefore, this study aims to develop and apply the MGWLL3R model, estimated using the Maximum Likeli-
hood Estimation method and the Berndt-Hall-Hall-Hausman algorithm, to identify the factors influencing leprosy
incidence across the 35 regencies and cities of Central Java Province using cross-sectional data from 2024.

2. RESEARCH METHOD
2.1. Data and Research Variables

This study used secondary data obtained from BPS of Central Java for 2024. The dataset consisted of 35
regencies/cities in Central Java Province. The response variable was the the incidence of leprosy cases in each
regencies/cities during 2024. The five predictor variables were selected based on previous studies identifying so-
cioeconomic, demographic, educational, and environmental factors as important determinants of leprosy incidence.
Therefore, five predictor variables were included in the model because they are theoretically relevant to explaining
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the spatial variation in leprosy incidence [10], [11], [12], [13]. The research variables are presented in Table 1. All
variables were continuous and measured on a ratio scale.

Table 1: Research Variables

Variable Description Unit Role

Y Leprosy incidence Cases per 100,000 population Response
X1 Unemployment rate Percent (%) Predictor
X2 Households with safe drinking water access Percent (%) Predictor
X3 Population growth rate Percent (%) Predictor
X4 Mean years of schooling Years Predictor
X5 Households with access to proper sanitation Percent (%) Predictor

Classical regression models do not account for spatial dependencies among regions. To address this issue,
spatial regression models incorporate a spatial weighting matrix (W ) constructed from the geographic coordinates
(ui, vi) of each region. In this study, ui and vi denote the longitude and latitude of the i-th regencies/cities,
respectively. The geographic coordinates were obtained from the LatLong.net website and were used to calculate
the distance between regions matrix for kernel weighting. Consequently, geographically closer regions receive larger
weights than more distant regions.

2.2. Three-Parameter Log-Logistic Regression Model (LL3R)
The Three-Parameter Log-Logistic Distribution (LL3D) is a continuous distribution used to model positive

and asymmetric data [14]. This distribution has three main parameters, namely ψ as the shape parameter, σ as
the scale parameter, and µ as the location parameter. The probability density function is given as follows [15]:

f(y | µ, σ, ψ) =


σ−ψψ(y − µ)ψ−1(
1 +

(
y − µ

σ

)ψ)2 , σ > 0, ψ ≥ 1, y ≥ µ,

0, y < µ.

(1)

Three-Parameter Log-Logistic Regression (LL3R) is a regression model used when the response variable Y
is assumed to follow a Three-Parameter Log-Logistic distribution [16]. In LL3R, the location parameter (µ) is
assumed to be influenced by predictor variables through a link function, such as the log-link function. Consequently,
the value of the location parameter may vary across observations according to the characteristics of the predictor
variables. Parameter estimation in the LL3R model is generally carried out using the Maximum Likelihood
Estimation (MLE) method. The LL3R model can be expressed as follows [4]:

ln(µi) = xTi β ⇒ µi = exp
(
xTi β

)
(2)

The LL3R model assumes that the regression parameters are constant across all observation locations. However,
in many cases, spatial heterogeneity causes the influence of predictor variables to differ across regions. Therefore,
the Geographically Weighted Three-Parameter Log-Logistic Regression (GWLL3R) model is used to accommodate
variations in the regression parameters at each location through spatial weighting. The GWLL3R model can be
expressed as follows:

µi = exp
(
xTi β(ui, vi)

)
, i = 1, 2, . . . , n (3)

2.3. Mixed Geographically Weighted Three-Parameter Log-Logistic Regression
Mixed Geographically Weighted Three-Parameter Log-Logistic Regression (MGWLL3R) is an extension of a

spatial regression model that combines the concepts of Geographically Weighted Regression (GWR) and Three-
Parameter Log-Logistic Regression [8]. This model is applied when the response variable follows a Three-Parameter
Log-Logistic distribution and the data exhibit spatial heterogeneity. In the MGWLL3R model, the regression
parameters are divided into global and local parameters. According to [5] not all predictor variables necessarily
exhibit spatially varying relationships. Predictors with relatively constant relationships across the study area may
be modeled using global coefficients, whereas predictors whose effects vary across locations are more appropriately
modeled using local coefficients.
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The geographical location of each observation is represented by spatial coordinates (ui, vi), where ui and vi
denote longitude and latitude coordinates, respectively [5]. The MGWLL3R model can be expressed as follows:

ln(µi) = x∗T
i β∗(ui, vi) + x∗∗T

i γ, i = 1, 2, . . . , n ⇒ µi = exp
(
x∗T
i β∗(ui, vi) + x∗∗T

i γ
)

(4)

The probability density function is shown as follows:

f(yi | β∗(ui, vi), σ∗(ui, vi), ψ, γ) =



ψ

(σ∗(ui,vi))ψ
(
yi − exp

(
x∗T
i β∗(ui, vi) + x∗∗T

i γ
))ψ−1(

1 +
(
yi−exp(x∗T

i
β∗(ui,vi)+x∗∗T

i
γ)

σ∗(ui,vi)

)ψ)2 , yi > µi,

0, otherwise.

(5)

where σ∗(ui, vi) denotes the local scale parameter and σ∗(ui, vi) > 0, ψ denotes the shape parameter with ψ ≥ 1,
and the response variable satisfies yi ≥ µi, where µi = exp

(
x∗T
i β∗(ui, vi) + x∗∗T

i γ
)

The estimated parameters in the MGWLL3R model can be written in vector form as θMGWLL3R = [β∗T (ui, vi)
σ∗(ui, vi) ψ γ]T Parameter estimation in the MGWLL3R model is carried out using the MLE approach with the
goal of optimizing the LL3R likelihood function. The likelihood and ln- likelihood function is written as follows:

L(θMGWLL3R) =
n∏
i=1

[f(yi; θMGWLL3R)]w
∗
ii (6)

ln l
(
θ∗
t,MGWLL3R

)
=

n∑
i=1

wii∗ ln


ψ

(σ∗(ui∗ , vi∗))ψ
(
yi − exp

(
x∗T
i β∗(ui∗ , vi∗) + x∗∗T

i γ
))ψ−1

1 +
(
yi − exp

(
x∗T
i β∗(ui∗ , vi∗) + x∗∗T

i γ
)

σ∗(ui∗ , vi∗)

)ψ2


. (7)

The parameter estimates are obtained by taking the gradient of the ln-likelihood function with respect to each
parameter and setting the resulting equations equal to zero. However, the resulting gradient equations do not yield
closed-form solutions. Therefore, numerical optimization is required to obtain the parameter estimates. In this
study, the optimization process is performed using the Berndt-Hall-Hall-Hausman (BHHH) iterative method [17].
BHHH is a numerical optimization method developed by Ernst Berndt, Bronwyn Hall, Robert Hall, and Jerry
Hausman to obtain parameter estimates through MLE. The main advantage of BHHH over the Newton Raphson
method is that BHHH does not require the explicit second derivative of the ln-likelihood function. The Hessian
matrix is approximated using the Outer Product of Gradients (OPG) [18]. Thus, the gradient vector and Hessian
matrix of the BHHH algorithm are presented:

gi
(

θ̂i,MGWLL3R

)
=



∂ ln f(yi; β∗(ui∗ , vi∗), σ∗(ui∗ , vi∗), ψ,γ)
∂β∗(ui∗ , vi∗)

∂ ln f(yi; β∗(ui∗ , vi∗), σ∗(ui∗ , vi∗), ψ,γ)
∂σ∗(ui∗ , vi∗)

∂ ln f(yi; β∗(ui∗ , vi∗), σ∗(ui∗ , vi∗), ψ,γ)
∂ψ

∂ ln f(yi; β∗(ui∗ , vi∗), σ∗(ui∗ , vi∗), ψ,γ)
∂γ


(8)

H
(

θ̂
∗
i,MGWLL3R

)
= −

n∑
i=1

wii∗ g
(

θ̂
∗
i,MGWLL3R

) [
g
(

θ̂
∗
i,MGWLL3R

)]T
. (9)

The following steps are used to obtain the parameter estimates β∗(ui, vi), σ∗(ui, vi), ψ, and γ using the BHHH
algorithm [17]:

1. Determine the initial parameter estimates from the results of the global LL3R model estimation: θ̂
(0)
i∗,MGWLL3R

=
[
β̂

∗(0)T
(ui∗ , vi∗) σ̂∗(0)(ui∗ , vi∗) ψ̂(0) γ̂(0)T

]T

Mixed Geographically Weighted Three-Parameter Log-Logistic Regression For Modeling Leprosy Incidence · · · (Nuranisa) 130



Journal of Mathematics and Scientific Computing with Applications

2. Substitute the initial parameter vector θ̂
(0)
i∗ into the gradient vector gi

(
θ̂i∗,MGWLL3R

)
and the approximated

Hessian matrix H
(

θ̂i∗,MGWLL3R

)
given in Equations (8) and (9).

3. Perform the iterative estimation starting from m = 0. The parameter estimates at the (m+ 1)-th iteration

are updated using
(

θ̂
(m)
i∗,MGWLL3R

)T
H
(

θ̂
(m)
i∗,MGWLL3R

)
θ̂

(m)
i∗,MGWLL3R < 0

4. Repeat the previous step by setting m = m+ 1.

5. The iteration is terminated when
∥∥∥θ̂

(m+1)
i∗,MGWLL3R − θ̂

(m)
i∗,MGWLL3R

∥∥∥ < ε, where ε is a small positive tolerance
value. If this condition is not satisfied, the iteration continues until convergence or the maximum number of
iterations is reached.

6. The parameter estimate θ̂i∗,MGWLL3R = θ̂
(M)
i∗,MGWLL3R is obtained.

7. The covariance matrix of parameter estimates ĉov
(

θ̂i∗,MGWLL3R

)
= −H−1

(
θ̂i∗,MGWLL3R

)
is obtained

8. The variance of each parameter v̂ar(β̂j i∗,MGWLL3R) is obtained from the corresponding diagonal element of
the covariance matrix.

9. Finally, the standard error of each parameter estimate is calculated as the square root of its corresponding
variance.

Hypothesis testing consists of simultaneous and partial tests. Simultaneous parameter testing is conducted
to examine whether the predictor variables collectively have a significant effect on the response variable. The
hypothesis used for the simultaneous test are:

H0 : β∗
j (ui, vi) = γm = 0, i = 1, 2, . . . , n,

H1 : at least one β∗
j (ui, vi) ̸= γm ̸= 0; j = 1, 2, . . . , k, m = 1, 2, . . .

The test statistic for this hypothesis is as follows:

G2
MGWLL3R = −2 ln

(
L(ω̂MGWLL3R)
L(Ω̂MGWLL3R)

)
∼ χ2

α,df . (10)

The test statistic G2
MGWLL3R is Chi-square distributed with a significance level of α = 0.05. Reject H0 if

G2
MGWLL3R > χ2

α,df . If the simultaneous test rejects H0, the subsequent step is to perform partial testing to
evaluate the individual effect of each predictor variable on the response variable and to determine the significance
of these effects. The hypotheses for local parameter testing are formulated as follows:

Table 2: Partial Test of the MGWLL3R Model

Parameter β∗
j (ui) σ∗(ui) ψ γl

Hypothesis
H0 : β∗

j (ui) = 0
H1 : β∗

j (ui) ̸= 0
H0 : σ∗(ui) = 0
H1 : σ∗(ui) > 0

H0 : ψ = 1
H1 : ψ > 1

H0 : γl = 0
H1 : γl ̸= 0

Test Statistic Zβ∗
j

(ui) =
β̂∗
j (ui)

SE
(
β̂∗
j (ui)

) Zσ∗(ui) = σ̂∗(ui)
SE(σ̂∗(ui))

Zψ = ψ̂

SE(ψ̂)
Zγl = γ̂l

SE(γ̂l)

Critical Region |Zβ∗
j

(ui)| > Zα/2 Zσ∗(ui) > Zα Zψ > Zα |Zγl | > Zα/2

Decision Reject H0 Reject H0 Reject H0 Reject H0

The test statistic applied in the partial test is the Z-statistic. The null hypothesis is rejected if the p-value is
less than 0.05 (α = 5%).

The data were analyzed using R software. Parameter estimation for the LL3R, GWLL3R, and MGWLL3R
models was performed using the MLE method with the BHHH algorithm. The modeling procedure begins with de-
scriptive analysis, followed by testing the LL3 distribution of the response variable using the Kolmogorov–Smirnov
test. Multicollinearity among predictor variables is then assessed using the Variance Inflation Factor (VIF), after
which the LL3R model is estimated. Spatial heterogeneity is subsequently examined using the Breusch–Pagan
test. If spatial heterogeneity is detected, the GWLL3R model is estimated using four kernel functions, namely
fixed gaussian, fixed bisquare, adaptive gaussian, and adaptive bisquare. For each kernel function, the optimal
bandwidth is determined by minimizing the Cross-Validation (CV) criterion, and the kernel function with the best
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performance is selected. The predictor variables are then classified into global and local variables. Finally, the
MGWLL3R model is estimated using the selected optimal kernel function and bandwidth, and the model results
are interpreted. All hypothesis tests were conducted at a significance level of α = 0.05 (5%).

3. RESULT AND ANALYSIS
3.1. Descriptive Analysis

This study uses data from 35 regencies/cities in Central Java, where the response variable is the incidence of
leprosy cases. All variables were checked for missing values and potential outliers prior to analysis. No missing
values were identified, and no observations were excluded from the dataset. The results are shown in Table 3
below.

Table 3: Data Description

Variable N Min Max Mean Variance

Leprosy incidence (Y ) 35 0.12 13.08 3.18 11.68
Unemployment rate (X1) 35 2.35 8.35 4.52 2.23
Households with safe drinking water access (X2) 35 87.09 99.93 95.96 14.69
Population growth rate (X3) 35 0.24 1.28 0.96 0.07
Mean years of schooling (X4) 35 6.41 11.48 8.32 1.89
Households with proper sanitation access (X5) 35 52.40 98.54 86.57 117.55

Based on Table 3, the incidence of leprosy ranges from 0.12 to 13.08 cases, with a mean of 3.18 and a variance
of 11.68, indicating considerable variability among districts/cities. The predictor variables also exhibit substan-
tial variation. Proper sanitation access ranges from 52.40% to 98.54%, while safe drinking water access ranges
from 87.09% to 99.93%. Population growth rate varies between 0.24% and 1.28%, and mean years of schooling
ranges from 6.41 to 11.48 years. Furthermore, multicollinearity among predictor variables was examined using the
Variance Inflation Factor (VIF). Since all VIF values are below 5, no serious multicollinearity is present, and all
predictor variables can be included in the model.

Next, a distributional fit test was conducted to verify whether the response variable follows a LL3D. Figure
1 presents the histogram of the leprosy incidence rate data for the 35 regencies/cities in Central Java along with
the fitted LL3D. The x-axis represents the leprosy incidence rate, while the y-axis represents the frequency. The
estimated parameters of ψ = 1.95, σ = 1.71, and µ = 0.02. The fitted density curve closely follows the observed
data distribution, suggesting an adequate fit.

Figure 1. Histogram of the LL3D

This finding is supported by the Kolmogorov Smirnov test, which yielded a test statistic of 0.08 and a p-value of
0.98. Since the p-value exceeds 0.05, the null hypothesis cannot be rejected, indicating that the response variable
follows a LL3D distribution. Therefore, the analysis proceeded with the LL3R model.

3.2. Modeling using the LL3R Model
The parameters of the LL3R model were estimated using the MLE method. The estimated parameters, along

with their standard errors, Z statistics, and p values, are presented in Table 4.
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Table 4: Parameter Estimates of the LL3R Model
Estimate Std. Error Z-value P-value

β0 −1.72 0.53 −3.23 0.00∗

β1 0.63 0.28 2.29 0.02∗

β2 0.76 0.32 2.34 0.02∗

β3 0.89 0.45 1.98 0.04∗

β4 −1.73 0.59 −2.93 0.00∗

β5 2.79 0.49 5.64 0.00∗

σ 0.93 0.23 3.99 0.00∗

ψ 1.51 0.32 4.75 0.00∗

Table 4 presents the parameter estimates of the LL3R model. Based on the partial significance tests, all
predictor variables X1, X2, X3, X4, and X5, have a significant effect on leprosy incidence at the 5% significance
level. Subsequently, the Breusch Pagan test was performed to detect spatial heterogeneity. The obtained p-value
of 0.004 indicates significant spatial heterogeneity among regions. Therefore, the GWLL3R model is utilized to
accommodate spatial heterogeneity in the data.

3.3. Modeling using the GWLL3R Model
The GWLL3R model was estimated using four kernel functions, namely fixed gaussian, fixed bisquare, adaptive

gaussian, and adaptive bisquare. For each kernel function, the optimal bandwidth was determined by minimizing
the CV. The adaptive gaussian kernel yielded the lowest CV value of 307.40 and was therefore selected as the
optimal kernel. The corresponding optimal bandwidth was 0.30, which represents the proportion of nearest
neighbors used in the weighting of the adaptive gaussian kernel. Using the selected kernel, the GWLL3R model
produced local parameter estimates for each of the 35 regencies/cities. A summary of these estimates is presented
in Table 5.

Table 5: Summary of Local Parameter Estimates of the GWLL3R Model

Parameter Min Median Max Mean

β0 −2.22 −1.33 −1.27 −1.54
β1 0.61 0.76 1.23 0.86
β2 0.11 0.42 0.78 0.39
β3 −0.42 0.36 0.95 0.37
β4 −1.81 −1.45 −1.08 −1.38
β5 2.03 2.66 3.49 2.64

Table 5 summarizes the distribution of the local parameter estimates across the 35 regencies/cities. The varying
ranges of the regression coefficients indicate that the effects of the predictor variables differ spatially, confirming
that the relationships between the predictors and leprosy incidence are not constant across locations.

Subsequently, simultaneous hypothesis testing was conducted using the likelihood ratio test. The test results
showed a p-value of 1.61 × 10−8, indicating that the null hypothesis was rejected at the 5% significance level.
Therefore, at least one predictor variable simultaneously has a significant influence on leprosy incidence. Then,
partial hypothesis tests were performed locally for each regency/city. The results indicate that the significant
predictor variables differ across locations, reflecting spatial variation in the relationships between the predictors
and leprosy incidence. Based on the results of the local significance tests, the regencies/cities were classified into
several groups according to the combination of significant predictor variables, as presented in Table 6.

Table 6: Regional Groups Based on Significant Predictors of the GWLL3R Model

Regencies/Cities Total Significant Predictor

Jepara 1 X1, X2, X3, X4, X5

Tegal Regency 1 X1, X3, X4, X5

Banyumas, Pemalang, Brebes 3 X1, X3, X5
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Regencies/Cities Total Significant Predictor

Wonosobo, Magelang Regency, Boyolali, Klaten, Sukoharjo, Wonogiri,
Karanganyar, Sragen, Grobogan, Blora, Rembang, Pati, Kudus, Demak,
Semarang Regency, Batang, Magelang City, Surakarta City, Salatiga City,
Semarang City

20 X1, X4, X5

Cilacap, Purbalingga, Banjarnegara, Kebumen, Purworejo, Temanggung,
Pekalongan Regency, Pekalongan City, Tegal City

9 X1, X5

Kendal 1 X5

Table 6 shows that the significant predictor variables vary across regencies/cities, indicating spatial heterogene-
ity in the factors associated with leprosy incidence. Based on the combination of significant predictor variables,
the 35 regencies/cities were classified into six regional groups. Among the predictor variables, X5 was significant
in all 35 regencies/cities, whereas X1 was significant in 34 regencies/cities. In contrast, X2, X3, and X4 were
significant only in selected regions. These findings suggest that the effect of X5 is relatively consistent across the
study area, whereas the effects of the remaining predictor variables exhibit greater spatial variation. Accordingly,
the GWLL3R results were used to identify candidate global and local variables. The candidate global and local
variables were subsequently estimated using the back-fitting algorithm in the MGWLL3R model, where X5 was
specified as the global variable, while X1, X2, X3, and X4 were specified as local variables.

Table 6 shows that the significant predictor variables vary across regencies/cities, indicating spatial heterogene-
ity in the factors associated with leprosy incidence. Based on the combination of significant predictor variables, the
35 regencies/cities were classified into six regional groups. Among the predictor variables, X5 was significant in all
35 regencies/cities, whereas X1 was significant in 34 regencies/cities. In contrast, X2, X3 and X4 were significant
only in selected regions. These findings suggest that the effect of X5 is relatively consistent across the study
area, whereas the effects of the remaining predictors exhibit greater spatial variation. Accordingly, the GWLL3R
results were used to identify candidate global and local variables, where X5 was specified as the global variable
and X1, X2, X3 and X4 were specified as local variables.

3.4. Modeling Using The MGWLL3R Model
The MGWLL3R model was estimated to accommodate both global and local effects. Global and local variables

were identified as candidate variables from GWLL3R. A total of 141 parameter estimates were obtained for the
35 regencies/cities, including local regression coefficients and a global coefficient. The MGWLL3R model was
estimated using four kernel functions, namely fixed gaussian, fixed bisquare, adaptive gaussian, and adaptive
bisquare. For each kernel function, the optimal bandwidth was determined by minimizing the CV. The fixed
gaussian kernel yielded the lowest CV value of 288.19 and was therefore selected as the optimal kernel. The optimal
bandwidth was 0.37, which represents which represents the spatial distance over which neighboring observations
influence the local parameter estimation. Table 7 summarizes the distribution of the estimated parameters across
all locations.

Table 7: Summary of Local Parameter Estimates of the MGWLL3R Model

Parameter Min Median Max Mean

β0 −2.35 −1.69 −1.47 −1.76
β1 −0.43 0.79 1.12 0.68
β2 −0.49 0.55 1.05 0.43
β3 −0.89 0.71 2.48 0.54
β4 −2.27 −1.51 −0.34 −1.44

Table 7 summarizes the distribution of the local parameter estimates of the MGWLL3R model across all
observation locations. The coefficient of the unemployment rate (β1) varies from −0.43 to 1.12, suggesting that
its effect differs across locations and is generally positive. Similarly, the coefficient of the households with access
to safe drinking water (β2) ranges from -0.49 to 1.05, with an average of 0.43. The population growth rate (β3)
exhibits the widest range of local coefficients, from -0.89 to 2.48. In contrast, the coefficient of mean years of
schooling (β4) is consistently negative, ranging from -2.27 to -0.34 with a mean of -1.44, indicating that higher
mean years of schooling is associated with a lower value of the response variable in all locations, although the
magnitude of the effect varies spatially.
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Based on the simultaneous significance test, the MGWLL3R model produced a p-value of 3.04×10−10, leading
to the rejection of the null hypothesis. This result indicates at least one parameter significantly influences leprosy
incidence. Therefore, partial significance tests were conducted for each location to determine the significant local
predictors. An example of the partial significance test results for one observation location is presented in Table 8.

Table 8: Parameter Estimates of the MGWLL3R Model for Rembang

Estimate Std. Error Z-value P-value

β0 −1.53 0.53 −2.88 0.00∗

β1 0.81 0.27 2.92 0.00∗

β2 0.41 0.32 1.27 0.20
β3 0.26 0.44 0.57 0.56
β4 −1.54 0.59 −2.62 0.01∗

γ 2.83 0.15 −18.28 0.00∗

Table 8 presents an example of the local parameter estimates and the partial significance test results of the
MGWLL3R model for Rembang Regency. At the 5% significance level, the intercept (β0), unemployment rate,
mean years of schooling, and the global coefficient (Y ), representing the households with access to proper sanitation,
are statistically significant, whereas the households with access to safe drinking water and population growth rate
are not significant.

The positive coefficient of the unemployment rate (X1) suggests that regions with higher unemployment tend
to experience a higher incidence of leprosy, which may reflect poorer socioeconomic conditions that can limit access
to healthcare services and delay early diagnosis and treatment. Conversely, the negative coefficient of mean years
of schooling (X4) indicates that regencies/cities with higher average years of schooling tend to have lower leprosy
incidence. This finding suggests that higher educational attainment at the regional level is associated with more
favorable social and health conditions that may support disease prevention.

It should be noted that the positive coefficient of households with access to proper sanitation (X5) differs
from the expected theoretical relationship. Although the Pearson correlation between X5 and leprosy incidence
is positive, the correlation is very weak (r = 0.063), indicating that this relationship should be interpreted with
caution. One possible explanation is that regencies/cities with higher sanitation coverage may also have better
healthcare infrastructure and more active case detection systems. In addition, this study used aggregated data
at the regencies/cities level, so the estimated relationship may also have been influenced by other regional factors
that were not included in the model. Therefore, the positive coefficient should not be interpreted as evidence that
improved sanitation increases the incidence of leprosy. Instead, it may reflect the characteristics of the study area
and the combined influence of multiple factors related to leprosy incidence. Overall, the findings of this study
are consistent with previous studies [10], [11], [12], which identified socioeconomic and environmental factors as
significant determinants of leprosy incidence. While the identified factors are generally in agreement with the
existing literature, this study extends previous research by showing that the effects of these factors vary across
regencies/cities through the application of the MGWLL3R model.

Subsequently, the MGWLL3R model was estimated by specifying X5 as a global variable and X1, X2, X3, and
X4 as local variables. Based on the partial significance tests, the regencies/cities were classified into several groups
according to the combination of significant local predictors, as shown in Table 9.

Table 9: Regional Groups Based on Significant Predictors of the MGWLL3R Model

Regencies/Cities Total Significant Predictor

Banyumas, Purbalingga, Pemalang, Tegal Regency, Brebes, Tegal City 6 X1, X2, X3, X4, X5

Pati, Kudus, Jepara 3 X2, X3, X4, X5

Wonogiri, Karanganyar, Sragen, Grobogan, Blora, Rembang 6 X1, X4, X5

Cilacap 1 X1, X5

Banjarnegara, Batang, Boyolali, Demak, Kebumen, Kendal, Klaten, Mage-
lang Regency, Pekalongan Regency, Purworejo, Semarang Regency, Suko-
harjo, Temanggung, Wonosobo, Magelang City, Pekalongan City, Salatiga
City, Semarang City, Surakarta City

19 X5

Based on Table 9, classifies the regencies/cities in Central Java into 5 groups according to the significant predic-
tors identified by the MGWLL3R model. The results reveal substantial spatial heterogeneity in the determinants
of leprosy, indicating that the influence of socioeconomic and demographic factors is not uniform across the study
area. The first group, consisting of Banyumas, Purbalingga, Pemalang, Tegal Regency, Brebes, and Tegal City,
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is characterized by all local predictors with the global predictor being statistically significant, suggesting that
leprosy incidence in these regions is influenced by a combination of unemployment, access to safe drinking water,
population growth, educational attainment, and proper sanitation. In contrast, Pati, Kudus, and Jepara show
no significant effect of the unemployment rate, whereas Wonogiri, Karanganyar, Sragen, Grobogan, Blora, and
Rembang are mainly influenced by unemployment, education, and proper sanitation. Cilacap forms a distinct
group in which only unemployment and proper sanitation remain significant. These findings suggest that the
relative importance of risk factors differs across regencies/cities, likely reflecting variations in local socioeconomic
conditions, demographic characteristics, and environmental settings.

Therefore, the MGWLL3R model provides valuable insights into the spatially varying effects of the explanatory
variables. Visually, the spatial distribution of the regional groups is presented in Figure 2. The map illustrates
the classification of regencies/cities based on the combination of significant local predictors identified by the
MGWLL3R model.

Figure 2. Regional Groups Based on Significant Predictors of Leprosy Incidence in Central Java Province, 2024

Subsequently, the three models were compared based on the corrected Akaike Information Criterion (AICc).
The best model was selected based on the smallest AICc value, as a lower AICc indicates a better balance between
model fit and complexity. The comparison of AICc values for the LL3R, GWLL3R, and MGWLL3R models is
presented in Table 10.

Table 10: Best Model Selection

Model AICc

LL3R 127.09
GWLL3R 104.21
MGWLL3R 90.70

Based on Table 10 the MGWLL3R model with the fixed gaussian kernel weighting function produced the lowest
AICc value compared with the GWLL3R and LL3R models. This result indicates that the MGWLL3R model
provides a better representation of the spatial variation in leprosy incidence across Central Java Province in 2024.
Therefore, the MGWLL3R model was selected as the best model because it achieves a superior balance between
goodness-of-fit and model complexity. Furthermore, by allowing both global and local effects, the MGWLL3R
model is more capable of capturing spatial heterogeneity than the LL3R and GWLL3R models.

4. CONCLUSION
This study demonstrated that the MGWLL3R model effectively captured both spatial heterogeneity and global

effects in modeling leprosy incidence across regencies/cities in Central Java. The regencies/cities were classified
into five regional groups based on the significant predictors. Households with access to proper sanitation (X5)
was identified as the only globally significant predictor, whereas the unemployment rate (X1), households with
access to safe drinking water (X2), population growth rate (X3), and mean years of schooling (X4) exhibited
spatially varying effects. These findings indicate that sanitation improvement should remain a priority across
Central Java, while interventions addressing the other significant factors should be tailored to the characteristics
of each region. The results may support the Central Java Provincial Public health Office and the national leprosy
elimination program in developing region-specific intervention strategies. This study was limited to data from
one province and one year. Future studies are encouraged to use multi-year data and apply Geographically and
Temporally Weighted Regression (GTWR) to account for both spatial and temporal heterogeneity, providing a
better understanding of how the effects of risk factors on leprosy incidence change over time.
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