
 

  

Abstract—This study applies Geographically Weighted 

Poisson Regression (GWPR) to analyze child leprosy cases in 

Indonesia, aiming to identify spatial variations and influencing 

factors. Leprosy remains a significant health issue, particularly 

for children, causing severe disabilities. The GWPR model 

accounts for spatial heterogeneity, offering a localized approach 

to understanding leprosy trends. Key findings reveal that global 

factors like poverty rates and local factors such as population 

density and immunization coverage are critical in influencing 

leprosy prevalence. The model provides more accurate, region-

specific insights into leprosy distribution, highlighting areas 

needing targeted interventions. This study emphasizes the 

importance of tailored health policies to address regional 

disparities in leprosy cases and improve recovery rates. The 

methodology includes Poisson regression, maximum likelihood 

estimation, and spatial heterogeneity testing. Results are used to 

recommend policy changes to prevent leprosy spread and 

improve recovery, focusing on children. This research provides 

valuable guidance for the Indonesian government in developing 

practical, region-specific strategies to combat leprosy and 

enhance child health outcomes. 
 

Index Terms—Child Leprosy, GWPR, Mapping, Province, 

Spatial Heterogeneity  
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I. INTRODUCTION 

 

eprosy is a disease that has existed for a long time, with 

few sufferers, but it has not entirely disappeared [1]. 

Leprosy is an infectious disease that can cause bodily 

defects, such as damage to skin, nerves, limbs, and eyes, if 

not treated properly. In the last three years, data on leprosy 

cases in Indonesia have shown quite significant numbers [2]. 

In 2021, Indonesia recorded 7,146 new cases of leprosy, with 

around 11% of them occurring in children. There will be an 

increase in leprosy cases in 2022, with 12,095 new cases. 

Around 9.89% of leprosy cases are experienced by children. 

The prevalence of leprosy in Indonesia reached 0.55 per 

10,000 population, up from 0.5 per 10,000 in 2021. The 

prevalence rate of leprosy-suffering children in Indonesia in 

2023 was 3 cases per 100,000 population, with the child 

leprosy data in 2023 showing a slight decline. However, 

Indonesia is still the third largest contributor to leprosy cases 

in the world, after India and Brazil [3]. This case is very 

worrying, and a serious health problem that must be 

addressed immediately. Therefore, action is needed to 

eradicate leprosy, especially in children, completely, and its 

spread can be prevented. The Indonesian government must 

implement a leprosy eradication and prevention program 

immediately [4], [5]. 

For the government’s program to eradicate and prevent 

child leprosy cases to be effective and successful, it is 

necessary to map child leprosy cases and their related factors 

in each province in Indonesia [6]. Various studies were 

developed to find alternative solutions, one of which is 

research in statistics by determining the factors that influence 

the number of leprosy cases in Kalimantan based on the 

regression model obtained. The number of leprosy cases is 

discrete data (count), which can be modeled using Poisson 

regression [7], [8], [9]. Poisson regression is a regression 

model for events with a small probability of occurrence, with 

the observation results in the form of count data, and the 

observations are mutually independent [10], [11]. Data on 

leprosy cases is thought to be spatial (heterogeneity spatial) 

data, because the number of leprosy cases is predicted to be 

influenced by the geographical conditions of a region [1], 

[12]. The factors influencing leprosy cases in each province 

in Indonesia will differ, so efforts are needed to prevent 

transmission in each area. In this research, a proposal for 

avoiding leprosy transmission in Indonesia is to provide 

information to the community and local governments 
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regarding the factors that influence the number of leprosy 

cases in each region through statistical modelling. The 

appropriate statistical modeling on spatial heterogeneity 

count data is the geographically weighted Poisson regression 

(GWPR) modeling on child leprosy case data in Indonesia, 

2023. Through this modeling, the child leprosy case mapping 

in each province in Indonesia and the affecting factors can be 

obtained. This mapping of leprosy benefits the provincial 

government in adopting policies to eradicate and prevent 

leprosy. The mapping is also very beneficial for people, so 

they can independently avoid the spread of leprosy. The 

research data is secondary data from the Indonesian Ministry 

of Health and the Central Statistics Agency, 2023. The 

parameter estimation method was maximum likelihood 

estimation. 

II. GEOGRAPHICALLY WEIGHTED POISSON REGRESSION 

MODEL 

A. Poisson Regression Model 

Poisson regression model is a generalized linear model, 

in which response variable (random component) follows 

Poisson distribution, which is a family of exponential 

distribution [13], [14]. There are three components on the 

generalized linear model, that is random component, 

systematic component and link function [15], [16]. A random 

variable Y~Poisson (𝜇) has a probability density function 

(PDF) in Equation (1). 

 

𝑓𝑌(𝑦, 𝜇) =
𝜇𝑦𝑒−𝜇

𝑦!
, 𝑦 = 0, 1, 2, …    (1) 

 

with E(Y) = var(Y) = μ, and each component of the vector 

observations 𝐲 = [y1 y2 … yn]T which is assumed to be a 

realization of random variable Y follows Poisson distribution 

with E(yi) = μ, i = 1,2, … , n. The PDF given by Equation (1) 

can be expressed in the form of PDF of the exponential 

distribution family in Equation (2). 

 

𝑓𝑌(𝑦, 𝜇) = exp[𝑦𝑙𝑜𝑔(𝜇) − 𝜇 − log(𝑦!)]  (2) 

 

where Y is a random component with E(Y) = μ, and  g(μ) =
log (μ) is a canonical link function. The link function will 

connect a random component and the systematic component  

τ = 𝛃T𝐱  and yields a relationship between a response 

variable Y and p predictors which is called a Poisson 

regression model. 

 

log(𝐸(𝑌)) = 𝛃𝑇 𝐱              (3) 

 

with 𝛃T = [β0 β1 β2 … βp], and 𝐱 = [1 X1 X2 … Xp]
T
. 

Considering Equations (1) and (2), the Poisson regression 

model expressed by Equation (3) can be written in the general 

form in Equation (4). 

 

𝜇𝑖 = exp (𝛃𝑇𝐱𝑖)       (4) 

 

with μi = E(yi), and   𝐱i = [1 xi1 xi2 . . .  xip]
T
 is the i-th 

observation result data vector of the covariates. 

It is known that the Poisson regression model given by 

Equation (4) is nonlinear regression model, and commonly 

parameter estimation method of the nonlinear regression 

model, such as Weibull regression model, multivariate 

Weibull regression model, ordinal logistic regression model 

was maximum likelihood estimation (MLE) [17], [18], [19]. 

The MLE method is a parameter estimation method by 

maximizing likelihood function. Suppose, it is given n sample 

data  (xik, yi), i = 1,2, . . . , n; k = 1,2, … , p, where 

yi~Poisson(μi), with  μi is  stated in the form given by 

Equation (4), and the PDF is given by Equation (1), then the 

likelihood function is defined in Equation (5). 

 

𝐿(𝛃) = ∏ 𝑓(𝑦𝑖 , 𝜇𝑖)𝑛
𝑖=1 = ∏

𝑒𝑥𝑝[𝑦𝑖𝛃𝑇𝐱𝑖−exp(𝛃𝑇𝐱𝑖)]

𝑦𝑖!

𝑛
𝑖=1       (5) 

 

Mathematically, the vector 𝛃 maximizing the likelihood 

function Equation (5) can be obtained easier by maximize 

log-likelihood function, in which the maximum of the both 

likelihood function and log-likelihood function are achieved 

at the same point, that is at point 𝛃̂ . Applying the natural 

logarithm to both sides of the Equation (5) is obtained the log-

likelihood function. 

 

ℓ(𝛃) = log (𝐿(𝛃)) = ∑ (𝑦𝑖𝛃𝑇𝐱𝑖 − exp(𝛃𝑇𝐱𝑖) −𝑛
𝑖=1

log (𝑦𝑖!))              
(6) 

 

Generally, the maximum likelihood (ML) estimator can be 

obtained by taking the first partial derivative of log-likelihood 

function in Equation (6) with respect to 𝛃, and then it equal 

to zero. This process yields a non-linear equation system in 

the parameters to be estimated. 

 
𝜕ℓ(𝛃)

𝜕𝛃
= 𝟎                           (7) 

 

with 𝟎 is a (p +1)-dimensional zero vector, and the left side 

of Equation (7) is a gradient vector of the (p +1)-dimension. 

The closed form solution of the Equation (7) can’t be found 

analytically; therefore, a numerical method is needed to 

obtain the approximation of ML estimator. One of the 

numerical methods is the Newton-Raphson iterative 

algorithm. The Newton-Raphson iterative algorithm to obtain 

ML estimator of the Poisson regression model Equation (4) is 

required gradient vector and Hessian matrix computation. 

The gradient vector based on the likelihood function 

Equation (6) has a form in Equation (8). 

 

𝐠𝟏(𝛃) = [
𝜕ℓ(𝛃)

𝜕𝛃
]

(𝑝+1)x1
= [

𝜕ℓ(𝛃)

𝜕𝛽0
 
𝜕ℓ(𝛃)

𝜕𝛽1
 . . .  

𝜕ℓ(𝛃)

𝜕𝛽𝑝
]

𝑇

                                   (8) 

 

with its component has an expression in Equation (9). 

 

𝜕ℓ(𝛃)

𝜕𝛽𝑘

= ∑ 𝑥𝑖𝑘(

𝑛

𝑖=1

𝑦𝑖 − exp (𝛃𝑇𝐱𝑖)), 𝑘 = 0,1,2, . . . , 𝑝  (9) 

 

and xi0 = 1, for i = 1, 2, . . . , n. For simplify, the gradient 

vector given by Equation (9) can be written to the matrix 

operation form as follows 

 

𝐠(𝛃) = 𝐗𝑇(𝐲 − 𝐚)            (10) 

 

with [y1 y2 . . . yn]T, 𝐚 = [a1 a2 …  an ]T ; ai = exp(𝛃T𝐱i),
for  i = 1,2, … , n, and X is a matrix of covariate observation 

result data which has a general form 
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𝐗 = [

1 𝑥11
𝑥12 ⋯ 𝑥1𝑝

1 𝑥21
𝑥22 ⋯ 𝑥2𝑝

⋮
1

⋮
𝑥𝑛1

⋮
𝑥𝑛2

⋱
⋯

⋮
𝑥𝑛𝑝

]  (11) 

 

 The Hessian matrix is the matrix of the second order 

partial derivative of log-likelihood function with respect to all 

combination of the component of vector 𝛃. Based on 

Equations (9) and (10), the Hessian matrix can be written to 

the matrix operation form in Equation (12). 

 

𝐇(𝛃) = [
𝜕2ℓ(𝛃)

𝜕𝛃 ∂𝛃𝑻]
(𝒑+𝟏)𝐱(𝒑+𝟏)

= 𝐗𝑇𝑑𝑖𝑎𝑔[𝐚]𝐗  

 

(12) 

Based on the Hessian matrix given by Equation (12), it can 

be obtained the variance matrix estimator of ML estimator 

(𝛃̂). 

 

𝒗𝒂𝒓̂(𝛃̂) = −[𝐇(𝛃̂)]
−1

  (13) 

 

B. Parameter Testing of The Poisson Regression Model 

Parameter testing for the Poisson regression model 

includes both simultaneous and partial parameter testing. The 

goal of simultaneous parameter testing is to confirm the 

adequacy or fit of the model [20], [21]. The hypothesis for 

simultaneous parameter testing is formulated as: 

H0 : β1 = β2 = . . . = βp = 0   

(the Poisson regression is not fit) 

 Ha: at least there is one βk ≠ 0, k = 1,2, …  p  

 (the Poisson regresion model is fit). 

The test statistic used is the Wilks likelihood ratio statistis, 

which is given by: 

 

𝑄 = 2 (ℓ(𝛃̂) − ℓ(𝛽̂0))           (14) 

 

with  ℓ(𝛃̂) is the maximum value of log-likelihood function 

given by Equation (6), and ℓ(β̂0) is the maximum value of 

log-likelihood function of the model based on the null 

hypothesis. 

 

ℓ(𝛽̂0) = ∑ (𝑦𝑖𝛽̂0 − 𝑒𝑥𝑝(𝛽̂0) − 𝑙𝑜𝑔 (𝑦𝑖!))𝑛
𝑖=1   (15) 

 

Under H0, the test statistic of Q follows Chi-Squared 

distribution  χ(p)
2 , and it can be estimated by  

 

𝑄 = 𝐁̂𝑇[𝐈22(𝐁̂)]
−1

𝐁̂              (16) 

 

with 𝐁̂ = [β̂1 β̂2 ⋯ β̂p]
T
, and the matrix  

[𝐈22(𝐁̂)] is obtained from the variance matrix given by 

Equation (13) by deleting the first row and the first column. 

H0 will be rejected at significance level of α if Q > χ(1−α ; p)
2  

or if   pvalue < α, with pvalue = F(Q), and F is the cumulative 

distribution function (CDF) of  χ(p)
2  distribution [22], [23]. 

The second parameter testing of Poisson regression 

model is partially parameter testing, which can confirm the 

covariate influence individually. The hypothesis to test a 

parameter βk for a certain k (k = 1,2, … , p): 

 

 

 

H0 ∶ βk = 0  

 (the covariate Xk doesn’t affect to the response variable) 

Ha ∶ βk ≠ 0  

 (the covariate Xk affect to the response variable) 

 

The test statistic used is the Wald statistic, given by: 

 

𝐺𝑘 =
𝛽̂𝑘

√𝑣𝑎𝑟(𝛽̂𝑘)

 , 𝑘 = 1, 2, … , 𝑝      (17) 

 

with Gk

d
→  N(0,1), n → ∞, and var(β̂k) is the k-th major 

diagonal element of covariance matrix given by Equation 

(13). H0 is rejected at the significance level of α if only if 

|Gk| > Z1−
α
2
,  or H0 is rejected if only if  pvalue < α, with  

pvalue = 2(1 − FZ(|Gk|));  Fz is a CDF of standard normal 

distribution, and Z1−
α
2
 is a critical value such that  P (Z <

Z1−
α

2
) = 1 −

α

2
;   Z~N(0,1) [24]. 

 

C. Geographically Weighted Poisson Regression Model 

The geographically weighted Poisson regression model 

is local model of Poisson regression model, which applied to 

the spatial heterogeneity data [22], [25]. Suppose the random 

part (Y) of model given by Equations (3) or (4) is 

heterogeneity spatial, so that each component of the 

observation vector y to be Poisson distribution, with E(yi) =
μi with μi ≠ μj , for i ≠ j. Here, the spatial effect 

(heterogeneity spatial) causes the distribution of every 

observation of random variable Y is different, and also the 

relationship pattern between response variable and covariates 

will different for every different location [26], [27], [28]. 

Suppose the coordinate of every observation location is 

known, which is stated as a vector 𝐮i = [ui vi]T, with ui and 

vi respectively is latitude and longitude of the i-th observation 

location, then the i-th observation vector of the covariates 
xi1 xi2 … xin will produce a local linear predictor τ(𝐮i), 

which depends on location [29].  

 

𝜏(𝐮𝑖) = 𝛃𝑇(𝐮𝑖)𝐱𝑖  (18) 

 

The local link function g(μi) = log (μi) will connect the 

spatial heterogeneity random component and a local 

systematic component Equation (18), and it is obtained a 

general form of geographically weighted Poisson regression 

(GWPR) model at i-th location in Equation (19). 

 

μi = exp(𝛃T(𝐮i)𝐱i), i = 1,2, … , n  (19) 

 

with 

𝛃T(𝐮i)  = [β0(𝐮i) β1(𝐮i) ⋯ βp(𝐮i)] and  

𝐱i = [1 xi1
… xip]T.  

The parameter 𝛃(𝐮i) on Equation (19) is regression 

parameter stated in a function of the location 𝐮i, which 

depends on the geographical location characteristics. The 

GWPR model which has an expression given by Equation 

(19) is a local model of Poisson regression given by Equation 

(4) and confirms that the spatial effect is considered in the 

model. 
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D. Parameter Estimation of Geographically Weighted 

Poisson Regression Model 

The parameter estimation method for the geographically 

weighted Poisson regression (GWPR) model is based on the 

parameter estimation method of the geographically weighted 

regression (GWR) model [25], [30]. Following the GWR 

model approach, parameter estimation for the GWPR model 

is performed at each observation location with spatial 

weighting. By combining the parameter estimation methods 

of Poisson regression and the GWR model, the parameter 

estimation for the GWPR model uses weighted maximum 

likelihood estimation (WMLE), which is a modified version 

of the MLE method that incorporates spatial weights [29]. 

The spatial weight is determined by the distance between 

locations and the bandwidth. This spatial weight can be 

computed using a weighting function, one of which is the 

adaptive Gaussian weighting function. 

 

𝑤𝑖𝑗 = −
1

2
(

𝑑𝑖𝑗

𝑏𝑖
)

2

, 𝑗 = 1,2, … , 𝑛    (20) 

 

with wij is a spatial weight given to observation data at j-th 

location for parameter estimation GWPR model at i-th 

location, dij is distance between i-th location and j-th 

location, and bi is an adaptive bandwidth for i-th location. 

The adaptive bandwidth is the bandwidth which its value 

different for every different observation location. One 

approach to determine the optimal bandwidth is the Bayesian 

information criterion (BIC). The optimal bandwidth is a 

bandwidth value which gives the GWPR model with 

minimum BIC [31], [32]. The BIC value is calculated based 

on the formula as follows in Equation (21). 

 

𝐵𝐼𝐶(𝐮𝑖) = −2ℓ(𝛃̂(𝐮𝑖)) + 𝐾𝑙𝑜𝑔(𝑛)  (21) 

 

with ℓ(𝛃̂(𝐮i)) is the maximum of loglikelihood function, K 

is number of model parameters, and n is the sample size. The 

other spatial weighting function is an adaptive bi-square 

function which can be calculated using a formula in Equation 

(22). 

 

𝑤𝑖𝑗 =  {
[1 − (

𝑑𝑖𝑗

𝑏𝑖
)

2

]
2

, 𝑖𝑓 𝑏𝑖 > 𝑑𝑖𝑗

0                         , 𝑖𝑓 𝑏𝑖 ≤ 𝑑𝑖𝑗

;  𝑗 = 1,2, … , 𝑛      (22) 

 

Such as the ordinary MLE method, the initial step of WMLE 

method is to define likelihood function containing spatial 

weight. The likelihood function with the spatial weighting is 

to accommodate the spatial effect which is considered in the 

GWPR model. Location points that are closer to the i-th 

observation point will have a greater influence on the 

parameter estimation of the GWPR model at the i-th 

observation location, so they will be given greater spatial 

weight than the other points which are more far. Developing 

the likelihood function given by Equation (5), the likelihood 

function with spatial weighting to estimate the GWPR model 

parameter at i-th location which has a coordinate 𝐮i is defined 

in Equation (23). 

 

𝐿(𝛃(𝐮𝑖)) = ∏ [𝑓 (𝑦𝑗 , 𝜇(𝐮𝑖))]
𝑤𝑖𝑗𝑛

𝑖=𝑗   

= ∏ [
𝑒𝑥𝑝[𝑦𝑗𝛃𝑇(𝐮𝑖)𝐱𝑗−exp (𝛃𝑇(𝐮𝑖)𝐱𝑗)]

𝑦𝑗!
]

𝑤𝑖𝑗
𝑛
𝑗=1     

 (23) 

 

The ML estimator of GWPR model can be found by 

maximizing the log-likelihood function of function (23). 

Applying the natural logarithm of both side in the Equation 

(23) is obtained a local log-likelihood function in Equation 

(24). 

 

ℓ(𝛃(𝐮𝑖)) = log (𝐿(𝛃(𝐮𝑖)))  

= ∑ 𝑤𝑖𝑗[𝑦𝑗𝛃𝑇(𝐮𝑖)𝐱𝑗 −𝑛
𝑗=1

exp(𝛃𝑇(𝐮𝑖)𝐱𝑗) − log (𝑦𝑗!)]                                                  

(24) 

 

The ML estimator of GWPR (𝛃(𝐮i)) which maximizes the 

log-likelihood function Equation (24) is the solution of log-

likelihood equation. 

 
𝜕ℓ(𝛃(𝐮𝑖))

𝜕𝛃(𝐮𝑖)
= 𝟎               (25) 

 

with  ∂ℓ(𝛃(𝐮i))/ ∂𝛃(𝐮i) is a gradient vector for parameter 

estimation of GWPR at i-th location. Based on the expression 

of log-likelihood function Equation (24), the log-likelihood 

equation system Equation (25) was nonlinear equation 

system, so it can’t be solved analytically to obtain the closed 

form of ML estimator. Therefore, the numerical method to 

found ML estimator is necessary, and one of them is the 

Newton-Raphson iterative method. The Newton-Raphson 

iterative algorithm is given by 

 

𝛃̂(𝐮𝑖)(𝑞+1) = 𝛃̂(𝐮𝑖)(𝑞)

− [𝐇(𝛃̂(𝐮𝑖))(𝑞)]
−𝟏

𝐠((𝛃̂(𝐮𝑖))(𝑞)), 

𝑞 = 0, 1, 2, …  

(26) 

 

with 𝐇(𝛃(u𝐢)) is the Hessian matrix for parameter estimation 

of GWPR at i-th location. 

The gradient vector on Equation (24) to apply the 

Newton-Rapson iterative algorithm given by Equation (26) 

can be stated in the matrix operation in Equation (27). 

 

𝐠(𝛃(𝐮𝑖)) = [
𝜕ℓ(𝛃(𝐮𝑖))

𝜕𝛃(𝐮𝑖)
]

(𝑝+1)x1

 

  = 𝐗𝑇𝐖(𝐮𝑖)(𝐲 − 𝐚(𝐮𝑖))          

(27) 

 

with 𝐚(𝐮i) = [a1(𝐮i) a2(𝐮i) …  an(𝐮i)]T; aj(𝐮i) =

exp(𝛃T(𝐮i)𝐱j), for  j = 1,2, … , n, and 𝐖(𝐮i) is spatial 

weight matrix, namely a diagonal matrix given by 𝐖(𝐮i) =
diag[wi1 wi2

… win], with wij is calculated using 

Equations (20) or (22). The Hessian matrix on Equation (26) 

has an expression in Equation (28). 

 

𝐇(𝛃(𝐮𝑖)) = [
𝜕2ℓ(𝛃(𝐮𝑖))

𝜕𝛃(𝐮𝑖) ∂𝛃𝑻(𝐮𝑖)
]

(𝒑+𝟏)𝐱(𝒑+𝟏)

 

= 𝑿𝑻𝐖(𝐮𝑖)𝑑𝑖𝑎𝑔[𝐚(𝐮𝑖)]𝐗     

(28) 

 

Based on Hessian matrix given by Equation (28), it can be 

obtained the approximation of the variance matrix of ML 

estimator of GWPR model at i-th location. 

 

𝑣𝑎𝑟̂(𝛃̂(𝐮𝑖)) = −[𝐇(𝛃̂(𝐮𝑖))]
−1

      (29) 
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Special case in which ML estimator of GWPR model is same 

for each the observation locations will yield the global model 

of the GWPR, namely the Poisson regression model. 

Therefore, the ML estimator of the Poisson regression model 

(global model) can be obtained through parameter estimation 

of GWPR with spatial weigh matrix is an identity matrix, 

which means observation data at every location is given the 

spatial weigh of one. 

 

E. Parameter Testing the Geographically Weighted Poisson 

Regression Model 

Parameter testing the GWPR model consisted of the 

similarity testing between the GWPR and global model, the 

simultaneously parameter testing, and partial parameter 

testing [33]. The similarity  testing  to confirm which model 

is fit between the GWPR model and the global model. The 

hypothesis for similarity testing is 

H0 ∶ βk(𝐮i) = βk ;  k = 1, 2, … , p;  i = 1, 2, … , n  

 (the fit model is Poisson regression (global model)) 

Ha ∶ At least one βk(𝐮i) ≠ βk;  k = 1, 2, … , p;  i = 1, 2, … , n  

 (the fit model is GWPR) 

The test statistic is given in Equation (30). 

 

𝐺 = 2 ∑ (ℓ(𝛃̂(𝐮𝑖)) − ℓ(𝛃̂))𝑛
𝑖=1      (30) 

 

with ℓ(𝛃̂(𝐮i)) is the maximum value of log-likelihood 

function for parameter estimation of GWPR at i-th 

observation location given by Equation (24), that is 

 

ℓ (𝛃̂(𝐮𝑖)) = ∑ (𝑦𝑗𝛃̂𝑇(𝐮𝑖)𝐱𝑗 − exp(𝛃̂𝑇(𝐮𝑖)𝐱𝑗) −𝑛
𝑗=1

log(𝑦𝑗 !))                    
(31) 

 

and ℓ(𝛃̂) is given by Equation (14), namely the maximum 

value of log-likelihood function given by Equation (6). It is 

known that the statistic 2 (ℓ(𝛃̂(𝐮i)) − ℓ(𝛃̂)) ~χ(p)
2 , and 

therefore, the test statistic G given by Equation (30) follows  

χ(np)
2  distribution. The null hypothesis is rejected at 

significance level of α, if G > χ(1−α ; np)
2 , or will decide to 

reject  Ha if pvalue < α, with pvalue = F(G), and F(G) is CDF 

of χ(np)
2  at point G. Referring Equation (16), the test statistic 

G given by Equation (30) can be approximated by 

 

𝐺 ≈ ∑ 𝑄(𝐮𝑖)𝑛
𝑖=1                 (32) 

 

with Q(𝐮i) = [𝐁̂(𝐮i) − 𝐁̂]
T

[𝐈22 (𝐁̂ (𝐮i))]
−1

[𝐁̂(𝐮i) −

𝐁̂] ~χ(p)
2 ; 𝐁̂(𝐮i) = [β̂1(𝐮i) β̂2(𝐮i) ⋯ β̂p(𝐮i)]

T
, the 

vector 𝐁̂ is given by Equation (16), and   G~χ(np)
2 . The matrix  

𝐈22 (𝐁̂ (𝐮i)) can be obtained from the covariance matrix 

given by Equation (29) by removing the first row and the first 

column. 

The parameter testing of the GWPR model secondly is 

the simultaneously parameter testing. The simultaneously 

parameter testing to confirm that the GWPR model was the 

local regression model, namely at least there is one regression 

parameter significantly different from zero. The hypothesis 

this test is: 

H0 ∶ β1(𝐮i) = β2(𝐮i) = ⋯ = βp(𝐮i) = 0  

 (there is no the fit local model) 

Ha  ∶ at least there is one βk(𝐮i) ≠ 0; k = 1,2, … , p;       
i = 1,2, … , n   

 (there is a local model). 

The test statistic is given in Equation (33). 

 

𝐺𝑤 = 2 ∑ (ℓ(𝛃̂(𝐮𝑖)) − ℓ(𝛽̂0(𝐮𝑖)))𝑛
𝑖=1   (33) 

 

with ℓ(𝛃̂(𝐮i)) is given by Equation (31), and ℓ(β̂0(𝐮i)) is 

the maxima value of the log-likelihood function for parameter 

estimation of GWPR model on the null hypothesis at i-th 

observation location, that is 

 

ℓ(𝛽̂0(𝐮𝑖)) = ∑ (𝑦𝑗 𝛽̂0(𝐮𝑖) − 𝑒𝑥𝑝(𝛽̂0(𝐮𝑖)) −𝑛
𝑗=1

𝑙𝑜𝑔 (𝑦𝑗!))                       
(34) 

 

Referring Equation (32), and under the null hypothesis, the 

statistic 2 (ℓ(𝛃̂(𝐮i)) − ℓ(β̂0(𝐮i))) ~χ(p)
2 , and Gw~χ(np)

2 . 

The statistic Gw given by Equation (33) can be estimated by 

 

𝐺𝑤 ≈ ∑ 𝑄𝑤(𝐮𝑖)𝑛
𝑖=1               (35) 

 

with Qw(𝐮i) = 𝐁̂T(𝐮i) [𝐈22 (𝐁̂ (𝐮i))]
−1

𝐁̂(𝐮i) ~χ(p)
2 . 

The third GWPR model parameter testing is partially 

parameter testing. Partial parameter testing to confirm the 

influence the individually covariate in the GWPR model. The 

hypothesis formulation is 

H0 ∶ βk(𝐮i) = 0  

 (the covariate Xk doesn’t influence the GWPR model) 

Ha ∶ βk(𝐮i) ≠ 0   
 (the covariate Xk influences the GWPR model) 

The test statistic is Wald statistic given by 

 

𝑊𝑘(𝐮𝑖) =
𝛽̂𝑘(𝐮𝑖)

√𝑣𝑎𝑟(𝛽̂𝑘(𝐮𝑖))

, 𝑘 = 1, 2, … , 𝑝; 𝑖 = 1, 2, … , 𝑛                (36) 

 

with Wk(𝐮i)
d
→ N(0,1), n → ∞, and var (β̂k(𝐮i)) is the k-th- 

major diagonal element of covariance matrix given by Eq. 

(2.29). The critical region is H0 is rejected at significance 

level of α If only if |Wk(𝐮i)| > Z(1−α/2), or H0 is rejected if 

only if pvalue < α, with pvalue = 2(1 − FZ(|Wk(𝐮i)|)) =
2P(|Z|) > |Wk(𝐮i)|); Z ~ N(0,1), and FZ is a CDF of 

standard Gaussian distribution. 

 

F. Detecting the Multicollinearity 

In order parameter estimation of GWPR to be carried 

out, there must be no case of multicollinearity between 

covariates in the model. One of approach to detect 

multicollinearity cases is the Variance Inflation Factor (VIF) 

value. The VIF value more than 10 indicates there is 

multicollinearity cases between covariates [34]. The k-th 

covariate VIF is computed using the formula in Equation 

(37). 

 

𝑉𝐼𝐹𝑘 =
1

1−𝑅𝑘
2  (37) 

 

with Rk
2  is the coefficient of determination of the regression 

model of k-th covariate regressed to the other covariates [35], 
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[36]. The coefficient of determination can be obtained using 

the formula in Equation (38). 

 

𝑅𝑘
2 = 1 −

∑ (𝑥𝑘𝑖−𝑋̂𝑘𝑖)2𝑛
𝑖=1

∑ (𝑥𝑘𝑖−𝑋̅𝑘)2𝑛
𝑖=1

          (38) 

 

G. Test of the Spatial Heterogeneity Data 

The goal of the spatial heterogeneity testing is to 

confirm that the response variable data is spatial 

heterogeneity data [37], [38]. One approach of spatial 

heterogeneity testing is Glejser test. The Glejser test adopts 

the simultaneous parameter testing on multiple linear 

regression model, with response variable data is |ei|, i =
1,2, … , n; ei = yi − μ̂i, with yi is actual observation data on 

i-th location, and ŷi is it estimated[39], [40]. The hypothesis 

of the heterogeneity spatial testing is  

H0 ∶  σ1
2 = σ2

2 =  ⋯ = σn
2 = σ2  

 (the data is not heterogeneity spatial data) 

Ha :  at least one σi
2 ≠ σ2 ; i = 1,2, … , n  

 (the data is heterogeneity spatial data) 

Test statistic is given in Equation (39). 

 

𝐹𝑡 =
(𝐛̂𝐗𝑇𝐞−𝑛𝑒̅2)/𝑝

(𝐞𝑇𝐞−𝐛̂𝐗𝑇𝐞)/(𝑛−𝑝−1)
          (39) 

 

with with 𝐛̂ = (𝐗T𝐗)−1𝐗T𝐞, namely the ordinary least square 

estimation of the auxiliary regression, X is the matrix of 

observation data of covariates, 𝐞 = [|e1| |e2| ⋯ |en|]T, 

p is the number of covariates. Under null hypothesis test 

statistic Ft~F(p;(n−p−1)). H0 is rejected at significance level 

of α if Ft > χ(1−α;(p;(n−p−1)))
2 . 

 

H. Interpretation of Geographically Weighted Poisson 

Model 

The GWPR model interpretation based on the ratio of 

the GWPR model prediction value after and before increasing 

of one unit of the significant covariate value. The ratio value 

of GWPR model is computed locally because the influencing 

covariates are locally, and different for each observation 

location [29], [41]. The ratio value based on increasing one 

unit of the continuous or discrete k-th covariate is given in 

Equation (40). 

 

𝑅(𝑥𝑖𝑘) =
𝜇𝑖(𝛃 ̂(𝐮𝑖),𝐱𝑖|𝑥𝑖𝑘+1)

𝜇𝑖(𝛃 ̂(𝐮𝑖),𝐱𝑖)
= 𝑒𝑥𝑝 (𝛽̂𝑘(𝐮𝑖)),  

𝑖 = 1,2, … , 𝑛;  𝑘 = 1,2, … , 𝑝                     
 (40) 

 

In case the ratio value given by Equation (40) is less than 1, 

it means that when the k-th covariate value increase one unit, 

then μi decreases become exp (β̂k(𝐮i)) time, or it reduces of 

100(exp (𝛃 ̂(𝐮i)) − 1)%. Meanwhile in cases the ratio value 

is more than 1, it means μi increases become exp (β̂k(𝐮i)) 

time, or it increases of 100(1 − exp(β̂k(𝐮i)))%, when the k-

th covariate value increase one unit. 

 

III. RESULTS AND DISCUSSION 

A. Data Description 

The study data was secondary data collected from the 

Indonesian Ministry of Health and the Central Statistics 

Agency in 2023. The research sample size was 34 sample 

points, with observation unit was province region in 

Indonesia. The data consists of the observation result data of 

the response variable and covariates, also observation 

location coordinate data. The response variable was the child 

leprosy cases number (Y), and the covariates involves 

percentage of household that have access to adequate 

sanitation (X1), the population density (X2), the number of 

health worker (X3), percentage of poor people 

(X4), percentage of toddlers receiving complete 

immunization (X5), and percentage of district/cities 

implementing GERMAS (X6). Observation location 

coordinate was the Governor’s office coordinate at each 

province. The data analysis technique used was GWPR 

modeling, and computation using Octave software. Data 

Description is represented by the descriptive statistics 

displaying in Table 1.  

Based on Table 1, it is displayed that average of child 

leprosy cases in province region in Indonesia is relative small, 

namely 36 children, and therefore the number of the child 

leprosy cases can be assumed to be Poisson distribution. It 

can be clraified that the prevalence of child leprosy cases is 

12 children per one million people. Based on the average 

value on Table 1, persentage of household that have access to 

adequate sanitation was high enough, the population density 

was high enough, the number of health worker was still little, 

toddlers receiving complete immunization  was low, and 

percentage of district/cities implementing GERMAS was 

high enough. 

A  distribution map of the child leprosy case in each 

province in Indonesia is dipalyed on Figure 1. Figure 1 shows 

that the chid leprosy case in the province which red color 

region was bigger than the national averge, namely the 

provinces in Java Island (except DI. Yogyakarta), provinces 

of eastern Indonesia (provinces in Maluku Island and Papua 

Island), and the small part of province in Sulawesi Island. 

Meanwhile, the provinces which the region color is green, 

namely provinces of western Indonesia, provinces of midle 

indonesia, Bali province, West Nusa Tenggara, and East Nusa 

Tenggara Province generally have the child leprosy case 

which smaller than the national average.

TABLE I 

DESCRIPTIVE STATISTICS OF RESEARCH DATA 

Variable Average Minimum Maximum Standar Deviation 

The child leprosy cases number (𝒀) 36 1 193 52 

The child leprosy (𝒀) prevalence per 1 million people 12 0 153 29 

Persentage of household that have access to adequate sanitation (𝑿𝟏) 86.62 54.70 100.00 11.17 

Population density (𝑿𝟐) 772.82 10.00 17031.00 2899.27 

The number of health worker (𝑿𝟑) 1406 283 3952 1036 

Persentage of poor people (𝑿𝟒) 10.29 4.53 26.80 5.29 

Persentage of toddler receiving complete immunization (𝑿𝟓) 32.02 3.900 73.50 14.81 

Percentage of district/cities implementing GERMAS (𝑿𝟔) 70 0 100 33 
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Fig. 1.  The distribution map of the child leprosy case in province in Indonesia 2023 

 

B. Multicollinearity Detection 

The criteria of detecting multicollinearity between 

covariates was VIF. The VIF computation result based on the 

formula Equation (37) using Octave software is displayed in 

Table 2. The VIF value for each covariate displayed in Table 

2 is less than 10, which confirms that there is no 

multicollinearity between covariates. Therefore, the Poisson 

regression modeling to child leprosy case can involve six 

covariates as in Tabel 2, and it indicates that the appropriate 

parameter estimation and analysis can be implemented. 

 
TABLE II 

VIF VALUES OF COVARIATES 

Covariates VIF value 

Percentage of household that have access to adequate 

sanitation (𝑿𝟏) 
1.6443 

Population density (𝑿𝟐) 1.1010 

The number of health worker (𝑿𝟑) 1.2381 

Percentage of poor people (𝑿𝟒) 1.4174 

Percentage of toddlers receiving complete immunization 

(𝑿𝟓) 
1.2430 

Percentage of district/cities implementing GERMAS 

(𝑿𝟔) 
1.8521 

 

C. Parameter Estimation of the Best Poisson Regression 

Model 

Parameter estimation method is MLE, and ML estimator 

finding uses iterative Newton-Raphson algorithm. The 

parameter estimation initial stage is to determine the best 

model of Poisson regression model global model. The best 

global model selection uses backward elimination approach, 

namely by removing one by one the covariate from the global 

model which provides the largest p-value and more than 0.05. 

 
TABLE III 

ML ESTIMATOR OF POISSON REGRESSION MODEL PARAMETER           

(GLOBAL MODEL) 

Covariates Parameter ML Estimator 

Intercept 𝛽0 2.2229 

Population density (𝑿𝟐) 𝛽2 3.71x10-5 

Percentage of poor people 
(𝑿𝟒) 

𝛽4 0.1045 

Percentage of toddlers 

receiving complete 

immunization  (𝑿𝟓) 
𝛽5 0.0026 

 

 

 

The best global model based on the selection result is the 

Poisson regression model with three covariates, namely 

population density (X2), persentage of poor people (X4), and 

percentage of toddlers receiving complete immunization 

(X5). The ML estimator of best Poisson regression model 

parameter computed using Octave software is diplayed in 

Table 3. The selected best global model was satisfy criterias, 

namely it was a model which fit, the amount of covariate in 

the model that affects leprosy children is the largest, and it 

yields the minimum of Bayesian Information Criterion (BIC) 

value. The BIC value of the best global model was 

1475.1686, and Generalized Cross Validation (GCV) value 

was 2026.4738, with two influencing covariates, namely 

desity population and persentage of poor people. Based on 

ML estimator in Table 3, the Poisson regression global model 

stating the mean model of the child leprosy cases can be 

expressed in Equation (41). 

 

𝜇𝑖 = 𝑒𝑥𝑝(𝛃̂𝑇𝐱𝑖) = 𝑒𝑥𝑝(2.2229 + 0.0000371𝑥𝑖2 +
0.1045𝑥𝑖4 + 0.0026𝑥𝑖5), 𝑖 = 1, ,2, … , 𝑛                          

 (41) 

 

The global model given by Equation (41) was a fit 

model, it is confirmed by the simultaneously parameter 

testing, with the hypothesis as follows: 

H0 :  β2 =  β4 = β5 = 0 

(the global model isn’t fit) 

Ha:  At least one βk ≠ 0, k = 2, 4, 5  
(the global model is fit) 

The test statistic is given by Equation (14), and the result 

computation of test statistic using Octave software is 

displayed in Table 4. 

 
TABLE IV 

SIMULATANEOUS PARAMETER TESTING RESULTS 

Test Statistic Q 𝝌(𝟎.𝟗𝟓;𝟑)
𝟐  𝒑𝒗𝒂𝒍𝒖𝒆 Decision 

528.9300 7.8147 0.0000 H0 is rejected 

 

Based on the computation of the test statistic on the 

simultaneous parameter testing on Table 4, the decision is  H0 

is rejected at the significance level of α = 0.050. It was 

supported by the value of test statistic  Q = 528.9300  was 

bigger than the critic value  χ(0.95;3)
2 =  7.8147, and also 
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pvalue = 0.0000 < α = 0.05. Therefore, the conclusion of 

the parameter testing is that the Poisson regression model 

with three covariates, namely density population, percentage 

of poor people, and percentage of toddlers receiving complete 

immunization provides a feasible model (fit). The partially 

parameter testing hypothesis the parameter βk, for certain k, 

(k = 0,2,4,5) is 

H0 ∶ βk = 0   
(covariates Xk doesn’t affect the child leprosy case 

average) 

Ha ∶ βk ≠ 0  

(covariates Xk affects the child leprosy case average) 

The test statistic is given by Equation (17), and the partially 

parameter testing result is displayed in Table 5. 

 
TABLE V 

PARTIALLY PARAMETER TESTING RESULTS 

Covariates/Parameter Wk 𝒑𝒗𝒂𝒍𝒖𝒆 Decision 
Intercept (𝜷𝟎) 24.0819 0.0000 H0 is rejected 
Density population (𝜷𝟐) 3.2898 0.0010 H0 is rejected 
Percentage of poor people (𝜷𝟒) 24.6357 0.0000 H0 is rejected 
Percentage of toddlers receiving 
complete immunization (𝜷𝟓) 

1.2678 0.2049 H0 is accepted 

 

Based on the results of testing the parameters partially 

in Table 5, it is concluded that the covariates density 

population and percentage of poor people respectively 

influence the child leprosy case average, also the intercept 

(constant) was significantly different from zero. It is 

confirmed the statistic W value respectively more than the 

critical value of Z(0.975) = 1.96, and also  pvalue respectively 

less than 0.05, so that the decision for the intercept (𝛃𝟎),  𝛃𝟏 

and 𝛃𝟐 respectively is to reject H0 at the significance level of 

α = 0.05. Meanwhile, the covariate of the percentage of 

toddlers receiving complete immunization doesn’t affect the 

child leprosy case. This conclusion is confirmed by the W 

statistic value of the percentage of toddlers receiving 

complete immunization was less than the critical value 

Z(0.975) = 1.96, and also  pvalue of less than 0.05. 

Based on parameter testing consist of simultaneous and 

partial parameter testing, it can be concluded that the Poisson 

regression model (global model) was fit model. To obtain the 

better model, the GWPR model is proposed. For this goal, the 

initial stage conducted is the heterogeneity spatial testing for 

response variable data. Its discussion is presented in the next 

subsection. 

 

D. Heterogeneity Spatial Testing the Response Variable 

Data 

The hypothesis of the heterogeneity spatial testing is  

H0 ∶  σ1
2 = σ2

2 =  ⋯ = σ34
2 = σ2  

 (the response variable data is not heterogeneity spatial 

data) 

Ha : At least one σi
2 ≠ σ2 ; i = 1,2, … , 34  

 (the response variable data is heterogeneity spatial data) 

The test statistic is given by Equation (39), and computation 

result is displayed in Table 6. 

 
TABLE VI 

HETEROGENEITY SPATIAL TESTING RESULTS 

Test Statistic F 𝐅(𝟎.𝟗𝟓;(𝟑;𝟑𝟎)) 𝒑𝒗𝒂𝒍𝒖𝒆 Decision 

6.0411 2.9223 0.0024 H0 is rejected 

 

The hypothesis testing decision based on test statistic value 

in Table 6 is H0 is rejected, and it can be concluded that the 

response variable data was heterogeneity spatial data, namely 

child leprosy number data was heterogeneity spatial data. The 

decision is supported the test statistic value of F = 6.0411 

was greater than critic value  F(0.95;(3;30)) = 2.9223, and 

pvalue = 0.0024 < α = 0.05, and therefore hypothesis 

testing decides to reject H0.  After the response variable data 

was confirmed that it was heterogeneity spatial data, so that 

GWPR modeling on the child leprosy cases data can be 

implemented. 

 

E. Geographically Weighted Poisson Regression Modeling 

on Child Leprosy Cases Data 

Rewriting the GWPR model at observation location i-th 

with (coordinate 𝐮i) with three covariates referring Eqution 

(19) has an expression in Equation (42). 

 

𝜇𝑖 = exp(𝛃𝑇(𝐮𝑖)𝐱𝑖) = 𝑒𝑥𝑝((𝐮𝑖) + 𝛽2(𝐮𝑖)𝐱𝑖2 +

𝛽4(𝐮𝑖)𝐱𝑖4) + 𝛽5(𝐮𝑖)𝐱𝑖5) , 𝑖 = 1,2, … , 𝑛                
 (42) 

 

Parameter estimation is conducted at every observation 

location using weighted MLE method, and the ML estimator 

is found numerically using iterative Newton-Raphson 

method. The parameter estimation process is initialed from 

computing distant between observation, optimum bandwidth, 

spatial weight, and then applying iterative Newton-Raphson 

algorithm. The Poisson regression model estimation result at 

each observation location is the local model called GWPR 

model which is stated the child leprosy cases average model 

at a province in Indonesia. Computation results consisting of 

ML estimator of GWPR model parameter, test statistic value, 

pvalue, ratio value after a covariate value increases of one-

unit, optimum bandwidth and affecting covariates can be seen 

in Table 7. 

Based on ML estimator of GWPR parameter displayed 

in Table 7, and referring Equation. (19), it is obtained the 

child leprosy cases average model at every province in 

Indonesia. For example, the child leprosy cases average 

model at 1-th observation location (Province of Aceh), at 27-

th observation (Province of South Sulawesi), and at 33-th 

observation (Province of West Papua) respectively in 

Equation (43) until (45). 

 

𝜇1 = exp (2.1624 + 0.0000369𝑥1,2 +

 0.1032𝑥1,4 + 0.0042𝑥1,5                     
 (43) 

𝜇27 = exp(3.1958 + 0.0000242𝑥27,2 +

 0.0451𝑥27,4 − 0.0056𝑥27,5)  
(44) 

𝜇33 = exp(3.1860 + 0.0000502𝑥33,2 +

 0.0948𝑥33,4 − 0.0169𝑥33,5)  
(45) 

 

The GWPR model with ML estimator parameters 

displayed in Table 7 was fit model, which is confirmed by 

parameter testing consisted of similarity testing between local 

(GWPR) model and global model (Poisson regression), 

simultaneous parameter testing, and partial parameter testing. 
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TABLE VII 

ML ESTIMATOR, TEST STATISTIC OF GWPR MODEL AT EVERY LOCATION (PROVINCE) 

i 
ML Estimator, Test Statistic, 

and Ratio 

Parameter Bandwidth (𝑏𝑖), and Influencing 

Covariates 𝛽0(𝐮𝑖) 𝛽2(𝐮𝑖) 𝛽4(𝐮𝑖) 𝛽5(𝐮𝑖) 

1 

ML Estimator 2.1624 3.69 x10-5 0.1032 0.1042 

114.7183 

𝑋2, 𝑋4 

|𝑊𝑘(𝐮𝑖)| 21.6854 3.2005 21.5943 1.9238 

𝑝𝑣𝑎𝑙𝑢𝑒 0.0000 0.0014 0.0000 0.0544 

𝑅(𝑥𝑖𝑘) - 1.000037 1.10867 - 

2 

ML Estimator 2.1667 3.69 x10-5 0.1029 0.0042 

105.7414 

𝑋2, 𝑋4 

|𝑊𝑘(𝐮𝑖)| 21.8138 3.2149 21.6143 1.9131 

𝑝𝑣𝑎𝑙𝑢𝑒 0.0000 0.0013 0.0000 0.0557 

𝑅(𝑥𝑖𝑘) - 1.000036 1.10845 - 

3 

ML Estimator 2.1733 3.66 x10-5 0.1027 0.0041 

101.4134 

𝑋2, 𝑋4 

|𝑊𝑘(𝐮𝑖)| 21.9724 3.2282 21.6504 1.8963 

𝑝𝑣𝑎𝑙𝑢𝑒 0.0000 0.0012 0.0000 0.0579 

𝑅(𝑥𝑖𝑘) - 1.000037 1.10814 - 

4 

ML Estimator 2.1716 3.68 x10-5 0.1026 0.0042 

96.2804 

𝑋2, 𝑋4 

|𝑊𝑘(𝐮𝑖)| 21.8813 3.2248 21.4970 1.9143 

𝑝𝑣𝑎𝑙𝑢𝑒 0.0000 0.00126 0.0000 0.0556 

𝑅(𝑥𝑖𝑘) - 1.000037 1.10804 - 

5 

ML Estimator 2.1789 3.67 x10-5 0.1023 0.0041 

90.7936 

𝑋2, 𝑋4 

|𝑊𝑘(𝐮𝑖)| 21.9975 3.2296 21.4843 1.8782 

𝑝𝑣𝑎𝑙𝑢𝑒 0.0000 0.0012 0.0000 0.0604 

𝑅(𝑥𝑖𝑘) - 1.000037 1.107759 - 

6 

ML Estimator 2.1823 3.65 x10-5 0.1020 0.0041 

85.5213 

𝑋2, 𝑋4 

|𝑊𝑘(𝐮𝑖)| 21.9524 3.2256 21.2777 1.8811 

𝑝𝑣𝑎𝑙𝑢𝑒 0.0000 0.0013 0.0000 0.0600 

𝑅(𝑥𝑖𝑘) - 1.000037 1.107390 - 

7 

ML Estimator 2.1793 3.66 x10-5 0.1024 0.0041 

95.7031 

𝑋2, 𝑋4 

|𝑊𝑘(𝐮𝑖)| 22.0324 3.2297 21.5687 1.8769 

𝑝𝑣𝑎𝑙𝑢𝑒 0.0000 0.0012 0.0000 0.0605 

𝑅(𝑥𝑖𝑘) - 1.000037 1.107809 - 

8 

ML Estimator 2.1865 3.64 x10-5 0.1017 0.0041 

83.0080 

𝑋2, 𝑋4 

|𝑊𝑘(𝐮𝑖)| 21.9110 3.2177 21.0950 1.8785 

𝑝𝑣𝑎𝑙𝑢𝑒 0.0000 0.0013 0.0000 0.0603 

𝑅(𝑥𝑖𝑘) - 1.000036 1.107022 - 

9 

ML Estimator 2.1856 3.65 x10-5 0.1018 0.0040 

80.6347 

𝑋2, 𝑋4 

|𝑊𝑘(𝐮𝑖)| 21.9382 3.2221 21.1561 1.8619 

𝑝𝑣𝑎𝑙𝑢𝑒 0.0000 0.0013 0.0000 0.0626 

𝑅(𝑥𝑖𝑘) - 1.000037 1.107202 - 

10 

ML Estimator 2.1774 3.67 x10-5 0.1024 0.0041 

87.4314 

𝑿𝟐, 𝑿𝟒 

|𝑊𝑘(u𝑖)| 21.9209 3.2243 21.3927 1.8781 

𝑝𝑣𝑎𝑙𝑢𝑒 0.0000 0.0013 0.0000 0.0604 

𝑅(𝑥𝑖𝑘) - 1.000037 1.107792 - 

11 

ML Estimator 2.2042 3.67 x10-5 0.1028 0.0034 

102.2455 

𝑋2, 𝑋4 

|𝑊𝑘(u𝑖)| 22.8014 3.2473 22.5270 1.6081 

𝑝𝑣𝑎𝑙𝑢𝑒 0.0000 0.0012 0.0000 0.1078 

𝑅(𝑥𝑖𝑘) - 1.000037 1.108311 - 

12 

ML Estimator 2.1976 3.60 x10-5 0.1004 0.0041 

70.4743 

𝑋2, 𝑋4 

|𝑊𝑘(u𝑖)| 21.6051 3.1836 20.2032 1.8881 

𝑝𝑣𝑎𝑙𝑢𝑒 0.0000 0.0015 0.0000 0.0590 

𝑅(𝑥𝑖𝑘) - 1.000036 1.105640 - 

13 

ML Estimator 2.2295 3.51 x10-5 0.0973 0.0041 

54.4367 

𝑋2, 𝑋4 

|𝑊𝑘(u𝑖)| 20.9545 3.0912 18.1768 1.8566 

𝑝𝑣𝑎𝑙𝑢𝑒 0.0000 0.0019 0.0000 0.0634 

𝑅(𝑥𝑖𝑘) - 1.000035 1.102179 - 

14 

ML Estimator 2.2338 3.49 x10-5 0.0966 0.0042 

53.3859 

𝑋2, 𝑋4 

|𝑊𝑘(u𝑖)| 20.7872 3.0684 17.7752 1.8759 

𝑝𝑣𝑎𝑙𝑢𝑒 0.0000 0.0022 0.0000 0.0607 

𝑅(𝑥𝑖𝑘) - 1.000035 1.101453 - 

15 

ML Estimator 2.2579 3.52 x10-5 0.0981 0.0034 

54.2166 

𝑋2, 𝑋4 

|𝑊𝑘(u𝑖)| 21.5665 3.0862 19.0197 1.5165 

𝑝𝑣𝑎𝑙𝑢𝑒 0.0000 0.0020 0.0000 0.1294 

𝑅(𝑥𝑖𝑘) - 1.000035 1.103055 - 

16 

ML Estimator 2.1888 3.62 x10-5 0.1011 0.0042 
76.4476 

𝑋2, 𝑋4 

 

|𝑊𝑘(u𝑖)| 21.7042 3.2021 20.6046 1.9126 

𝑝𝑣𝑎𝑙𝑢𝑒 0.0000 0.0014 0.0000 0.0558 

𝑅(𝑥𝑖𝑘) - 1.000036 1.106346 - 
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17 ML Estimator 2.2528 3.63 x10-5 0.1020 0.0026 78.6235 

𝑋2, 𝑋4 |𝑊𝑘(u𝑖)| 23.1155 3.1831 22.3439 1.2058 

𝑝𝑣𝑎𝑙𝑢𝑒 0.0000 0.0015 0.0000 0.2279 

𝑅(𝑥𝑖𝑘) - 1.000036 1.107404 - 

18 

ML Estimator 2.9759 1.62 x10-5 0.0314 0.0028 

20.2693 

𝑋4 

|𝑊𝑘(u𝑖)| 16.9607 1.1477 2.8490 0.9553 

𝑝𝑣𝑎𝑙𝑢𝑒 0.0000 0.2511 0.0044 0.3394 

𝑅(𝑥𝑖𝑘) - - 1.031904 - 

19 

ML Estimator 3.0935 2.95 x10-5 0.0729 -0.0086 

25.8837 

𝑋4, 𝑋5 

|𝑊𝑘(u𝑖)| 20.0038 1.5772 10.1497 -2.7247 

𝑝𝑣𝑎𝑙𝑢𝑒 0.0000 0.1148 0.0000 0.0064 

𝑅(𝑥𝑖𝑘) - - 1.075580 0.991403 

20 

ML Estimator 2.1943 3.62 x10-5 0.10042 0.00413 

62.9183 

𝑋2, 𝑋4 

|𝑊𝑘(u𝑖)| 21.3842 3.1736 19.8517 1.8725 

𝑝𝑣𝑎𝑙𝑢𝑒 0.0000 0.0015 0.0000 0.0611 

𝑅(𝑥𝑖𝑘) - 1.000036 1.105636 - 

21 

ML Estimator 2.2341 3.66 x10-5 0.1025 0.0028 

80.3937 

𝑋2, 𝑋4 

|𝑊𝑘(u𝑖)| 23.0792 3.2167 22.5197 1.3230 

𝑝𝑣𝑎𝑙𝑢𝑒 0.0000 0.0013 0.0000 0.1858 

𝑅(𝑥𝑖𝑘) - 1.000037 1.107980 - 

22 

ML Estimator 2.2432 3.65 x10-5 0.1024 0.0027 

77.6944 

𝑋2, 𝑋4 

|𝑊𝑘(u𝑖)| 23.1356 3.2051 22.4764 1.2531 

𝑝𝑣𝑎𝑙𝑢𝑒 0.0000 0.0014 0.0000 0.2102 

𝑅(𝑥𝑖𝑘) - 1.000037 1.107777 - 

23 

ML Estimator 2.2619 3.66 x10-5 0.1024 0.0023 

70.9931 

𝑋2, 𝑋4 

|𝑊𝑘(u𝑖)| 23.2147 3.1665 22.4636 1.0396 

𝑝𝑣𝑎𝑙𝑢𝑒 0.0000 0.0015 0.0000 0.2985 

𝑅(𝑥𝑖𝑘) - 1.000037 1.107809 - 

24 

ML Estimator 2.2577 3.68 x10-5 0.1028 0.0022 

71.8570 

𝑋2, 𝑋4 

|𝑊𝑘(u𝑖)| 23.1105 3.1524 22.5041 1.0240 

𝑝𝑣𝑎𝑙𝑢𝑒 0.0000 0.0016 0.0000 0.3058 

𝑅(𝑥𝑖𝑘) - 1.000037 1.1082 - 

25 

ML Estimator 3.1598 4.32 x10-5 0.0852 -0.0148 

25.1538 

𝑋4, 𝑋5 

|𝑊𝑘(u𝑖)| 21.4506 1.7484 13.2377 -4.2320 

𝑝𝑣𝑎𝑙𝑢𝑒 0.0000 0.0804 0.0000 0.0000 

𝑅(𝑥𝑖𝑘) - - 1.088938 0.985284 

26 

ML Estimator 2.4828 3.53 x10-5 0.0957 -0.0012 

37.2042 

𝑋2, 𝑋4 

|𝑊𝑘(u𝑖)| 22.0677 2.7364 17.8766 -0.4664 

𝑝𝑣𝑎𝑙𝑢𝑒 0.0000 0.0062 0.0000 0.6410 

𝑅(𝑥𝑖𝑘) - 1.000035 1.100446 - 

27 

ML Estimator 3.1958 2.42 x10-5 0.0451 -0.0056 

21.1062 

𝑋4 

|𝑊𝑘(u𝑖)| 19.1688 1.4905 4.8083 -1.7963 

𝑝𝑣𝑎𝑙𝑢𝑒 0.0000 0.1361 0.0000 0.0724 

𝑅(𝑥𝑖𝑘) - - 1.046085 - 

28 

ML Estimator 2.2839 3.67 x10-5 0.1031 0.0016 

86.5261 

𝑿𝟐, 𝑿𝟒 

|𝑊𝑘(u𝑖)| 23.9096 3.1554 23.5585 0.7598 

𝑝𝑣𝑎𝑙𝑢𝑒 0.0000 0.0016 0.0000 0.4474 

𝑅(𝑥𝑖𝑘) - 1.000037 1.108630 - 

29 

ML Estimator 3.2902 4.31 x10-5 0.0726 -0.0154 

22.5534 

𝑋4, 𝑋5 

|𝑊𝑘(u𝑖)| 20.0119 1.7781 9.4682 -4.1607 

𝑝𝑣𝑎𝑙𝑢𝑒 0.0000 0.0754 0.0000 3.17x10-5 

𝑅(𝑥𝑖𝑘) - - 1.075298 0.984720 

30 

ML Estimator 2.2743 3.66 x10-5 0.1025 0.0020 

74.7370 

𝑋2, 𝑋4 

|𝑊𝑘(u𝑖)| 23.5260 3.1626 22.8695 0.9124 

𝑝𝑣𝑎𝑙𝑢𝑒 0.0000 0.0016 0.0000 0.3616 

𝑅(𝑥𝑖𝑘) - 1.000037 1.107987 - 

31 

ML Estimator 2.2904 3.68 x10-5 0.1037 0.0014 

102.3705 

𝑋2, 𝑋4 

|𝑊𝑘(u𝑖)| 24.1056 3.1343 24.0207 0.6337 

𝑝𝑣𝑎𝑙𝑢𝑒 0.0000 0.0017 0.0000 0.5263 

𝑅(𝑥𝑖𝑘) - 1.000037 1.109220 - 

32 

ML Estimator 3.1968 4.86 x10-5 0.0895 -0.0165 

26.1008 

𝑋2, 𝑋4 

|𝑊𝑘(u𝑖)| 22.8158 1.5472 15.1196 -4.6966 

𝑝𝑣𝑎𝑙𝑢𝑒 0.0000 0.1218 0.0000 0.0000 

𝑅(𝑥𝑖𝑘) - - 1.093603 0.983666 

33 

ML Estimator 3.1860 5.02 x10-5 0.0948 -0.0169 

31.3839 

𝑋4, 𝑋5 

|𝑊𝑘(u𝑖)| 23.8500 1.2143 16.8908 -4.8007 

𝑝𝑣𝑎𝑙𝑢𝑒 0.0000 0.2246 0.0000 0.0000 

𝑅(𝑥𝑖𝑘) - - 1.099472 0.983237 

34 

ML Estimator 2.3619 3.68 x10-5 0.1038 -0.0002 

98.3300 

𝑋2, 𝑋4 

|𝑊𝑘(u𝑖)| 23.9161 2.9009 23.6896 -0.1020 

𝑝𝑣𝑎𝑙𝑢𝑒 0.0000 0.0037 0.0000 0.9188 

𝑅(𝑥𝑖𝑘) - 1.000037 1.1094 - 
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F. Similarity Testing between GWPR Model and Global 

Model 

Hypothesis of the similarity testing between local 

(GWPR) and global model is 

H0 ∶  βk(𝐮i) = βk; k = 2, 4, 5; i = 1, 2 , … , 34, 

Ha ∶ At least there is one βk(𝐮i) ≠ βk;  k = 2, 4, 5; i =
1, 2 , … , 34. 

Test statistic is given by Equation (30), and its value based on 

computation result using Octave software, also test decision 

can be seen in Table 8.  

It can be seen from Table 8, that the test statistic of G = 

27402.8805 is bigger than the critic value χ(0.95;102)
2 =

126.5741, and pvalue = 0.0000 is smaller than significance 

level of α = 0.05. Therefore, the hypothesis testing decides 

H0 is rejected. The conclusion of the similarity testing is the 

GWPR model, and the Poisson regression model aren’t 

identic, or the model is the local model. 

 
TABLE VIII 

TEST STATISTIC VALUE OF THE SIMILARITY TESTING BETWEEN GWPR 

MODEL AND GLOBAL MODEL 

Test Statistic G 𝝌(𝟎.𝟗𝟓;𝟏𝟎𝟐)
𝟐  𝒑𝒗𝒂𝒍𝒖𝒆 Decision 

271402.8805 126.5741 0.0000 
H0 is 

rejected 

 

G. The Simultaneous Parameter Testing of GWPR Model 

Hypothesis of the simultaneous parameter testing takes 

form 

H0 ∶  β1(𝐮i) = β2(𝐮i) = β3(𝐮i) = 0; i = 1, 2 , … , 34, 

Ha ∶ At least there is one βk(𝐮i) ≠ 0;  k = 2, 4, 5; i =
1, 2 , … , 34. 

Test statistic is given by Equation (33), and computation 

result is displayed in Table 9. 

 
TABLE IX 

TEST STATISTIC VALUE OF THE SIMULTANEOUS PARAMETER TESTING 

GWPR MODEL 

Test Statistic 𝑮𝒘 𝝌(𝟎.𝟗𝟓;𝟏𝟎𝟐)
𝟐  𝒑𝒗𝒂𝒍𝒖𝒆 Decision 

274516.0982   126.5741 0.0000 H0 is rejected 

 

Based on test statistic value in Table 9, decision hypothesis 

testing of parameter simultaneous is to reject H0, therefore 

the conclusion is the local model or the GWPR model which 

states model of the mean of child leprosy case at every 

province is fit. It is confirmed by the test statistic value of 

Gw =  274516.0982 is bigger than the critic value of  

χ(0.95;102)
2 = 126.5741, and pvalue = 0.0000 is smaller than 

the significance level of α = 5%. 

 

H. Partial Parameter Testing of GWPR Model 

Hypothesis of partially parameter testing βk(𝐮i), for 

certain i and k, with k = 0, 2, 4, 5; i = 1,2, … , 34 is  

H0 ∶  βk(𝐮i) = 0  

Ha ∶  βk(𝐮i) ≠ 0  

Test statistic is given by Equation (36), and the computation 

result of the optimum bandwidth, the absolute of the Wald 

statistic (Wk(𝐮i)) , pvalue, and the ratio (R(xik)) between the 

mean of child leprosy case after and before increasing the 

covariates value  Xk are displayed on Table 7.  

Based on partially parameter testing result displayed in 

Table 7, it can be identified the affecting factor the child 

leprosy case at every province in Indonesia. For examples, 

the child leprosy case average model at Aceh Province (1-th 

observation) has an expression given by Equation (43), with 

affecting factor based on test statistic value displayed in Table 

7 is population density (X2), and percentage of poor people 

(X4). It is confirmed by the absolute of Wald statistic value 

for both parameters β2 and β4 respectively is bigger than the 

critic value Z0.975 = 1.96, and pvalue for both parameters 

respectively is less than significance level of α = 0.05. 

Therefore, the hypothesis testing for parameters β2 and β4 

respectively decides H0 is rejected, and it is concluded that 

population density, and percentage of poor people 

respectively affects the child leprosy case average at Aceh 

Province. 

The child leprosy case average model at West Papua 

Province (33-th observation) was given by Equation (45), 

with Wald statistic value for both parameters β4 and β5 

respectively is bigger than the critic value Z0.975 = 1.96, and 

also  pvalue for both parameters respectively is less than 

significance level of α = 0.05. A hypothesis testing decision 

for both parameters β4 and β5 respectively is H0 is rejected, 

and it is concluded that both parameters β4 and β5 

respectively is significantly different from zeros and therefore 

poor people (X4), and percentage of toddlers receiving 

complete immunization (X5) respectively influences the child 

leprosy case average at West Papua Province. The same way, 

it can be identified factors affecting the average child leprosy 

case at others province. By Identifying the affecting 

covariates child leprosy case at all provinces, it can be 

obtained the child leprosy case mapping in each province in 

Indonesia based on the influencing factors. The child leprosy 

case mapping in each province in Indonesia based on the 

affecting factor more detail is depicted by spatial thematic 

map which can be seen in the Figure 2. 

Based on the Figure 2, and cosidering the affecting 

covariates in Table 7, the GWPR model stating the model of 

the mean of child leprosy cases in provinces in Indonesia can 

be clasified in to three groups. The first group is the child 

leprosy cases with the affecting factor is the population 

density (X2), and percentage of poor people (X4), that is the 

child leprosy cases in provinces which color are green region 

in Figure 2. Based on Table 10, eighteen provinces were in 

the first group consisting of provinces in the western 

Indonesia, some provinces in the Central Indonesia, and some 

provinces in the Eastern Indonesia including Maluku and 

Papua Province. Based on descriptive statistic displayed in 

Table 1, it can inform that the child cases average in provinces 

in the first group was 32 cases, which was less than national 

average (36 cases). The population density average of 

province in the first group was high (906/km2), which was 

bigger than national average (773/km2). Meanwhile, 

percentage poor people avarage was 9.40, which was less 

than national average (10.29).  

The second group is the child leprosy cases with the 

affecting factor is percentage of poor people (X4), that is the 

child leprosy case in provinces which the blue region in 

Figure 2. The provinces in this second group are South 

Sulawesi and West Nusatenggara province. The child cases 

average in provinces in the second group based on descriptive 

statistic in Table 1 was 31 cases, which was less than national 

average, but the poor people average was high, namely 

11.24% which was bigger than national average (10.29%). 
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Fig. 2.  The Child Leprosy Case Mapping in Each Province in Indonesia Based on the Affecting Factors 

 
TABLE X 

THE CHILD LEPROCY CASE IN EACH PROVINCE BASED ON THE AFFECTING FACTORS 

No The Affecting 

Factors 

i (Province) Number 

1 X2, X4 1)Aceh, 2) North Sumatra, 3) West Sumatra, 4) Riau, 5) Jambi, 6) South Sumatra, 7) 

Bengkulu, 8) Lampung, 9) Bangka Belitung Islands, 10) Riau Islands, 11) DKI. Jakarta, 12) 

West Java, 13) Central Java, 14) DI. Yogyakarta, 15) East Java, 16) Banten, 17) Bali, 20) West 

Kalimantan, 21) Central Kalimantan, 22) South Kalimantan, 23) East Kalimantan, 24) Nort 

Kalimantan, 26) Central Sulawesi, 28) Southeast Sulawesi, 30) West Sulawesi, 31) Maluku, 

32) Nort Maluku, and 34) Papua 

28 

2 X4, 18) West Nusatenggara, and 27) South Sulawesi 2 

3 X4, X5 19) Esat Nusatenggara, 25) Nort Sulawesi, 29) Gorontalo, and 33) West Papua 4 

X2 ∶ the population density;  X4 : percentage of poor people; X5 ∶ percentage of toddlers receiving complete immunization 

 

The third group is the child leprosy cases with the 

affecting factor is percentage of poor people (X4), and 

percentage of toddlers receiving complete immunization 

(X5), that is the child leprosy case in provinces which the red 

region in Figure 2. The provinces in third group involves 

West Nusatenggara, Nort Sulawesi, Gorontalo, North 

Maluku, and West Papua. The child cases average in 

provinces in the third group was high (70 cases), which was 

bigger than national average. The poor people average was 

high, namely 16.13% which was bigger than national 

average. The average of persentage of toddler receiving 

complete immunization was 33.03, which was bigger than 

national average (32.02%). The mapping the child leprosy 

cases in every province in Indonesia based the affecting 

factors based on Figure 2 can be summarized as in Table 10. 

The child leprosy cases mapping displayed in Figure 2, 

or Table 10 can be recomended to the Province Gouverment 

as consideration in creating a leprosy healing, eradication and 

and preventing the spread or transmission of leprosy program. 

Based on the affecting factors in Table 7 and 10, the 

population density and percentage of toddlers receiving 

complete immunization were local factors affecting the child 

leprosy cases in some provinces in Indonesia. Meanwhile, 

poor people covariate was global factor affecting the child 

leprosy cases in every province in Indonesia. Therefore, the 

program of decreasing poor people can be recommended as 

global programs for all provinces, meanwhile the program 

decreasing the population density and increasing toddler 

immunization can be local program, and it can be different 

for each province. 

 

I. Interpreting Geographically Weighted Poisson 

Regression Model 

The interpretation of GWPR model is based on the ratio 

between the mean value of child leprosy cases after and 

before the influencing covariates value increase one unit. The 

ratio values resulting from a one unit increase in covariates 

for child leprosy cases in each province in Indonesia are 

presented in Table 7. For example, the GWPR model stating 

the model of mean of child leprosy cases at Province of West 

Papua (33-th observation) is given by Eq. (45), with 

influencing factor is percentage of poor people (X4), and 

percentage of toddlers receiving complete immunization 

(X5). Based on Table 7, the ratio values resulting from a one 

unit increase in covariate X4 and X5 respectively is 1.09947 

and 0.98324. Its interpretation is increasing one percent of 

poor people resulting in increasing the average of child 

leprosy case in Province of West Papua becomes 1.09947 

times or increase of 9.947%. Meanwhile, increasing one 

percent of the toddlers receiving complete immunization will 

decrease the average of child leprosy case in Province of West 

Papua becomes 0.98324 times, or decrease of 1,676%. Based 

on this interpretation, the programs for decreasing poor 

people, and for increasing complete immunization toddlers is 

the effective program which must be implemented to reduce 

the child leprosy cases in Indonesia, and especially in 

Province of West Papua. 

Based on ratio value in Table 7, it can be obtain ratio 

average based on affecting covariates. The ratio average 

IAENG International Journal of Applied Mathematics

Volume 56, Issue 5, May 2026, Pages 1654-1667

 
______________________________________________________________________________________ 



 

resulting from a one unit increase in covariate the population 

density (X2), percentage of poor people (X4), and percentage 

of toddlers receiving complete immunization  (X5), 

respectively is 1.000036, 1.09990, and 0.98616. It can be 

interpreted that, increasing the population density of one unit 

will increase the average of child leprosy cases in Indonesia 

become 1.000036 times, or increase of 0.0036%. Increasing 

the poor people of one percent will increase the average of 

child leprosy cases in Indonesia become 1.09990 times, or 

increase of 9.99%, and increasing one percent of the toddlers 

receiving complete immunization will decrease the average 

of child leprosy cases in Indonesia become 0.98616 times or 

reduce of 1.394%. 

 

IV.  CONCLUSION 

In conclusion, this study highlights the heterogeneous 

distribution of child leprosy cases across Indonesia's 

provinces, revealing significant regional variations. The 

application of geographically weighted Poisson regression 

(GWPR) has provided valuable insights into the spatial 

distribution of child leprosy cases, emphasizing the impact of 

global and local factors on the incidence of these cases. The 

international factor identified is the percentage of poor 

people, while local factors include population density and the 

rate of toddlers receiving complete immunization. The results 

underscore the importance of considering regional 

characteristics and local influencing factors when developing 

targeted interventions. By providing a detailed mapping of 

child leprosy cases in each province, this study offers a robust 

foundation for the central government to guide provincial 

governments in formulating policies. These policies should 

aim to enhance recovery rates and control the spread of 

leprosy by addressing each region's unique socio-economic 

and health-related factors. Therefore, the findings contribute 

to understanding leprosy dynamics in Indonesia and serve as 

a strategic tool for improving public health outcomes through 

more localized and tailored approaches. 
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