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Abstract: This study analyzes maternal mortality in South Sulawesi in 2020 and identifies the determining factors 

utilizing the Spline Truncated approach in the Geographically Weighted Poisson Regression method (GWPR-ST). 

This approach builds on nonparametric regression to manage spatial heterogeneity by calculating local parameters at 

each observation site. Maternal mortality data often follows a Poisson distribution and exhibits overdispersion, which 

violates the equidispersion assumption of standard Poisson regression. The GWPR-ST method effectively handles 

overdispersion while accounting for spatial variability. The model estimation uses 1, 2, and 3 knot points, with the 

Gaussian Kernel as the weighting function. The selection of optimum bandwidth is carried out with Generalized Cross 

Validation (GCV). The most suitable model is obtained with an order of 𝑚 = 1 and ℎ = 3 knot points, resulting in 

an R-squared value of 80.04. This shows that the GWPR-ST model accounts for 80.04% of the impact of predictor 

variables on the maternal mortality rate response variable. The influential predictor variables vary across locations, 

allowing them to be classified into four groups based on the significant predictor variables. These findings provide 

valuable insights for targeted public health interventions and demonstrate the effectiveness of GWPR-ST in modeling 

spatially heterogeneous count data with overdispersion. 
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1. INTRODUCTION 

Regression analysis is a statistical technique that examines the relationship between a 

dependent variable and one or more predictor variables [1]. In certain situations, research data is 

often affected by geographic location or the spatial factors where the variables are observed, 

commonly known as spatial data [2]. One of the developments in regression analysis using spatial 

data is Geographically Weighted Regression (GWR) [3]. GWR is a statistical technique for 

examining spatial heterogeneity that arises when identical variables yield varying outcomes at 

different locations within the study area [4], [5].  

In regression analysis, particularly in the GWR model, overdispersion often occurs in spatial 

data when the observed variance exceeds the expected mean, indicating more significant 

variability than assumed under the standard Poisson distribution [6]. Therefore, to address the issue 

of overdispersion, a new statistical approach called Geographically Weighted Poisson Regression 

(GWPR) was developed, specifically designed to analyze spatial data following a Poisson 

distribution [7].  

The GWPR model effectively addresses spatial regression problems when the underlying data 

or function is known and follows a linear pattern. However, in practice, not all cases exhibit 

linearity. Therefore, incorporating a nonparametric approach into the GWPR model is necessary. 

One widely used nonparametric regression method is truncated spline regression, which allows for 

greater flexibility in modeling complex relationships within spatial data [8], [9].  

Several researchers, including applying the truncated spline nonparametric approach to 

improve the GWR model [10], [11], [12]. However, some of these methods do not apply to data 

following a Poisson distribution. Therefore, this study aims to develop a GWPR model using a 

truncated spline approach. 

Maternal mortality is one of the key indicators for assessing public health levels and the quality 

of healthcare services in a region. Despite efforts to improve maternal healthcare services, many 

developing countries, including Indonesia, continue to face high maternal mortality rates [13]. 

Exploratory analysis of maternal mortality data and its affected factors reveals the presence of 

overdispersion and spatial heterogeneity. This makes it suitable for analysis utilizing the 

Geographically Weighted Poisson Regression (GWPR) approach. The data distribution does not 

follow a specific parametric pattern and varies across certain intervals, making the truncated spline 

approach applicable to enhance model flexibility in capturing local variations. Research on spline 

methods has been widely conducted in various statistical contexts. [14] developed a biresponse 
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nonparametric regression model with a truncated spline estimator in principal component analysis, 

demonstrating its effectiveness in capturing complex relationships between response and predictor 

variables. Furthermore, [15] applied a longitudinal multi-response spline model to detect changes 

in blood glucose levels among diabetic patients based on lifestyle factors, showcasing the 

capability of spline methods in analyzing longitudinal data and dynamic response variations. In 

addition, [16] investigated blood glucose changes two hours after meals in type 2 diabetes patients 

by considering the duration of treatment, illustrating the effective use of splines in medical studies 

to describe nonlinear patterns in health data. 

These studies demonstrate the effectiveness of spline methods, making them relevant for use 

in Geographically Weighted Poisson Regression with Truncated Spline Approach on maternal 

mortality in South Sulawesi. Thus, in this study, the relationship between factors influencing 

maternal mortality in South Sulawesi Province can be determined by grouping regions according 

to the factors influencing maternal mortality using the GWPR-ST model. This study will develop 

the GWPR-ST model by applying geographic weighting using the Gaussian Kernel function. 

Furthermore, Generalized Cross-Validation (GCV) will be utilized to find the optimum knot points 

and determine the most suitable bandwidth [12].  

 

2. PRELIMINARIES 

This study utilizes secondary data, specifically the Maternal Mortality Rates in South Sulawesi 

Province in 2020 and the factors influencing them. These data were obtained from the Health 

Office of South Sulawesi Province. This study classifies the variables into two groups: response 

and predictor variables. The response variable represents the count of maternal deaths in South 

Sulawesi Province (𝑦). The predictor variables consist of the proportion of pregnant women 

involved in the K1 program (𝑥1), those participating in the K4 program (𝑥2), and those receiving 

the Td3 vaccination (𝑥3). 

The response variable is characterized as count data because it indicates the count of maternal 

fatalities in each region. Therefore, Poisson distribution is suitable for modeling this type of data. 

It represents a discrete probability distribution that determines the likelihood of a specific number 

of occurrences happening within a given timeframe or location [17]. The probability mass function 

for a random variable 𝑌  that follows a Poisson distribution with a parameter 𝜇 > 0, which 

indicates the number of events occurring within a specified time period or spatial area, is given by 

the following equation [18]: 
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𝑃(𝑌 ;  𝜇) =
𝑒−𝜇𝜇𝑦

𝑦!
 , 𝑦 = 0,1,2, … (1) 

The Poisson regression model assumes equidispersion, meaning that the mean and variance 

are equal. However, deviations from this assumption can occur, this results in overdispersion 

(when variance exceeds the mean, dispersion > 1) or underdispersion (when variance is less than 

the mean, dispersion < 1) [19]. The presence or absence of overdispersion can be determined from 

the Deviance value, which is given by: 

𝜙 =  
𝐷2

𝑑𝑏
 ;  𝐷2 = 2 ∑ (𝑦𝑖ln (

𝑦𝑖

𝑦𝑖̂
) − (𝑦𝑖 − 𝑦𝑖̂))

𝑛

𝑖=1

 (2) 

𝑦𝑖 is the observed response variable, 𝑦𝑖̂ is the Poisson regression estimate, 𝑑𝑏 = 𝑛 − 𝑝 with 𝑝 

representing the number of parameters, 𝑛 the number of observations and 𝐷2 is the deviance 

value. If 𝜙 > 1, it indicates that the variance is larger than the mean, suggesting the presence of 

overdispersion. 

Therefore, addressing overdispersion alone is insufficient, as spatial heterogeneity may also 

influence the variability of the data. Spatial heterogeneity arises when an identical independent 

variable yields varying responses across different locations in the study area [13]. Spatial 

heterogeneity is evaluated utilizing the Breusch-Pagan (BP) test statistic with the hypotheses [20]: 

𝐻0 : 𝜎1
2 = 𝜎2

2 = ⋯ = 𝜎𝑛
2 = 𝜎2 (homoscedasticity) 

𝐻1 : at least there is one 𝜎𝑖
2 ≠ 𝜎2 (heteroscedasticity) 

𝑩𝑷 = (
1

2
) 𝒇𝑇𝒁(𝒁𝑇𝒁)−1𝒁𝑇𝒇 + (

1

𝑇
) (

𝒆𝑇𝑾𝒆

𝜎2
)       ~𝑋(𝑘+1)

2  (3) 

vector f is, 

𝒇𝑖 = (
𝒆𝑖

2

𝜎2
− 1) 

where 𝒆𝑖  is the residual at the 𝑖 -th data point location, 𝒁 is an 𝑛 × (𝑘 + 1)  comprising 

standardized vectors corresponding to each observation with k representing the number of 

predictor variables, 𝜎2 is the residual variance (𝑒𝑖), 𝑇 is the trace of [𝑾𝑇𝑾 + 𝑾2], and 𝑾 is the 

weighting matrix between observation locations. Reject 𝐻0  if 𝐵𝑃 > 𝜒(𝑘)
2  or 𝑝 − 𝑣𝑎𝑙𝑢𝑒 < 𝛼, 

indicating the presence of spatial heterogeneity. 

In addition to addressing spatial heterogeneity, it is also essential to capture complex 

relationships between the response and predictor variables. This can be achieved using 
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nonparametric regression. Nonparametric regression is a statistical method that investigates the 

association between a dependent variable and one or more independent variables without assuming 

any fixed functional form for the regression curve. This method offers greater flexibility in 

capturing complex data structures. In general, a nonparametric regression model is formulated as 

follows [8]: 

𝑦𝑖 = 𝑓(𝑥𝑖) + 𝜀𝑖 (4) 

𝑦𝑖 is the response variable, 𝑥𝑖 is the predictor variable, 𝑓(𝑥𝑖) is the regression curve that does 

not follow a specific parametric form and 𝜀𝑖 refers to the error term for the 𝑖-th observation. 

When the regression curve 𝑓 is represented as an additive model and approximated with a spline 

function, the regression model is formulated as follows: 

𝑓(𝑥𝑖) = ∑ 𝛽𝑘𝑥𝑖
𝑘

𝑚

𝑘=0

+ ∑ 𝛽ℎ+𝑚(𝑥𝑖 − 𝐾ℎ)+
𝑚

𝑞

ℎ=1

 (5) 

The truncated function can be expressed as follows: 

(𝑥𝑖 − 𝐾ℎ)+
𝑚 = {

(𝑥𝑖 − 𝐾ℎ)𝑚,   𝑗𝑖𝑘𝑎 𝑥𝑖 ≥ 𝐾ℎ

0, 𝑗𝑖𝑘𝑎  𝑥𝑖 < 𝐾ℎ
 (6) 

𝑥𝑖 represents the value recorded for the 𝑖-thdata point, 𝐾ℎ denotes the ℎ-th knot point, 𝑚 is 

the orde and 𝛽 is the estimator coefficient. 

Next, the determination of optimal knot points is carried out to ensure the model's flexibility 

and accuracy in capturing data patterns. One of the most popular techniques for identifying optimal 

knot points is GCV, where the selection is based on the smallest GCV value. The optimal knot 

points are chosen based on the minimum GCV value [21]. The GCV equation is given as follows: 

𝐺𝐶𝑉 =

1
𝑛

∑ (𝑦𝑖 − 𝑦̂𝑖)
2𝑛

𝑖=1

(1 −
𝑑𝑓
𝑛

)
2  (7) 

𝑦𝑖  is the actual value of the 𝑖-th response variable, 𝑦̂𝑖  is the estimated value from the 𝑖-th 

observation, 𝑛 is the total number of observations and 𝑑𝑓 is the degrees of freedom in the spline 

model. 

Next, the Geographic Weights Function and Optimum Bandwidth is determined to enhance 

the accuracy of spatial weighting. Spatial weights are computed using a weighting function. The 

weighting function employed in this study is the Gaussian Kernel function [22]. Let 𝑤𝑖𝑗 be the 

spatial weight assigned to the observation at location 𝑗 for the GWPR model at location 𝑖, the 

spatial weight 𝑤𝑖𝑗 based on the Fixed Gaussian Kernel function is given by: 
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𝑤𝑖𝑗 = exp (−
1

2
(

𝑑𝑖𝑗

𝑏
)

2

) , 𝑗 = 1,2, … , 𝑛 (8) 

Where 𝑑𝑖𝑗 = √(𝑏𝑖 − 𝑏𝑗)
2

+ (𝑐𝑖 − 𝑐𝑗)
2

 is the Euclidean distance between location  (𝑏𝑖, 𝑐𝑖)  to 

location (𝑏𝑗 , 𝑐𝑗)  and 𝑏  is a non-negative parameter known as the bandwidth. The optimal 

bandwidth can be determined using (GCV) [22]. 

After obtaining spatial weights and optimal bandwidth, these components are utilized in the 

GWPR model to analyze spatially heterogeneous data. The GWPR model is a localized form of 

Poisson regression that accounts for geographic location and assumes that the response variable 

consists of discrete data following a Poisson distribution [7]. 

𝑦𝑖~ 𝑃𝑜𝑖𝑠𝑠𝑜𝑛 (𝜇𝑖) 

with, 

𝜇𝑖 = exp (𝛽0(𝑏𝑖, 𝑐𝑖) ∑ 𝛽𝑗(𝑏𝑖, 𝑐𝑖)𝑥𝑖𝑗 + 𝜀𝑖

𝑝

𝑗=1

) (9) 

where 𝑦𝑖  represents the observed value of the response variable at the 𝑖-th observation, 𝑥𝑖𝑗 

denotes the value of the 𝑗 -th predictor variable for the 𝑖 -th observation, 𝛽𝑗(𝑏𝑖, 𝑐𝑖)  is the 

regression coefficient for 𝑗 = 1,2, … , 𝑝, (𝑏𝑖, 𝑐𝑖) is the coordinate point (latitude, longitude) of the 

𝑖-th location and 𝜀𝑖 is the regression error for the 𝑖-th observation. 

Building on the GWPR framework, the model is further enhanced using the Spline Truncated 

approach to accommodate nonparametric relationships and improve flexibility in capturing 

complex data patterns. Based on equations (5) and (9), the Geographically Weighted Poisson 

Regression model with the Spline Truncated approach can be expressed as follows: 

𝑦𝑖 = exp (𝛽0(𝑏𝑖, 𝑐𝑖) + ∑ (∑ 𝛽𝑝𝑗(𝑏𝑖, 𝑐𝑖)𝑥𝑝𝑖
𝑗

+ ∑ 𝛿𝑝(𝑚+ℎ)

𝑞

ℎ=1

𝑚

𝑗=1

(𝑏𝑖, 𝑐𝑖)(𝑥𝑝𝑖 − 𝐾𝑝ℎ)
+

𝑚
)

5

𝑝=1

+ 𝜀𝑖) (10) 

The equation above represents the GWPR-ST model with degree 𝑚  and 𝑛  regions. Its 

components are defined as follows: 𝑦𝑖 is the response variable at location 𝑖 for 𝑖 = 1,2, … , 𝑛, 

𝑥𝑝𝑖 is the 𝑝-th predictor variable at location 𝑖 for 𝑝 = 1,2, … ,5, and 𝐾𝑝ℎ is the ℎ-th knot point 

for the 𝑝 -th predictor variable with ℎ = 1,2, … , 𝑞 . Furthermore, 𝛽0(𝑏𝑖, 𝑐𝑖)  is the intercept 

parameter that depends on the geographic coordinates (𝑏𝑖, 𝑐𝑖) , 𝛽𝑝𝑗(𝑏𝑖, 𝑐𝑖)  represents the 

polynomial component parameter of GWPR for the 𝑝-th predictor variable at location 𝑖, and 
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𝛿𝑝(𝑚+ℎ)(𝑏𝑖, 𝑐𝑖)  is the truncated component parameter, which corresponds to the (𝑚 + ℎ)-th 

parameter at the ℎ-th knot point for the 𝑝-th predictor variable at location 𝑖-th.  

After obtaining the GWPR-ST model, Simultaneous parameter significance testing is 

performed to assess the combined effect of the predictor variables on the response variable. In the 

GWPR-ST model, this is achieved utilizing the Maximum Likelihood Ratio Test (MLRT). This 

method assesses if the predictor variables jointly affect the response variable [23].  

Hypothesis: 

𝐻0:  𝛽1(𝑏𝑖, 𝑐𝑖) = 𝛽2(𝑏𝑖 , 𝑐𝑖) =. . . = 𝛽𝑗(𝑏𝑖, 𝑐𝑖) = 0 

𝐻1: a minimum of one 𝛽𝑝(𝑏𝑖, 𝑐𝑖) ≠ 0, 𝑝 = 1,2, … , 𝑗 

Test Values: 

𝐷(𝛽̂) = −2ln (
𝐿(𝜔̂)

𝐿(𝛺̂)
) = 2 (ln 𝐿 (𝛺̂) − ln 𝐿 (𝜔̂)) (11) 

If the test statistic 𝐷(𝛽̂) > 𝑥(𝑎,𝑗)
2 , then reject 𝐻0 indicating that at least one predictor variable 

significantly influences the response variable. 

Once the simultaneous parameter significance test is finished, partial significance tests are 

carried out to analyze the specific influence of each predictor variable. In the GWPR-ST model, 

the partial parameter test examines the impact of each predictor variable on the response variable 

at different locations. The hypotheses for the partial parameter test are as follows [24]: 

𝐻0: 𝛽𝑝(𝑏𝑖, 𝑐𝑖) = 0, 𝑝 = 1,2, … , 𝑗 

𝐻1: 𝛽𝑝(𝑏𝑖, 𝑐𝑖) ≠ 0 

Test Values: 

𝑍 =
𝛽̂𝑝(𝑏𝑖 , 𝑐𝑖)

𝑠𝑒 (𝛽𝑝(𝑏𝑖, 𝑐𝑖))
 (12) 

If the test statistics |𝑧|  > 𝑍(𝑎
2⁄ ) , then reject 𝐻0  this shows that the predictor variable 

significantly impacts the response variable at every location in the GWPR-ST model. 

 

3. MAIN RESULTS 

The analysis begins by examining the Poisson distribution of the response variable to 

determine its suitability for the GWPR-ST model. This test aims to assess whether the response 
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variable 𝑦 in this study follows Poisson distribution. The Kolmogorov-Smirnov test is used to 

assess the Poisson distribution of 𝑦. At a significance level of α = 0.05, the output from R-Studio 

software yields a 𝑝𝑣𝑎𝑙𝑢𝑒  of 0.24. Since 𝑝𝑣𝑎𝑙𝑢𝑒 > 0.05 , the null hypothesis 𝐻0  is accepted, 

implying that the maternal mortality data in South Sulawesi Province in 2020 follows a Poisson 

distribution. 

Following the Poisson distribution analysis, the overdispersion test is conducted to assess 

whether the variance exceeds the mean, which would justify using the GWPR-ST model. Using 

R-Studio, the overdispersion test results indicate a dispersion parameter 𝜙 of 1.82 (𝜙 > 1), 

suggesting the presence of overdispersion in the maternal mortality data. Consequently, the 

analysis can be addressed using the GWPR model. 

After evaluating overdispersion, the spatial heterogeneity test examines the variability of 

relationships across different locations. The Breusch-Pagan test statistic obtained is 10.42, with 

𝑝𝑣𝑎𝑙𝑢𝑒  0.04. Since the Breusch-Pagan value exceeds 𝑋(0,05;3)
2  and the 𝑝𝑣𝑎𝑙𝑢𝑒  is smaller than 

𝛼 = 0.05, reject 𝐻0, This indicates the presence of spatial heterogeneity among regions, meaning 

that the characteristics at each location vary. 

 

Figure 1. Scatterplot of Maternal Mortality and Predictor Variables 

Based on Figure 1, the relationship between the response variable 𝑦 (Maternal Mortality) and 

the predictor variables (𝑥1 to 𝑥3) does not exhibit a distinct functional form. The data points are 

scattered randomly without following a specific parametric pattern, suggesting that the underlying 

relationship is better captured using a nonparametric approach. 

Next, the best bandwidth is identified through the Gaussian Kernel weighting function by 

choosing the lowest GCV value, as presented in Table 1. 

Table 1. Optimum Bandwidth 

Geographic Weighting Function Bandwidth GCV 

Kernel Gaussian 0,88 9513,79 
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Table 1 shows that the optimal bandwidth is 0.88, determined through the Gaussian Kernel 

weighting function by choosing the lowest GCV value. 

The optimum knot points are determined to enhance model flexibility following the bandwidth 

selection, as shown in Table 2. 

Table 2. Optimum Knot Point 

Knot Point GCV 

1 

2 

3 

0.48 

0.28 

0.26 

Based on Table 2, the optimal knot points are determined using three knot points, yielding the 

minimum GCV value of 0.26. 

Based on the selection of optimal knot points, the following are the parameter estimators for 

the GWPR-ST model with three knot points. 

𝑦̂𝑖 = exp(𝛽̂0(𝑏𝑖, 𝑐𝑖) + 𝛽̂11(𝑏𝑖, 𝑐𝑖)𝑥1𝑖 + 𝛽̂21(𝑏𝑖, 𝑐𝑖)𝑥2𝑖 + 𝛽̂31(𝑏𝑖, 𝑐𝑖)𝑥3𝑖

+ 𝛿11(𝑏𝑖, 𝑐𝑖)(𝑥1𝑖 − 𝐾13)+ + 𝛿21(𝑏𝑖, 𝑐𝑖)(𝑥2𝑖 − 𝐾23)+

+ 𝛿31(𝑏𝑖, 𝑐𝑖)(𝑥3𝑖 − 𝐾33)+) 

(13) 

The following is one example of the GWPR-ST model, written for the 11th location, which 

corresponds to Barru Regency. 

𝑦̂𝑖 = exp (9.76 − 0.02𝑥1;11 − 0.08𝑥2;11 − 0.12𝑥3;11 − 4.34(𝑥1;11 − 93.29)
+

+ 18.87(𝑥2;11 − 98.03)
+

− 14.92(𝑥3;11 − 1.29)
+

) 

(14) 

After obtaining the GWPR-ST model, simultaneous parameter significance testing is carried 

out to assess the overall impact of all predictor variables on the response variable. This is followed 

by partial significance testing to examine the individual impact of each predictor variable at 

different locations. 

Table 3. Results of Simultaneous Parameter Significance Test 

Test Statistics 𝐷(𝛽̂) 𝑥(0,05;3)
2  𝑝𝑣𝑎𝑙𝑢𝑒 Hypothesis 

10.32 7.82 0.02 Reject 𝐻0 
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Based on Table 3, the test statistic value is 𝐷(𝛽̂) = 10.32 > 𝑥(0,05;3)
2 = 7.82, or 𝑝𝑣𝑎𝑙𝑢𝑒 =

0.02 < 𝛼 = 0.05, therefore the null hypothesis is to reject 𝐻0. This suggests that at least one 

predictor variable significantly influences the GWPR-ST model.  

The partial parameter significance test results reveal that the significant predictor variables 

differ between regions. This leads to the classification of four groups of regencies/cities based on 

the significant predictor variables. The grouping of regencies/cities based on variables 

significantly affecting maternal mortality in 2020 in South Sulawesi is presented as follows. 

 

 

Figure 2. Mapping of Maternal Mortality in South Sulawesi in 2020 Using Relevant Variables 

 

Figure 2 shows Maternal mortality in various regions of South Sulawesi is affected by several 

factors, which are associated with variables such as 𝑥1, 𝑥2 dan 𝑥3. In areas like Sinjai, Maros, 

Luwu Utara, Luwu Timur, Toraja Utara, and Palopo, maternal mortality is affected by a 

combination of factors 𝑥1, 𝑥2 dan 𝑥3. Meanwhile, in Pangkep and Bone, the factors that affected 

maternal mortality are limited to 𝑥1 dan 𝑥3. On the other hand, regions such as Bulukumba, 

Bantaeng, Jeneponto, Takalar, Gowa, Luwu, Tana Toraja, and Makassar are more affected by 

factors 𝑥2 dan 𝑥3. Lastly, in Selayar, Barru, Soppeng, Wajo, Sidrap, Pinrang, Enrekang, and 

Pare-Pare, the primary factor affecting maternal mortality is 𝑥3. 
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4. CONCLUSION 

The optimal Geographically Weighted Poisson Regression (GWPR) model with the Spline 

Truncated approach for maternal mortality in South Sulawesi in 2020 is obtained with an order of 

𝑚 = 1  and three-knot points (ℎ = 3) . The coefficient of determination is 𝑅2 = 81.04 , 

indicating that the model explains 81.04% of the variation in the response variable based on the 

predictor variables. The partial significance test of the estimated parameters classifies the 

regencies/cities into four groups according to the predictor variables that significantly affect 

maternal mortality in South Sulawesi in 2020. 
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