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ABSTRACT
Maternal mortality is a crucial indicator of healthcare quality, particularly in East Nusa Tenggara (NTT) Province, which still records high mortality rates with significant spatial variation. This study aims to model maternal mortality in NTT in 2022 using the Bayesian Geographically Weighted Generalized Poisson Regression (BGWGPR) approach. This method integrates spatial weighting techniques with Bayesian parameter estimation through Gibbs Sampling to address spatial data characterized by overdispersion. Significant factors, including pregnant women's visits to healthcare facilities (K1), were found to influence the distribution of maternal deaths across districts in NTT. The model identifies that visits to healthcare facilities (K1) (X_1) are significant across all regions, while the variable for pregnant women receiving Tetanus Toxoid (X_3) is only significant in Alor and Timor Tengah Selatan. This model not only provides insights into determining factors but also helps identify priority areas for intervention. Therefore, this study contributes to evidence-based health policy-making aimed at reducing maternal mortality in NTT. The BGWGPR approach proves to be relevant for analyzing complex spatial data and can be applied to other epidemiological cases.
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Introduction
Maternal mortality is a key indicator reflecting the quality of the healthcare system, especially in developing countries. A high maternal mortality rate indicates disparities in healthcare services, access to medical facilities, and public awareness of the importance of maternal health during pregnancy and childbirth. In Nusa Tenggara Timur (NTT) Province, maternal mortality remains a serious issue that urgently needs to be addressed. Data from 2022 shows that the region's maternal mortality rate is significantly higher than the national average, highlighting substantial challenges in the equitable distribution of healthcare access and service quality. Key factors contributing to the high maternal mortality rate in NTT include limited access to healthcare facilities, due to geographic barriers and inadequate medical infrastructure, as well as low maternal education, which affects knowledge about safe pregnancy and childbirth practices. Additionally, socio-economic disparities exacerbate the situation, hindering the community's ability to access adequate healthcare services.
Statistical approaches such as Generalized Linear Models (GLM) and Geographically Weighted Regression (GWR) have been widely used to analyze spatial data due to their ability to identify relationships between geographically distributed variables. However, these approaches face limitations in handling overdispersion, a phenomenon often encountered in health data, especially when the data exhibits a variance larger than expected [1]. The diverse conditions in the East Nusa Tenggara (NTT) region lead to variations in the number of events between areas. The Geographically Weighted Generalized Poisson Regression (GWGPR) method addresses spatial factors or regional characteristics and models the correlation between response variables in the form of count data [2]. This method is an extension of Generalized Poisson Regression, assuming the data follows a Poisson distribution at the locations where it is collected. GPR is used because the data on maternal deaths in NTT exhibit a variance greater than the mean, indicating overdispersion. This method employs kernel regression requirements with spatial weighting functions in the parameters of the Generalized Poisson Regression model [3].
Previous studies have utilized the GPR method to address overdispersion in HIV case data in Riau Province in 2018 [4]. Another study using the GPR method with spatial factors modeled child mortality rates in East Java, estimating parameters with Maximum Likelihood Estimation (MLE) [5]. Most previous studies have employed parameter estimation for GPR or GWGPR analysis using MLE. Maximum Likelihood Estimation (MLE) is a widely used approach for estimating statistical model parameters due to its consistency and efficiency for large-scale data. However, this method has several drawbacks, particularly with complex data. MLE relies heavily on strict data distribution assumptions, which can lead to biased results if the assumptions are not met. Additionally, MLE struggles to handle overdispersion or data variation exceeding expectations and is sensitive to outliers, which can compromise estimation accuracy. In cases of small datasets or high multicollinearity, MLE estimates often lack stability. Another limitation is its inability to incorporate prior information, which can be relevant for improving accuracy in certain situations. These shortcomings make MLE less ideal compared to Bayesian methods, which are more flexible in handling data with high uncertainty or complex distribution characteristics [6].
This study analyzes maternal deaths in East Nusa Tenggara Province (NTT) in 2022 and the factors influencing them using the Geographically Weighted Generalized Poisson Regression (GWGPR) method with a Bayesian approach. This method was chosen because the variables represent events suspected to follow a Generalized Poisson distribution and are random, with different characteristics in each district/city, while also considering spatial factors. The Bayesian approach enables the integration of prior information into the model, improving parameter estimation accuracy, especially when dealing with complex data or small sample sizes. Moreover, the GWGPR method effectively addresses the assumption of overdispersion often found in health data. Through this approach, significant factors influencing maternal deaths and the best model for each district/city in NTT Province can be identified more accurately.

Methods 
This study utilizes secondary data from the “Profil Kesehatan Provinsi Nusa Tenggara Timur (NTT) Tahun 2022”, focusing on maternal mortality cases in 2022, with 8 predictor variables and 1 response variable. The analysis begins with testing the assumptions of Poisson regression, including goodness-of-fit for the Poisson distribution, multicollinearity testing, and overdispersion testing. The predictor variables include the percentage of pregnant women attending K1 (X1), the percentage attending K4 (X2), the percentage receiving iron tablets (TTD) (X3), the percentage of postpartum women receiving Vitamin A (X4), the percentage of complications attended by midwives (X5), the percentage of active contraceptive users (X6), the percentage of medical personnel availability (X7), and the percentage of the population living in poverty (X8). These variables are analyzed in relation to the number of maternal mortality cases (Y) across 22 districts/cities in NTT Province.
Poisson Regression
Poisson regression is a statistical model used for analyzing data where the response variable is a count of events (non-negative integers) and does not follow a normal distribution. Instead, it assumes the data follows a Poisson distribution, which is commonly used to model random events that occur at a certain rate over a fixed period or area. The Poisson distribution has a single parameter, 𝜆 which represents the average rate or intensity of the events. The probability of observing  events is calculated using the formula [1]
	
	(1)


The Poisson regression model represents the natural logarithm of the expected value  which is proportional to and dependent on the independent variable . The equation can be written as follows:
	

	(2)


Multicollinearity
[bookmark: _Hlk187837025]Multicollinearity is a condition where there is a significant (high) correlation between predictor variables, which results in inaccurate parameter estimates, reducing their significance or making them completely insignificant. To detect the presence of multicollinearity, the Variance Inflation Factor (VIF) is commonly used. A VIF value greater than 10 indicates the presence of multicollinearity, and one way to address this is by removing predictor variables, starting with the one with the highest VIF value [5]. The VIF can be calculated using the following formula:
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where
	
	


With  being the coefficient of determination obtained from regressing a predictor variable  against the other predictor variables.
Overdispersion
Poisson regression assumes the equality between the mean  and variance ( which is known as equidispersion. Any deviation from this assumption, such as under dispersion  or overdispersion , can lead to inefficient parameter estimates, potentially resulting in incorrect interpretations of the model. Overdispersion can be tested using the Variance Test (VT), formulated by the following equation [3]:
	
	(4)


If the dispersion index (VT) is < 1, it indicates under dispersion, while if VT > 1, it indicates overdispersion.
Spatial Heterogeneity Test
Spatial regression modeling begins with testing for spatial heterogeneity to detect variations between locations. This variation occurs when one location has a different relationship structure or parameters compared to other locations and spatial heterogeneity can be tested using the Breusch-Pagan Test (BP test) with the following hypotheses [7]:
 
 At least one 
To test this hypothesis, the Breusch-Pagan (BP) statistic is used, as formulated in the following equation:
	
	(5)


Where the error element  s formulated as , where  represents the error term for the  observation, with the assumption that 𝑒 follows an independent and identically distributed normal distribution,   is the variance of the error term  and  is the standardized matrix of size , where  d enotes the number of predictor variables. This formulation is used in the Breusch-Pagan test to assess spatial heterogeneity in the model.
Bayesian Method
In Bayesian methods, suppose there is a parameter θ to be estimated. The parameter θ is treated as a variable whose value lies within the domain The prior distribution represents initial information that is used to form the posterior distribution. By combining prior information with the data, the posterior calculation becomes more straightforward. According to Bayesian theory, the posterior distribution is proportional to the product of the prior distribution and the likelihood function, as expressed in equation (3) [8]:
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Where is the posterior distribution,  is the prior distribution, and  is the likelihood function. 
Bayesian Geographically Weighted Generalized Poisson Regression
The Bayesian method involves three main components: the likelihood function of Generalized Poisson Regression (GPR), the prior distribution, and the posterior distribution. The likelihood function for the Generalized Poisson model is expressed in equation (5)
:
	
	(7)



In this model, the prior distribution for 𝛽 is assumed to follow a normal distribution, while 𝜃 is assigned a gamma prior, which is the conjugate prior for the Poisson distribution, as shown in equations (7) and (9):
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The posterior distribution is obtained by multiplying the likelihood function with the prior distribution, as indicated in equation (10):
	
	(10)



This posterior distribution indicates that the model does not have a closed form and cannot be solved analytically. As a result, it will be solved using Markov Chain Monte Carlo (MCMC) methods, specifically the Gibbs Sampling algorithm.
Bayesian Model Convergence Test
Convergence checking in MCMC aims to ensure that the generated samples match the target distribution, which is the posterior distribution. Two commonly used methods are trace plots and MC Error [9]. A trace plot is a graph that shows the relationship between iterations and the values generated; if this plot does not show any specific pattern or strong periodicity, then convergence is considered to be achieved. However, if convergence has not been reached, the number of iterations needs to be increased. Meanwhile, MC Error is calculated by dividing the samples into several groups (batches), then computing the average for each batch and the overall average. Convergence is considered met if the MC Error is less than 5% of the standard deviation. Thus, trace plots are used to visually assess stability, while MC Error provides a numerical measure to ensure the accuracy of the results[10]. 
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The formula to calculate MC Error is as follows [8]:
	
	(12)


Keterangan :
 	: Number of batches
 	: Number of samples in each batch
 	: Index for the number of batches
 	: Average sample in each batch
 	: Overall sample mean
 	: Total number of generated samples
Results and Discussion 
The analysis will begin with testing the Poisson distribution, followed by the estimation of parameters for the Geographically Weighted Generalized Poisson Regression (GWGPR) using the Bayesian method.
Result of Poisson Regression Assumption Test
In the distribution test using the Kolmogorov-Smirnov test, the p-value obtained is 0.2262, which is greater than the 5% significance level. This indicates that the response variable follows a Poisson distribution. Next, a non-multicollinearity test is performed by examining the VIF values, which are presented in Table 1.
Table 1. VIF for All Predictors
	Peubah 
	

	The percentage of pregnant women attending the first antenatal care visit (K1) 
	3,275

	The percentage of pregnant women attending the fourth antenatal care visit (K4)
	3,855

	The percentage of pregnant women receiving iron tablets (TTD) 
	2,499

	The percentage of complications attended by midwives 
	2,504

	The percentage of active family planning (FP) participants 
	1,401

	The percentage of medical personnel availability 
	1,287

	The percentage of the population living in poverty 
	1,475


Table 1 shows that all predictor variables have VIF values less than 10, meaning that all predictor variables meet the non-multicollinearity assumption. Next, an overdispersion test is conducted using the Variance Test (VT) to determine whether the maternal mortality data violates the Poisson regression assumption. The results are presented as follows :


The overdispersion test results show that the Chi-square value divided by its degrees of freedom is 34.2, which is greater than 1. This indicates that the data exhibits overdispersion. 
Spatial Heterogeneity Test
To examine the variation between locations, where one location may have different structural relationships and parameter values compared to others, the Breusch-Pagan test was conducted with the following hypotheses:
 meaning there is no spatial heterogeneity, or the variance is the same (homoscedasticity).
 At least one  indicating the presence of spatial heterogeneity or unequal variance (heteroscedasticity).
By using an adaptive Gaussian Kernel weighting function, the Breusch-Pagan (BP) test statistic yielded the following results:
Table 2: Results of Spatial Heterogeneity Test
	Breusch-Pagan (BP)

	33,379


The BP test statistic value is greater than  adding to the rejection of . This indicates that there is spatial heterogeneity in the maternal mortality data across districts/cities in NTT Province in 2022.
Bayesian Convergence Check
In Bayesian modeling, especially when applying the BGWGPR model with MCMC simulations, it is crucial to validate the accuracy of the simulated results. To achieve this, tools such as the MC Error and trace dynamic plots are employed to assess the convergence of the simulation process. Convergence indicates that the output of the simulation aligns with the expected posterior distribution, confirming that the MCMC chain has stabilized. The trace plot is used to visually monitor this process, showing the progression of parameter values across iterations. Ideally, a well-converged chain should display random fluctuations around a central value, without any discernible patterns, trends, or cycles. To further assess convergence, the MC Error is calculated by dividing the simulation into batches and comparing the mean of each batch. Convergence is considered satisfactory when the MC Error is less than 5% of the standard deviation across the samples. For this analysis, 10,000 iterations were performed using the Gibbs sampling algorithm to ensure thorough exploration of the parameter space. When both the trace plot and MC Error satisfy their respective criteria, it can be concluded that the simulation has converged, and the results are reliable for subsequent analysis.
[image: ]
Figure 1. Convergence Trace Plot for Kupang City
The trace plot displayed above illustrates the progression of parameter values during the iteration process for Kupang City. This graph provides a visual representation of the fluctuations in parameter values at each iteration of the simulation. In this case, the trace plot shows how the parameter values change throughout the iterations and whether they reach stability, which is an indication of the simulation's convergence. Meanwhile, the results of the MC Error calculation from the simulation can be found below, providing further numerical information about the accuracy and stability of the simulation results. In other words, the trace plot serves to visually verify the stability of the parameters, while the MC Error provides a numerical measure to assess convergence more objectively.
Table 3. Convergence test results with Gibbs Sampling
	Location
	Parameter
	Standard Deviation
	MC Error
	5% Standard Deviation
	Description

	Kupang City
	
	0,50925
	0,013501
	0,0254625
	Convergent

	
	
	0,68402
	0,010558
	0,034201
	Convergent

	
	
	0,49216
	0,012906
	0,024608
	Convergent

	
	
	0,84962
	0,03025
	0,042481
	Convergent

	
	
	0,13374
	0,0082157
	0,006687
	Convergent

	
	
	0,91823
	0,0064102
	0,0459115
	Convergent

	
	
	0,63203
	0,00083896
	0,0316015
	Convergent




Bayesian Parameter Estimation
After confirming convergence for each location, the next step is to construct the GWGPR model for each specific location. The model parameters are presented in Table 4.
Table 4. Beta Coefficient of BGWGPR Model
	Wilayah
	
	
	
	
	
	
	
	

	Alor
	-0.0049
	-0.166
	-0.129
	-0. 092
	0. 588
	-0. 106
	-0.160
	0.678

	Belu
	0.0041
	0.142
	0. 273
	0.276
	0.243
	0.461
	-0.781
	-0.163

	Ende
	0.0476
	-0.685
	0.429
	-0.232
	0.128
	-0.035
	-0.763
	-0.575

	Flores Timur
	0.0351
	0.086
	-0.075
	0.811
	-0.489
	-0.440
	-0.211
	0.143

	Kota Kupang
	-0.0112
	-0.038
	-0.370
	-0.129
	0.045
	-0.173
	0.470
	0.364

	Kupang
	0.0064
	-0.267
	0.707
	-0.194
	0.007
	-0.168
	-0.679
	-0.796

	Lembata
	0.0140
	0.632
	0.390
	0.480
	-0.009
	-0.047
	-0.278
	0.480

	Malaka
	-0.0113
	0.034
	0.666
	0.395
	0.280
	0.114
	-0.191
	0.107

	Manggarai
	0.0330
	-0.015
	0.652
	-0.569
	-0.131
	-0.186
	0.433
	0.017

	Manggarai Barat
	-0.0489
	0.134
	-0.094
	0.233
	0.077
	0.478
	-0.206
	-0.223

	Manggarai Timur
	0.0468
	0.349
	0.206
	-0.295
	0.497
	-0.072
	0.087
	-0.248

	Nagekeo
	-0.0219
	-0.037
	-0.217
	0.446
	0.295
	-0.413
	0.432
	-0.586

	Ngada
	-0.0106
	0.511
	0.022
	-0.275
	-0.188
	0.645
	-0.156
	-0.190

	Rote Ndao
	-0.0062
	-0.102
	-0.035
	0.278
	-0.012
	0.719
	-0.267
	0.010

	Sabu Raijua
	0.0325
	0.114
	0.117
	-0.634
	-0.340
	0.017
	0.538
	-0.201

	Sikka
	0.0292
	0.460
	0.207
	-0.438
	0.310
	0.623
	-0.117
	-0.404

	Sumba Barat
	0.0018
	-0.027
	-0.246
	-0.256
	-0.028
	-0.151
	0.252
	0.488

	Sumba Barat Daya
	-0.0383
	0.141
	0.422
	0.550
	0.247
	0.753
	0.075
	-0.498

	Sumba Tengah
	0.0431
	-0.1012
	-0.436
	-0.188
	-0.100
	-0.159
	0.202
	0.3257

	Sumba Timur
	-0.0025
	-0.320
	-0.031
	-0.024
	0.333
	-0.047
	-0.030
	0.000

	Timor Tengah Selatan
	0.0247
	-0.011
	-0.456
	-0.628
	0.134
	0.480
	0.113
	-0.210

	Timor Tengah Utara
	-0.0010
	0.0176
	-0.027
	-0.153
	-0.094
	-0.192
	-0.492
	0.065


Based on Table 4, the Bayesian Geographically Weighted Generalized Poisson Regression (BGWGPR) equation for Kupang City is as follows:

This model indicates that, assuming other variables remain constant, maternal mortality cases in Kupang City will increase by 0.045%, 0.47% dan 0.364% if midwife-attended complications , medical personnel availability  and poverty rate  crease by 1%. Conversely, maternal mortality cases will decrease by 0.038%, 0.37%, 0.129% and 0.173% with a 1% increase in pregnant women attending the first antenatal care visit , the fourth antenatal care visit (K4), receiving iron tablets (TTD)  and active family planning participants  respectively.
By using Bayesian GWGPR analysis, the significant parameters for each location were identified. The results of the location clustering can be seen in Table 5.
Table 5. Clustering of Regions Based on Significant Parameters
	No
	Wilayah
	Parameter yang Signifikan

	1
	Alor
	

	2
	Belu
	

	3
	Ende
	

	4
	Flores Timur
	

	5
	Kota Kupang
	

	6
	Kupang
	

	7
	Lembata
	

	8
	Malaka
	

	9
	Manggarai
	

	10
	Manggarai Barat
	

	11
	Manggarai Timur
	

	12
	Nagekeo
	

	13
	Ngada
	

	14
	Rote Ndao
	

	15
	Sabu Raijua
	

	16
	Sikka
	

	17
	Sumba Barat
	

	18
	Sumba Barat Daya
	

	19
	Sumba Tengah
	

	20
	Sumba Timur
	

	21
	Timor Tengah Selatan
	

	22
	Timor Tengah Utara
	


Conclusions
Based on the analysis using the Geographically Weighted Generalized Poisson Regression method with Bayesian parameter estimation, clusters of regions were identified based on the number of maternal mortality cases in East Nusa Tenggara. The most significant variable in this model is the pregnant woman's visit to K1 (X_1), which shows significance in all regions. Meanwhile, the variable of pregnant women receiving TTD (X_3) was found to be significant only in the regions of Alor and Timor Tengah Selatan. 
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