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Abstract 

 

Maternal Mortality Rate (MMR) in Indonesia has experienced a concerning annual 

increase, reaching 4,627 deaths in 2020 compared to 4,221 in 2019. This upward 

trajectory underscores the urgency of investigating the factors contributing to MMR. 

Recognizing the spatial heterogeneity and outliers in the data, our study employs the 

Robust Geographically Weighted Regression (RGWR) method with the Least Absolute 

Deviation approach. Using secondary data from the 2020 Indonesian Health Profile 

publication, the research seeks to establish province-specific models for MMR in 2020 and 

identify the key influencing factors in each region. Standard regression analyses fall short 

in addressing the complexities present in the data, making the RGWR approach crucial 

for understanding the nuanced relationships. The chosen RGWR model utilizes the Least 

Absolute Deviation method and a fixed kernel exponential weighting function. Notably, 

this model maintains a consistent bandwidth value across all locations, showcasing its 

robustness. In evaluating the model variations, the exponential fixed kernel weighting 

function emerges as the most optimal, boasting the smallest Akaike Information Criterion 

(AIC) value of 23.990 and the highest coefficient of determination 𝑅2 value of 93.66%. The 

outcomes of this research yield 24 distinct models, each tailored to the unique 

characteristics of every province in Indonesia. This nuanced, location-specific approach is 

vital for developing effective interventions and policies to address the persistently high 

MMR. By providing insights into the complex interplay of factors influencing maternal 

mortality in different regions, the study contributes to the groundwork for targeted and 

impactful public health initiatives across Indonesia. 
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1. Introduction 

In essence, the quality of maternal and child health is 

inseparable from the progress of a nation because a 

responsible generation emerges from the good health of 

mothers [1]. Family development is carried out to 

establish a healthy family living in a wholesome 

environment. One criterion for a good family is not only 

a healthy environment but also the health condition of 

each family member. By meeting nutritional needs and 

maintaining the health of family members, a family 

contributes to optimizing the growth, development, and 

productivity of all its members [2]. Maternal Mortality 

Rate (MMR) remains high due to the vulnerability of the 

health status of mothers and children, especially in the 

most susceptible groups, such as pregnant women, 
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postpartum mothers, and newborns. Therefore, 

maternal health initiatives become one of the primary 

goals of Indonesia's health development. Since mothers 

are highly vulnerable to the conditions of the family and 

their environment in general, they deserve priority in 

health intervention efforts. Hence, it is crucial to evaluate 

the health situation and the effectiveness of maternal 

health initiatives [3]. Consequently, in this current study, 

the focus lies on utilizing population indicators obtained 

from the Aceh Population Registration Office in 2021, 

encompassing 23 districts and cities in Aceh Province. 

The AKI (Maternal Mortality Ratio) serves as a measure of 

the developmental status of a region, particularly in the 

realm of health. Depending on the quality levels 

achievable by the government, community, and 

geographical location of a region, the AKI in one area of 

Indonesia may differ from that in another. To effectively 

implement policies and minimize the AKI in a specific 

area, it is essential to understand the factors influencing 

the AKI. Regression analysis is one statistical technique 

that can be employed to identify variables affecting the 

AKI. However, the regression approach does not account 

for differing geographical factors between locations, 

necessitating the use of spatial analysis [4]. 

As the distance between two observations increases, the 

characteristics of each observation will start to differ 

from those nearby. On the other hand, spatial non-

stationarity describes varying variance values from one 

region to another. Spatial heterogeneity is another term 

for non-uniform variance [5]. Classical regression model 

assumptions are not met due to spatial heterogeneity. 

Consequently, the variance values produced vary for 

each observation in each location. Therefore, a 

regression model is created by allowing error model 

variance to vary for each region, particularly by 

introducing local regression coefficients, meaning that 

each area will have its own separate regression 

coefficients. Geographically Weighted Regression (GWR) 

is a process of constructing a regression model that 

considers local factors by incorporating spatial weighting 

[6]. 

The robust geographically weighted regression (RGWR) 

approach is widely employed in various research 

analyses. In the study conducted by [7] on modeling 

diarrhea occurrences in the city of Semarang, a robust 

geographically weighted regression with the absolute 

least deviation method was utilized. Due to the presence 

of outlier values in the diarrhea occurrence data, the 

traditional geographically weighted regression (GWR) 

model struggled to accurately capture the relationship 

between diarrhea issues and related variables. As a 

result, it can be concluded that the diarrhea cases in 

Semarang, when modeled using the RGWR approach, 

yielded more accurate parameter estimates compared to 

the GWR model. The percentage of households lacking 

proper sanitation facilities or variable X5 exhibited the 

highest regression coefficient when estimating diarrhea 

occurrences using the RGWR model [7]. 

Addressing outliers in data analysis is crucial as these 

atypical data points possess characteristics that 

significantly differ from the rest of the dataset. If left 

unaddressed, outliers can distort the overall distribution 

of data, affecting the accuracy of statistical analyses and 

parameter estimations. In the context of this research on 

predicting Maternal Mortality Ratio (AKI) cases in 

Indonesian provinces for 2020, outliers could skew the 

understanding of influential factors and hinder the 

creation of effective models. The necessity of the RGWR 

approach lies in its capability to effectively handle 

outliers. Unlike traditional methods that are sensitive to 

outliers and can produce biased estimations, RGWR, 

utilizing techniques like the Least Absolute Deviation 

(LAD), offers robustness against outliers' influence. By 

assigning less weight to outliers and focusing on the 

median absolute deviation, RGWR ensures a more 

accurate estimation of parameters, particularly in 

geospatial analyses where outlier presence is common. 

Examining spatial patterns in the distribution have been 

done by Southern India [8]. GWR analysis also applied to 

assess predictors of home birth hot spots in Ethiopia [9]. 

In the specific context of predicting Maternal Mortality 

Ratio in Indonesian provinces for 2020, the relevance of 

RGWR becomes evident. Maternal health data often 

encompasses diverse factors influenced by geographic 

variations. Outliers in this dataset could stem from 

various sources, such as extreme socio-economic 

conditions or exceptional health care facilities. These 

outliers might skew the understanding of factors 

influencing maternal mortality rates. Thus, employing 

RGWR in this scenario becomes paramount to create a 

more accurate and reliable predictive model by robustly 

addressing the challenges posed by outliers within the 

geographic context of Indonesia's provinces. By doing so, 

the RGWR method ensures a more nuanced 

understanding of the complex relationships between 

various factors contributing to maternal mortality, 

thereby enhancing the accuracy of predictions for 

effective healthcare planning and interventions. 

2. Literature Review 

2.1. Regression Analysis 

Regression analysis is one of the most widely used 

statistical methods in applied sciences [10–12]. It is a 

method for establishing a cause-and-effect relationship 
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between a dependent variable and one or more 

independent variables [13, 14]. In general, the regression 

equation can be observed in Equation 1. 

𝑌 = 𝛽0 + 𝛽1𝑋1 + 𝛽2𝑋2 +  … + 𝛽𝑘𝑋𝑘 +  𝜀𝑖          
 𝑖 = 1,2, … , 𝑛 

(1) 

In the regression equation, where 𝑌 is the dependent 

variable, 𝑋𝑖 is the independent variable, 𝛽0 is the 

intercept, 𝛽1 is the slope, and 𝜀𝑖 is the residual. 𝛽0, 𝛽1, 𝛽2, 

…, 𝛽𝑘, are the regression coefficients that need to be 

estimated. The Ordinary Least Squares (OLS) method is a 

commonly used estimation method for regression 

analysis [15]. 

2.2. Geographically Weighted Regression (GWR) 

The Geographically Weighted Regression (GWR) model is 

an extension of the regression model with parameters 

calculated at each observation location. The GWR 

method is employed to estimate spatially non-stationary 

data or data with spatial heterogeneity. Spatial 

heterogeneity occurs when the same independent 

variable elicits different responses at different locations 

within a study area [16–18]. The GWR model is applied to 

continuous dependent variables, producing localized 

parameter estimates for regression models at each 

location.  

GWR generates localized parameter estimates for each 

location where the data is observed [19]. In the GWR 

model, the dependent variable y is estimated with 

independent variables, each with regression coefficients 

that depend on the observed location. The GWR 

estimation method utilizes Weighted Least Squares (WLS) 

or commonly known as weighted least squares. GWR 

employs weights based on the distance between one 

observation location and another. The GWR model can be 

formulated as in Equation 2 [20]. 

𝑦𝑖 = 𝛽0(𝑢𝑖 , 𝑣𝑖) + ∑

𝑛

𝑖=1

𝛽𝑘(𝑢𝑖 , 𝑣𝑖)𝑥𝑘𝑖 + 𝜀𝑖  (2) 

Where yi is the dependent variable for location i-th, xk is 

the k-th independent variable at location i-th, (𝑢𝑖𝑣𝑖) is 

coordinates (longitude and latitude) at location i-th. 

𝛽0(𝑢𝑖 , 𝑣𝑖) is the slope for the regression model. 𝛽𝑘(𝑢𝑖 , 𝑣𝑖) 

is the regression parameter model. 𝜀𝑖 is residual at 

location i-th.  

The parameter estimation procedure for Geographically 

Weighted Regression (GWR) is similar to the procedure 

used to obtain values for each location in a classical 

regression model. However, when predicting parameters 

at each location, we take into account information from 

nearby locations in addition to the information from the 

location itself. The contribution of a location in 

determining parameter estimates at the observed 

location increases with the proximity of that location to 

the observed one. Weighting is applied to the 

contributions from the surrounding environment. As a 

result, the Weighted Least Squares (WLS) method is used 

to estimate parameters in the GWR model. This method 

involves assigning different weights to each point where 

data is observed [19]. 

2.3. Estimating Parameters Using the Least Absolute 

Deviation (LAD) 

Estimating the regression model as in Equation (1) using 

the Least Absolute Deviation (LAD) method is performed 

by minimizing the sum of absolute residuals, as 

expressed by the Equation 3. 

∑

𝑛

𝑖=1

𝑤𝑖(𝑢𝑖𝑣𝑖)|𝜀𝑖| =  ∑

𝑛

𝑖=1

|𝑦𝑖 − 𝛽0(𝑢𝑖  𝑣𝑖 )

− ∑

𝐾

𝑘=1

𝛽𝑘(𝑢𝑖  𝑣𝑖 ) 𝑋𝑖𝑘| 

(3) 

 

The solution to obtain regression parameters 

(𝛽0, 𝛽1, … , 𝛽𝑘) cannot be achieved through a differentiation 

process, as the Weighted Least Squares (WLS) method. 

This is because the form of Equation 3 is non-

differentiable at all points [5]. 

3. Materials and Methods 

3.1. Data 

The data was sourced from the 2020 Indonesian Health 

Profile, published by the Ministry of Health of the 

Republic of Indonesia. It relates to MMR and maternal 

health data for 34 provinces in Indonesia in 2020. The 

definitions of variables are shown in Table 1. 

3.2. Data Analysis Procedure 

The data analysis in this research involves several steps. 

The steps undertaken to achieve the research objectives 

are as follows: 1) conduct descriptive analysis of the 

dependent and independent variables by mapping the 

spatial distribution of both variable types. Explore initial 

characteristics through summary statistics used in the 

study [21–24]. 2) Examine multicollinearity in the 

independent variables by assessing the Variance Inflation 

Factor (VIF). If any independent variable has a VIF ≥ 10, it 

indicates multicollinearity [25–28]. 3) Perform a spatial 

heterogeneity test using the Breusch Pagan test. The 

objective is to identify spatial variation [29–31]. 4) 

Conduct RGWR analysis due to spatial heterogeneity and 

the presence of outliers [32]. 5) Perform a significance 

test on RGWR model parameters to identify which 
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Table 1. Variable definition 

Variables Variable Definition 

𝑌 Number of maternal deaths during pregnancy, childbirth, and postpartum period  

X1 Percentage of births attended by health workers 

X2 Percentage of deliveries assisted by health facilities  

X3 Percentage of postpartum women receiving vitamin A 

X4 Percentage of services for pregnant women K1 (first quarter period) 

X5 Percentage of maternity services K4 (period close to delivery) 

X6 Percentage of health centers conducting pregnancy classes 

X7 Percentage of 9-month pregnant women receiving blood supplement tablets 

X8 Percentage of pregnant women at risk of chronic energy deficiency 

X9 Number of births waiting for homes 

Table 2. Descriptive statistics. 

Variables Min Max Mean Median Standard Deviation 

𝑌 18 745 136.1 86.5 161.37 

X1 0,00 108.30 81.66 86.80 21.45 

X2 31.40 99.60 78.79 82.85 19.61 

X3 0.00 106.50 80.84 85.00 21.79 

X4 0,00 108.80 86,70 90,35 19,44 

X5 27,50 98,90 77,40 80,95 19.40 

X6 5.61 100.00 77.15 85.30 26,23 

X7 25.30 98.10 80.22 84.05 17.06 

X8 65.70 100.00 92.64 95.90 8.90 

X9 0.00 233.00 36.71 16.00 54.44 

 

variables significantly influence AKI in each province [33]. 

6) Create a map illustrating the distribution of AKI based 

on significant variables. 7) Interpret one of the RGWR 

models obtained. 8) Conclude and provide 

recommendations based on the analysis results. 

4. Results and Discussion 

4.1. Descriptive Statistics 

Descriptive statistics can be used to describe all research 

variables to determine the characteristics of the variables 

used, the results can be seen in Table 2. The descriptive 

analysis presented information on the maximum, 

minimum, mean, median, and standard deviation of each 

research variable. These results show that the MMR in 

Indonesia varies, with the highest MMR recorded in West 

Java at 745 deaths, and the lowest MMR recorded in 

North Kalimantan at only 18 deaths. The national average 

MMR is 136. Factors that may influence the MMR, such as 

the percentage of deliveries assisted by health 

professionals, the percentage of deliveries assisted by 

health facilities, the percentage of postpartum mothers 

receiving vitamin A, the percentage of antenatal care 

services for K1 and K4, the percentage of health centers 

conducting antenatal classes, the percentage of pregnant 

women receiving iron supplementation tablets, the 

percentage of pregnant women at risk of chronic energy 

deficiency, and the presence of maternity waiting homes 

in each province, are also reported. For example, the 

highest percentage of deliveries assisted by health 

professionals is 108.3% in Banten province, while the 

highest percentage of maternal care services for K4 is 

recorded at 98.90% in DKI Jakarta province. With the 

average percentage for each variable, this study provides 

a comprehensive overview of the factors that may 

contribute to variations in MMR across different 

provinces in Indonesia. 

Figure 1 shows that the MMR in Indonesia in 2020 in each 

province is divided into three categories, namely the first 

category there are 3 provinces, namely West Java, East 

Java and Central Java Provinces with a value range of 243 

to 745. Furthermore, the second category has 12 

provinces, namely Aceh, North Sumatra, West Sumatra, 

Riau, South Sumatra, Lampung, DKI Jakarta, Banten, West 

Nusa Tenggara, East Nusa Tenggara, West Kalimantan 

and South Sulawesi including with a value range of 98 to 

242 and the third category has 19 provinces, namely 

Jambi, Bengkulu, Bangka Belitung Islands, Riau Islands, DI 

Yogyakarta, Bali, Central Kalimantan, South Kalimantan, 

East Kalimantan, North Kalimantan, North Sulawesi, 

Central Sulawesi, Southeast Sulawesi, Gorontalo, West 

Sulawesi, Maluku, North Maluku West Papua and Papua 

with a value range of 18 to 97. 

4.2. Spatial Heterogeneity and Spatial Weight Matrix 

The assumption of spatial heterogeneity aims to 

determine whether in the regression model there is 

inequality in the variance of the residuals between one 

observation and another [34, 35]. Based on the results of 
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Figure 1. Distribution of MMR in Indonesia in 2020. 

Table 3. Kernel weighting functions. 

Bandwidth Kernel Function R2 AIC 

Fixed 

Gaussian 0.905 35.488 

Bisquare 0.753 59.077 

Tricube 0.762 58.691 

Exponential 0.936 23.99 

Adaptive 

Gaussian 0.650 66.937 

Bisquare 0.859 43.119 

Tricube 0.853 44.043 

Exponential 0.697 63.840 

 

Table 4. VIF values for multicollinearity detection. 

Variable VIF 

X1 17.76 

X2 15.37 

X3 31.45 

X4 30.81 

X5 13.50 

X6 2.05 

X7 4.55 

X8 2.34 

X9 1.18 

Table 5. The RGWR model parameters. 

Parameter Min Q1 Median Q3 Max 

β0 -0.397 -0.246 0.263 0.547 1.093 

Β6 -0.752 -0.436 -0.350 -0.221 -0.050 

Β7 0.732 0.023 0.093 0.143 0.467 

Β8 -1.140 -1.038 -0.852 -0.362 0.090 

Β9 
-0.490 -0.029 0.067 0.090 0.121 

the Breusch-Pagan analysis, the P-value (0.04254) < α 

(0.05) is obtained, thus indicating that there is spatial 

heterogeneity or there are different characteristics in 

maternal mortality data in Indonesia in 2020 in each 

province. 

There are several ways to determine spatial weights, 

including using kernel weighting functions consisting of 

four types of kernel functions: Gaussian, Exponential, 

Bisquare, and Tricube [36, 37]. This study selected the 

optimum kernel weighting function based on the 

minimum Akaike Information Criterion (AIC) and the 

maximum R2 value criteria. The following are the AIC and 

R2 value obtained from the kernel function. 

Based on Table 3, the Fixed Kernel Exponential weighting 

function has the maximum R2 value (0.9366) and the 

minimum AIC value (23.9902), hence it will be used to 

determine the optimum bandwidth in the RGWR model 

with the ACV method. The optimum bandwidth result 

obtained is 3.214 with the minimum ACV value of 18,470 

4.3. Robust Geographically Weighted Regression (RGWR) 

Before running a regression model, it is important to 

check for multicollinearity to detect correlations between 

independent variables [38–40]. Multicollinearity reduces 

the precision of the estimated coefficients, which 

weakens the statistical power of the regression model 

[41–43]. p-values may not be reliable for the identification 

of independent variables that are statistically significant 

[44–46]. The value of the variance inflation factor (VIF) can 
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Table 6. Parameter significance test on the RGWR model for each province. 

No Province 
t statistics 

X6 X7 X8 X9 

1 Aceh -0.685  0.183 -0.708 0.478 

2 Sumatera Utara -1.338 0.280 -2.135* 0.468 

3 Sumatera Barat -1.792 0.408 -4.039* 0.445 

4 Riau -1.787 0.314 -3.792* 0.370 

5 Jambi -1.931 0.221 -5.401* 0.220 

6 Sumatera Selatan -1.790 0.054 -5.767* 0.001 

7 Bengkulu -1.892 0.218 -5.577* 0.059 

8 Lampung -1.531 -0.666 -6.000* -0.700 

9 Kepulauan Bangka Belitung -2.017 -0.486 -6.210* -0.556 

10 Kepulauan Riau -2.549* 0.474 -3.712* -0.453 

11 DKI Jakarta -1.146 -1.514 -6.437* -1.941 

12 Jawa Barat -1.872 -1.599 -6.616* -2.072* 

13 Jawa Tengah -3.336* -1.505 -6.946* -1.788 

14 DI Yogyakarta -3.164* -1.334 -6.900* -1.533 

15 Jawa Timur -3.399* -0.668 -5.992* -1.312 

16 Banten -0.901 -1.257 -6.248* -1.848 

17 Bali -2.130* 0.439 -5.589* -0.063 

18 Nusa Tenggara Barat -1.792 1.418 -4.691* 0.483 

19 Nusa Tenggara Timur -1.115 1.961 -3.883* 0.39 

20 Kalimantan Barat -2.667* 0.475 -6.433* -0.118 

21 Kalimantan Tengah -2.272* 0.425 -5.829* -0.217 

22 Kalimantan Selatan -1.725 0.400 -5.317* -0.009 

23 Kalimantan Timur -0.95 0.661 -2.802* 0.503 

24 Kalimantan Utara -1.402 0.625 -1.291 0.803 

25 Sulawesi Utara -0.794 0.236 -0.098 0.600 

26 Sulawesi Tengah -1.01 0.511 -0.844 0.474 

27 Sulawesi Selatan -1.424 0.807 -2.515* 0.42 

28 Sulawesi Tenggara -1.108 1.007 -1.411 0.452 

29 Gorontalo -0.824 0.276 -0.275 0.54 

30 Sulawesi Barat -1.441 0.51 -2.672* 0.473 

31 Maluku -0.533 0.165 0.235 0.526 

32 Maluku Utara -0.370 0.213 0.144 0.644 

33 Papua Barat -0.136 0.076 0.158 0.516 

34 Papua -0.144 0.206 -0.046 0.198 

 

be used to detect multicollinearity, where a VIF value 

greater than 10 indicates multicollinearity. 

Based on Table 4, VIF variables X1, X2, X3, X4, and X5 are 

greater than 10, which means there is multicollinearity 

between these variables. Hence, the independent 

variables that have multicollinearity are eliminated from 

the regression model. 

The estimation results of the RGWR model parameters 

with the Least Absolute Deviation method of the 

Exponential Fixed Kernel function can be seen in Table 5. 

The values in Table 5 summarize parameter estimates for 

each observation point and are not applicable globally 

because each observation has different weights. 

Furthermore, the parameter significance test of the 

RGWR model was conducted to find out which 

independent variables have a significant effect on MMR 

in each province in Indonesia in 2020, Each province has 

its own model because the parameter characteristics are 

different from other regions. 

H0: 𝛽𝑗(𝑢𝑖 , 𝑣𝑖) = 0 (Independent variables do not affect 

MMR) 

H0: 𝛽𝑗(𝑢𝑖 , 𝑣𝑖)  ≠ 0 (Independent variables affect MMR) 

The significant test of the RGWR model parameters is 

obtained by comparing the tstatistics value and the ttable 

value. The ttable = t(0.025;29) = 2.045, if the tstatistics value at the 

i-th location is greater than the ttable value, then the 

parameter is declared to have a significant effect on MMR 

at the i-th observation location. Based on Table 6, four 

groups of provinces in Indonesia can be formed based on 

the similarity of independent variables that have a 

significant effect on MMR. The grouping can be seen in 

Figure 2. 
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Figure 2. Provincial groups based on significant variables in the RGWR model. 

 

Figure 2 shows that there are four groups of provinces 

based on variables that significantly affect MMR in 

Indonesia in 2020. There are 16 provinces in the first 

group with a significant variable is the percentage of 

pregnant women at risk of chronic energy deficiency (X8). 

there are 7 provinces in the second group with significant 

variables are the percentage of health centers conducting 

classes for pregnant women (X6) and the variable 

percentage of pregnant women at risk of chronic energy 

deficiency (X8). there is only 1 province in the third group 

with significant variables are the percentage of pregnant 

women at risk of chronic energy deficiency (X8) and the 

variable number of waiting for births (X9). there are 10 

provinces in the last group with no significant variables 

that affect MMR in Indonesia in 2020. 

5. Conclusions 

The application of RGWR analysis in identifying factors 

influencing MMR in Indonesia for the year 2020 has 

yielded notable insights. The findings reveal that among 

the various RGWR models tested, the Exponential Fixed 

Kernel weighting function, utilizing the Least Absolute 

Deviation method, exhibited superior performance with 

the smallest AIC value. This led to the derivation of 34 

distinct models for each province in Indonesia. There are 

4 groups of provinces based on significant variables, 

where each province in Indonesia that are close together 

tend to have similarities in variables that significantly 

affect maternal mortality rates. However, this study is not 

without limitations. The analysis is confined to data 

available for the year 2020, potentially limiting the 

comprehensive understanding of long-term trends or 

dynamic changes over time. Additionally, while the 

identified variables are significant, other contextual or 

socio-economic factors that were not part of this study 

could also influence MMR. 

Moving forward, future research endeavors could 

encompass a broader temporal scope, capturing trends 

over multiple years, to offer a more comprehensive 

understanding of evolving patterns in MMR and its 

influencing factors across Indonesia. Furthermore, 

exploring additional variables and incorporating socio-

cultural or healthcare infrastructure factors might enrich 

the depth of analysis, providing a more holistic 

perspective on maternal healthcare challenges and 

effective intervention strategies. Moreover, employing 

advanced modeling techniques or integrating 

multidisciplinary approaches could enhance the accuracy 

and applicability of the predictive models, facilitating 

more targeted and effective policy-making in maternal 

healthcare 
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