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ABSTRACT. Maternal Mortality Rate (MMR) is a key public health indicator that reflects spatial variation across
districts in East Java. This study aims to model the spatial distribution of MMR using Geographically Weighted
Poisson Regression (GWPR) with an Adaptive Gaussian Kernel weighting function. Secondary data were obtained
from the 2022 East Java Provincial Health Profile, covering 38 districts and municipalities. The results indicate that
GWPR outperforms the classical Poisson regression. The intercept 5=2.889 (exp=17.95) suggests an average of 18
maternal deaths in the absence of predictor effects. The coverage of the fourth antenatal care visit (K4) has a significant
negative effect (3=-0.027; exp = 0.973), indicating that a 1% increase in K4 coverage reduces MMR by approximately
2.7%. Conversely, obstetric complications managed by midwives show a significant positive effect (3= = 0.0173; exp
= 1.017), meaning that a 1% increase in complications raises MMR by 1.7%. Other predictors—first antenatal care
visit (K1), iron—folic acid (IFA) supplementation, and number of health workers—are not statistically significant. This
study underscores the importance of expanding K4 coverage and strengthening complication management as priority
strategies to reduce maternal mortality. Furthermore, GWPR-based mapping enables more targeted maternal health

interventions tailored to local characteristics.

1. Introduction

Regression analysis is a statistical approach used to exam-
ine the effect of predictor variables on a response variable. When
the response variable Y follows a Poisson distribution, the appro-
priate model is Poisson regression. This model is widely applied
to count data, particularly when the events of interest are rela-
tively rare within a large sample space.

A key extension of Poisson regression is Geographically
Weighted Poisson Regression (GWPR), a local modeling technique
designed to capture spatial heterogeneity in count data. GWPR
has been extensively applied in epidemiology, ecology, and social
sciences to address cases where relationships between predictors
and outcomes vary across space. Unlike the classical Poisson re-
gression model, which assumes global and spatially invariant as-
sociations between predictors and the outcome, GWPR estimates
location-specific parameters by incorporating spatial weighting
functions. These weights depend on the geographic distance
between observations, allowing the model to capture localized
variations in the underlying processes.

The selection of an appropriate weighting function is crit-
ical in GWPR. One widely used approach is the Adaptive Gaus-
sian Kernel, where the bandwidth is adjusted according to the
density of nearby observations. The optimal bandwidth is typi-
cally determined using cross-validation [1]. Adaptive kernels em-
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phasize data points closer to the target location while assigning
smaller weights to more distant observations, thereby improving
the model’s sensitivity in detecting local spatial variations.

GWPR has gained increasing application in health research,
particularly for mapping disease risk, identifying risk factors, and
informing evidence-based interventions. Previous studies, for ex-
ample, applied GWPR to map the distribution of dengue fever in
Bojonegoro Regency 2], comparing several kernel functions in-
cluding Fixed Gaussian, Fixed Bi-square, Adaptive Bi-square, and
Adaptive Gaussian. However, this study was limited to a single
regency and primarily focused on evaluating kernel performance
(3]

In contrast, the present study focuses on maternal mortal-
ity, one of the most critical indicators of population health. Ac-
cording to [4], East Java is among the provinces with the highest
maternal mortality cases in Indonesia. Data from the 2020 Pop-
ulation Census long form recorded 184 maternal deaths, which
increased to 499 cases in 2022 [5]. Maternal mortality is strongly
associated with antenatal care (ANC) practices. Women with
fewer than four ANC visits are estimated to have a 2.786 times
higher risk of maternal death compared to those with adequate
ANC [6]. ANC coverage—particularly the first antenatal visit
and the fourth antenatal visit—serves as a crucial indicator for
monitoring maternal health [6]. Physiological and pathological
changes during pregnancy require timely medical attention, mak-
ing both health worker supervision and maternal awareness crit-
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ical for safe pregnancies [7].

The factors influencing maternal mortality differ across re-
gencies/cities. For example, coverage of the first antenatal visit is
generally high, but the fourth antenatal visit remains challenging
to monitor due to limited outreach and health education efforts
[8]. In 2022, 13 regencies/cities achieved full coverage for the
first antenatal visit, whereas several areas reported coverage be-
low 100%. Such uneven distribution highlights the need for spa-
tial modeling to better capture geographic disparities in maternal
mortality determinants.

This study applies GWPR with an Adaptive Gaussian Ker-
nel to model the spatial distribution of maternal mortality across
38 regencies/cities in East Java. The novelty of this research lies
in its province-wide application of GWPR for maternal mortality,
which has not been previously conducted at this scale. Beyond
methodological contributions to spatial modeling, the findings
are expected to provide practical insights for maternal health pol-
icy, enabling local governments to design more geographically
tailored interventions.

2. Methods and Materials
2.1. Data and data sources

This study draws on secondary data from the 2022 East
Java Province Health Profile. The dataset includes geographical
coordinates—Iatitude and longitude—for each regency and city
in East Java. The analysis covers 29 regencies and 9 cities, totaling
38 regions across the province. The variables used in this study
consist of one response variable and five predictors, as follows:
1. respons variable (Y)
The number of maternal death cases in 38 regencies/cities
in East Java Province. Maternal deaths are defined as deaths
occurring during pregnancy, childbirth, or within 42 days of
pregnancy termination, irrespective of the pregnancy dura-
tion or outcome, due to causes directly or indirectly related
to pregnancy. The data reflect annual counts recorded at
the regencyycity level.
2. predictor variables (X)

2.2. Analytical methods

1. exploratory spatial data analysis (ESDA)
ESDA is employed to explore patterns, relationships, or
structures within spatial data. It aims to reveal spatial het-
erogeneity and spatial autocorrelation that may exist in the
data prior to conducting quantitative modeling [9]. Visu-
alization techniques such as maps, diagrams, and plots are
used to identify spatial trends.

2. Poisson regression
Poisson regression is used to model the number of events
occurring in a given time or spatial interval [10]. The Poisson
distribution describes the probability of observing a given
number of events within an interval, under the assumption
of independence and a constant average rate (\). The prob-
ability mass function of the Poisson distribution is given in
eq. (1) [2]:

,)\Ay
P(Y:y):i" y:Oa]-an"'
v (1)

i = exp(X;0)
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Xj: The percentage of pregnant women attending their first
antenatal care visit (K1) — the proportion of pregnant
women who attended their first visit to a health facility
for antenatal care provided by qualified health person-
nel.

X5 : The percentage of pregnant women attending their
fourth antenatal care visit (K4) — the proportion of preg-
nant women who attended at least four antenatal visits
to a health facility, in accordance with ANC service stan-
dards.

X3: Percentage of women receiving iron—folic acid (IFA) sup-
plementation — the proportion of pregnant women who
consumed at least 90 IFA tablets during pregnancy as
part of anemia prevention and management efforts.

X, : Percentage of maternal complications managed by mid-
wives — the proportion of pregnant, delivering, or post-
partum women who experienced complications and re-
ceived care from midwives in line with professional stan-
dards.

X5 : The percentage of available medical personnel —the pro-
portion of medical personnel (physicians, midwives, nur-

ses, and other health professionals) relative to the pop-
ulation or healthcare needs within a regency/city.

u; : Latitude for each regency/city.

v; :  Longitude for each regency/city.

3. geographically weighted Poisson regression

GWPR extends classical Poisson regression by estimating pa-
rameters locally for each observation. In this framework, the
response variable depends on predictor variables whose co-
efficients vary geographically [11]. Each observation is asso-
ciated with spatial coordinates (u;, v;), and parameter esti-
mation incorporates spatial weights based on the distance
between locations. The GWPR model is expressed in eq. (2)
[12]:

y; ~ Poisson(fs;)

P (2
i = exp | Bo(us, vi) + Zﬂj(uiyvi)xij

=1

Notes:

i+ expected value of the response variable at
observation i
x;5+ observed value of predictor variable j at ob-
servation
1+ spatial coordinate (latitude) of observation i
v; : spatial coordinate (longitude) of observa-
tion i

Bj(u;,v;) :  regression coefficient of predictor variable j
at location (u;, v;)
(uj,v;):  geographic coordinates (latitude and longi-

tude) of location i

Model parameters are estimated using Maximum Likelihood
Estimation (MLE) with spatial weighting [13]. Parameter
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testing is conducted to identify significant predictors at each
location [14].

Parameter testing in the GWPR model aims to identify which
parameters significantly influence the response variable at
each location. The hypotheses used for parameter testing
in the GWPR model are formulated as follows:

HO : ﬁj(ui,vi) = 0
Hy 2 Bj(ug,vi) #0

The test statistic is expressed in eq. (3):

B;(ui, vi)
se (Bj(ui, UZ))

ti =

se (BJ (w4, vi)> =4/ var (Bg (i, Uz‘))

= \/&2 (XTW (ug, v)X) "

. bandwidth Bandwidth represents the spatial boundary
around a location, within which neighboring points are con-
sidered to contribute to parameter estimation at that loca-
tion [15]. The value of the bandwidth determines the ex-
tent to which distance influences weighting: observations
closer to the target location receive larger weights, while
those farther away receive smaller weights [16]. If the band-
width is too large, the assigned weights become very small,
approaching global estimation [17]. Conversely, if the band-
width is too small, the resulting weights tend to be exces-
sively large. Adaptive Gaussian Kernel In the local band-
width approach, the bandwidth at each observation iii may
vary depending on the number of nearest neighbors. When
kkk nearest neighbors are used, the bandwidth at location
i, denoted as b; is determined by the distance from location
i to its k nearest neighbor, as expressed in eq. (4) [18]:

_ 40
bi - d(k) (4)
Notes:

dEQ) : distance from location iii to its kkk-th nearest neig-
hbor, ordered by proximity
k : number of nearest neighbors specified

1 : target location

Therefore, the cross-validation (CV) method is applied to de-
termine the optimal bandwidth, as expressed in eq. (5) [19]:

n

CV(h) =Y (yi — iz (h))? (5)

=1

y=;(h) the predicted value of yiy;yi obtained by excluding
observation at location (u;, v;).
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adaptive kernel Gaussian

The weighting function produces parameter estimates that
vary across locations [20]. The weight matrix at location ¢
with coordinates (u;, v;) is denoted as w(u;, v;). If location
j is situated at coordinates (u;, v;), the Euclidean distance
(dij) between locations ¢ and j is calculated as shown in
eq. (6):

dij = \/((ul — ’Ltj)2 + (Ui — Uj)Q) (6)

The adaptive kernel approach allows each observation point
to have a bandwidth value that varies according to its local
characteristics [21]. This flexibility arises because the adap-
tive kernel method adjusts to the distribution of the obser-
vation points [22]. The Adaptive Gaussian Kernel weighting
function is formulated in eq. (7):

Wi = 655?(—(%)2) (7)

Notes:

i : Spatial weight between location ¢ and location j

i : Distance between location ¢ and location j

b; : Local bandwidth at location 7, defined as the distan-
ce to the k-th nearest neighbor, where £ is the num-
ber of neighbors specified

. model validation

After estimating the GWPR model, it is necessary to examine
whether spatial autocorrelation remains in the residuals [4].
The purpose of this validation is to ensure that the residuals
do not exhibit significant spatial patterns [23]. If no spatial
autocorrelation is detected, the model can be considered
adequate in explaining the spatial variation in the data [24].

Research Steps
The analysis was conducted using R software, following a

structured approach:

vi.
vii.

Testing whether the response variable Y follows a Poisson
distribution using the Kolmogorov-Smirnov test

. Conducting an overdispersion test
iii. Detecting multicollinearity among predictor variables using

the Variance Inflation Factor (VIF) criterion
Performing simultaneous and partial tests
Constructing a Poisson regression model, including param-
eter estimation and significance testing
Testing for spatial heterogeneity and spatial dependence
Developing the GWPR model through the following steps:
a. Calculating Euclidean distances between observation
points based on geographic coordinates
b. Determining the optimal bandwidth using the cross-
validation (CV) method
c. Computing the weighting matrix using the Adaptive
Gaussian Kernel function
d. Testing the equivalence of the GWPR model with the
Poisson regression model

Volume 6 | Issue 4 | December 2025
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e. Conducting spatial and simultaneous parameter test
f. Obtaining the final model
1. Drawing conclusions based on the analysis results.

3. Results and Discussion
3.1. Exploratory spatial data analysis (ESDA)

East Java Province is located in the eastern part of Java Is-
land, covering a land area of 47,803.39 km? and consisting of 29
regencies and 9 cities.

As shown in Figure 1, lighter colors on the map represent
lower maternal mortality, while darker red indicates higher ma-
ternal mortality across regencies/cities in East Java. The spatial
distribution map reveals that Jember Regency recorded the high-
est maternal mortality, with 19 cases, marked in dark red. In
contrast, regencies with relatively low maternal mortality, such
as Mojokerto and Kediri, are shown in light pink.

3.2. Testing the assumption of no multicollinearity

Multicollinearity occurs when there is a significant correla-
tion between predictor variables [25]. One of the assumptions of
Poisson regression is the absence of multicollinearity among pre-
dictor variables. This assumption was tested using the Variance
Inflation Factor (VIF) criterion. If the VIF value exceeds 10, mul-
ticollinearity is present, indicating a strong relationship between
predictor variables.

Table 1. VIF Values of Predictor Variables

Variable  VIF Value

X1 1.374
Xo 1.299
X3 1.101
X4 1.297
X5 1.134

Based on Table 1, all predictor variables have VIF values
below 10, indicating no multicollinearity. Therefore, all vari-
ables can be used in the Poisson regression and Geographically
Weighted Poisson Regression (GWPR) modeling.

3.3. Poisson regression modeling

Poisson regression is used to model the relationship be-
tween predictor and response variables under the assumption
that the response variable Y follows a Poisson distribution, typi-
cally applied to count data.

1. parameter estimation in Poisson regression
Parameter estimation for the Poisson regression model was
performed using the Maximum Likelihood Estimation (MLE)
method, which maximizes the likelihood function to obtain
the estimated parameters.

Table 2. Parameter Testing in Poisson Regression Model

Parameter  Estimate  Standard Error Significance
Bo 2.699 1.492
b1 0.005 0.016 Not Significant
B2 -0.029 0.007 Significant
B3 -0.008 0.002 Significant
Ba 0.012 0.005 Significant
Bs <0.001 <0.001 Not Significant

Based on Table 2, the predictor variables X5, X3 and X, are

| Jambura J. Biomath

significant, while X; and X3 are not significant. Thus, the
Poisson regression model is as follows:

fi = exp(2.699 — 0.029X5 — 0.008X5 + 0.12X,  (8)

This model provides insights into the factors influencing ma-
ternal mortality rates in East Java. The findings indicate that
an increase in the percentage of pregnant women who com-
plete K4 antenatal care is associated with a reduction in ma-
ternal mortality, with the rate decreasing by 0.02990 for
each 1% increase in K4 coverage. Similarly, the consump-
tion of iron supplementation tablets by pregnant women
also contributes to a decline in maternal mortality, with a de-
crease of 0.007792 for every 1% increase in adherence to this
supplementation. Conversely, the presence of midwifery
complications has the opposite effect, as a 1% increase in
complications is associated with a rise in maternal mortality
by 0.011532.

. testing the parameters of the Poisson regression model

Testing the parameters of the Poisson regression model is
essential to determine the influence of each parameter on
the model at a given level of significance. This process in-
volves both simultaneous and partial tests.

Table 3. Parameter Testing in Poisson Regression Model

Deviance Db AIC
25.928 6 196.36

Table 4. Parameter Estimates for the Poisson Regression

Model

Parameter  Zcgiculate Decision
Bo 1.809 Fail to reject Hp
51 0.317 Fail to reject Hy
B2 -4.161 Reject Hp
B3 -2.465 Reject Hyp
Ba 2.129 Reject Hyp
Bs 1.423 Fail reject Hp

(a) simultaneous testing
Simultaneous testing was conducted using the de-
viance value, x2, which approximates a chi-square dis-
tribution with degrees of freedom (n — k — 1). The
decision rule states that the null hypothesis H should
be rejected if D(3) > X2.n_j_1 at a significance level
of « = 0.05.
Based on Table 3, the deviance value of 25,928 >
X%O’Of)ﬁ)exceeds the chi-square critical value X%0,05;6)
= 12.592. Consequently, Hy. is rejected, indicating
that the Poisson regression model is appropriate for
modeling the relationship between the response vari-
able and predictor variables.

(b) partial testing
Partial testing assesses the significance of each esti-
mated parameter individually. The decision criterion
states that Hy should be rejected if |Zcaicuiated| >
ZOC/2'
According to Table 4, Z.qicutateq Values for parameters
B2,083 and B4 exceed the critical value > Z; o5, indi-
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Figure 1. Map of East Java Province

cating that these parameters significantly influence the
model. In contrast, parameters 3; and (5 are not sta-
tistically significant.

3.4. Geographically weighted Poisson regression (GWPR) model

GWPR is an extension of the Poisson regression model that
estimates parameters locally for each geographic location where
the data follow a Poisson distribution. Given the variations in
maternal mortality cases across different districts and cities, the
factors influencing maternal mortality rates in East Java differ by
region. Therefore, GWPR analysis is necessary to account for spa-
tial heterogeneity in the relationship between maternal mortality
and its determinants.

1. adaptive Gaussian kernel weighting function
The weighting function in GWPR provides distinct param-
eter estimates for different locations. In spatial analysis,
the estimated parameter for a given location ¢ is more influ-
enced by nearby points than by distant ones. The adaptive
kernel method allows for varying bandwidths for each ob-
servation, enabling the model to adjust to the specific con-
ditions of each observation point. This adaptability ensures
a more accurate representation of spatial variations in ma-
ternal mortality rates.
The optimal bandwidth was determined using the Cross-
Validation (CV) method. The optimal bandwidth values for
each district/city were obtained using the Adaptive Gaussian
Kernel function. The optimal bandwidth value was found to
be 0.368438. This bandwidth value was used to generate
the weighting matrix for each district/city using the Adap-
tive Gaussian Kernel function.

2. Gaussian adaptive parameter testing of the GWPR model
with adaptive Gaussian kernel weighting
Parameter testing of the GWPR model was conducted to
determine which parameters significantly influenced the re-
sponse variable at each location.
To illustrate these differences more clearly, two regions
were selected as representative models with contrasting
characteristics. Jember City was identified as the area with
the highest maternal mortality, thus its model reflects con-
ditions that require the greatest policy attention and inter-

| Jambura J. Biomath

vention. In contrast, Probolinggo Regency was chosen as
a benchmark region because it shows relatively large ab-
solute coefficient values for the fourth antenatal visit (X5)
and complications handled by midwives (X4). These find-
ings indicate that both predictors significantly affect mater-
nal mortality in the local model, with consistently high beta
values that demonstrate parameter stability. The following
presents the GWPR model for Jember City.

HJemberReg = EXP(2.889 — 00004X1 — 0.027X2
—0.009X3 + 0.017X,4 4+ 0.00001 X5

Based on the model, two variables were found to be signif-
icant: the fourth antenatal visit and complications handled
by midwives. The intercept 5y = 2,889(exp = 17,95) indi-
cates an average of approximately 18 maternal deaths, con-
sistent with secondary data showing 19 deaths in Jember
City, the highest in East Java.

The coefficient for the fourth antenatal —0,027(exp =
0,973) suggests that a 1% increase in coverage reduces ma-
ternal mortality by 2.7%. Conversely, the coefficient for com-
plications handled by 0,017 (exp = 1,017) implies that a 1%
increase in complications is associated with a 1.7% rise in
maternal mortality. These findings emphasize the impor-
tance of expanding the coverage of the fourth antenatal visit
for early risk detection, as well as strengthening the manage-
ment of pregnancy complications by healthcare providers.
Thus, improving the quality of antenatal care services re-
mains a key strategy for reducing maternal mortality in East
Java.

Probolinggo Regency, on the other hand, represents a region
with a more stable model.

UProbReg = €xp(3.046 — 0.0005X; — 0.028X,
—0.028X3 4+ 0.018X4 + 0.00001.X5

Based on the GWPR model in Probolinggo Regency, two pre-
dictors were identified as significant: the fourth antenatal
visit and complications handled by midwives. A 1% increase
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Figure 2. Classified GWPR Models
Table 5. Parameter Estimates for the GWPR Model
Regency/City Bo(uisvi)  Pr(ui,vi)  Ba(ui,vi)  Ba(wi,vi)  Balui,vi)  Bs(wi,vq)
Pacitan Regency 2.448539 0.014437 -0.031697 -0.006073 0.005141 0.00008949
Ponorogo Regency 2.568613 0.015989 -0.032432  -0.004727 0.001894  0.00008448
Trenggalek Regency 2.582818 0.155587 -0.032398 -0.004856 0.002254 0.00008947
Tulungagung Regency 2.646887 0.0149013  -0.032534 -0.004749 0.001934 0.00009294
Blitar Regency 2.794564 0.004057 -0.029801 -0.008207 0.011831 0.00009664
Kediri Regency 2.916258 0.014934 -0.030916 0.002932 -0.001528  0.00008916
Malang Regency 2.744697 0.005915 -0.030916  -0.007311 0.001545  0.00001633
Lumajang Regency 2.833358 -0.002153 -0.028119 -0.009218 0.017028 0.00010853
Jember Regency 2.798434 -0.002383  -0.027274  -0.009515 0.016009  0.00010680
Banyuwangi Regency 2.708937 -0.000361 -0.027411 -0.009384 0.016973 0.00010144
Bondowoso Regency 2.831868 -0.002506  -0.027626  -0.009463  0.0169731  0.00010497
Situbondo Regency 2.854968 -0.002831 -0.027690 -0.009482 0.017088 0.00010400
Probolinggo Regency 2.957923 -0.004349 -0.028375 -0.009380 0.017777 0.00010479
Pasuruan Regency 2.599403 0.016231 -0.032569 -0.004428 0.001211 0.00008381
Sidoarjo Regency 2.744820 0.015159 -0.029969 -0.004125 0.001777 0.00008136
Mojokerto Regency 3.234859 0.012727 -0.034222  -0.002595  -0.002509  0.00008809
Jombang Regency 3.269505 0.008530 -0.034426 -0.004192 0.004983 0.00008459
Nganjuk Regency 3.494882 0.005311 -0.034578  -0.004720 0.004893  0.00009488
Madiun Regency 3.377204 0.002578 -0.034020 -0.005577 0.010702 0.00009185
Magetan Regency 3.352079 0.001004 -0.033479  -0.005211 0.010309  0.00009886
Ngawi Regency 3.190621 -0.003465  -0.030909  -0.008524 0.017103  0.00001158
Bojonegoro Regency 3.097855 -0.003569 -0.030496 -0.009150 0.016423 0.00010119
Tuban Regency 2.693928 -0.002239  -0.029303  -0.009300 0.015046  0.00010650
Lamongan Regency 2.890064 0.014970 -0.033307 -0.003126 -0.001176 0.00008686
Gresik Regency 2.716102 0.012526 -0.032460  -0.005168 0.002921 0.00009972
Bangkalan Regency 2.913900 0.004942 -0.031337 -0.006395 0.004195 0.00010127
Sampang Regency 3.039950 -0.008009  -0.031148  -0.007428 0.009161 0.00010951
Pamekasan Regency 3.240028 0.001474 -0.033811 -0.005426 0.009617 0.00009096
Sumenep Regency 3.293668 0.012018 -0.034541 -0.004687 0.009274 0.00008971
Kediri City 3.340878 0.013001 -0.034819  -0.008361 -0.004097  0.00008921
Blitar City 3.016679 0.014301 -0.033149 -0.009833 0.010488 0.00009871
Malang City 2.788452 0.016283 -0.029475  -0.003313  -0.001438  0.00007856
Probolinggo City 3.021354 0.003344 -0.034079 -0.009112 0.012064 0.00008874
Pasuruan City 3.020543 0.000804 -0.031549  -0.004986 0.001725  0.00008739
Mojokerto City 2.962847 0.017112 -0.032663 -0.004516 -0.001602 0.00008711
Madiun City 2.690377 0.016712 -0.032764  -0.003641 0.008034  0.00008767
Surabaya City 3.385441 0.003070 -0.033460  -0.005880 0.009821 0.00009877
Batu City 2.886440 0.006897 -0.032328 -0.005586 0.007767 0.00010611
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Table 6. Parameter Estimates for the Poisson Regression Model

Groups  Significant Variables  Regency/City
1 X2 and Xy Lumajang, Jember, Bondowoso, Situbondo, Probolinggo, Ngawi, Bojonegoro,
Tuban, Kota Probolinggo
2 Xo Pacitan, Ponorogo, Trenggalek, Tulungagung, Blitar, Kediri, Malang,

Banyuwangi, Pasuruan, Sidoarjo, Mojokerto, Nganjuk, Madiun, Magetan,
Lamongan, Gresik, Bangkalan, Sampang, Pamekasan, Sumenep, Kediri City,
Blitar City, Malang City, Pasuruan City, Madiun City, Surabaya City, Batu City.

in fourth antenatal visit coverage reduces maternal mortality
by 2.8% (exp = 0.972), while a 1% increase in complications
raises maternal mortality by 1.8% (exp = 1.018). This high-
lights the critical role of the fourth antenatal visit in provid-
ing comprehensive pregnancy monitoring, while also con-
firming that the high incidence of complications managed by
midwives substantially increases the risk of maternal death.
Meanwhile, the first antenatal visit, IFA supplementation,
and number of health workers were not statistically signifi-
cant in the model, yet they remain relevant in practical con-
texts. The first antenatal visit is essential for early risk de-
tection, IFA supplementation helps prevent anemia that may
trigger complications, and health workers serve as the main
providers of maternal health services. The GWPR models
were classified into two groups based on the predictor vari-
ables that significantly influenced the average maternal mor-
tality rate, as illustrated in Figure 2.

4. Conclusion

GWPR) model with Adaptive Gaussian Kernel weighting
effectively captures the spatial variation of maternal mortality
across regencies/cities in East Java. The results show that the ef-
fects of predictor variables differ geographically, indicating that
the relationship between predictors and maternal mortality is not
global but location-specific.

Overall, two predictors consistently exhibited significant
effects: coverage of the fourth antenatal visit, which reduces ma-
ternal mortality, and complications handled by midwives, which
increase the risk of maternal death. Other predictors—namely
the first antenatal visit, iron—folic acid (IFA) supplementation, and
number of health workers—were not statistically significant but
remain practically relevant in maternal health programs.

This study has several limitations, including reliance on sec-
ondary data from a single year, which does not capture temporal
dynamics of maternal mortality, and a limited set of predictors
that may not fully reflect broader social, economic, and cultural
determinants. Future studies are recommended to employ panel
data with a wider range of predictors to develop more compre-
hensive spatial models.

The findings reinforce the importance of improving the
quality of antenatal care services, particularly by expanding cov-
erage of the fourth antenatal visit and strengthening the manage-
ment of obstetric complications in primary healthcare facilities.
By applying GWPR-based mapping, local governments can design
geographically targeted interventions that are more responsive
to regional characteristics, thereby contributing to more effec-
tive reductions in maternal mortality.
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