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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 (x;), those participating in the K4 program (x,), 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 u > 0, which
indicates the number of events occurring within a specified time period or spatial area, is given by

the following equation [18]:



RISKA NURAINUN FADHILAH, ANNA ISLAMIYATI, NIRWAN

e_uuy
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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:

=2 pt=2 i(ydn(%)—(yi—m) @

y; Is the observed response variable, ¥, is the Poisson regression estimate, db = n —p with p
representing the number of parameters, n the number of observations and D? is the deviance
value. If ¢ > 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]:

Hy : o2 =0%=-=¢2=0? (homoscedasticity)
H, : atleastthere isone o7 # o2 (heteroscedasticity)
1 1\ [e"TWe
BP = ()22 2f + () (U—) ~Xfirn) 3)
vector fis,

et
fi=(7e-1)

where e; is the residual at the i-th data point location, Z is an n x (k + 1) comprising
standardized vectors corresponding to each observation with k representing the number of

predictor variables, o2 is the residual variance (e;), T is the trace of [WTW + W?], and W is the
weighting matrix between observation locations. Reject H, if BP > )((zk) or p —value < «a,
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



ANALYSIS OF MATERNAL MORTALITY

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(x)+ & 4

y; is the response variable, x; is the predictor variable, f(x;) is the regression curve that does
not follow a specific parametric form and ¢; 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:

m q
FGD = D Bixt + D B = KT ©)
k=0 h=1

The truncated function can be expressed as follows:
(xl' — Kh)m, ]lka X; = Kh
. —_— m =
N i ©®)

x; represents the value recorded for the i-thdata point, K, denotes the h-th knot point, m is
the orde and B 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:

1 o
it (v =)
GCV = @)

(o)

y; is the actual value of the i-th response variable, y; 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 w;; be the
spatial weight assigned to the observation at location j for the GWPR model at location i, the
spatial weight w;; based on the Fixed Gaussian Kernel function is given by:
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Where d;; = \/(bi — bj)2 + (¢ — cj)2 is the Euclidean distance between location (b;,c;) 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].

y;~ Poisson (u;)

with,

14
n; = exp| Bo(b;, Ci)Zﬁj(bi:Ci)xij + & 9)
j=1
where y; represents the observed value of the response variable at the i-th observation, x;;

denotes the value of the j-th predictor variable for the i-th observation, B;(b;,c;) is the
regression coefficient for j = 1,2, ...,p, (b;, c;) isthe coordinate point (latitude, longitude) of the
i-th location and ¢; 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:

5 m q
yi =exp| Bo(byc;) + Z Z Bpj(b;, Ci)xéi + Z Sp(m+ny (bis Ci)(xpi - Kph):_n + & (10)
p=1 \j=1 h=1

The equation above represents the GWPR-ST model with degree m and n regions. Its
components are defined as follows: y; is the response variable at location i for i =1,2,...,n,
xp; Isthe p-th predictor variable at location i for p = 1,2,...,5,and K, isthe h-th knot point
for the p-th predictor variable with h = 1,2, ...,q. Furthermore, B,(b; c;) is the intercept
parameter that depends on the geographic coordinates (b;,c;), fpj(b;c;) represents the

polynomial component parameter of GWPR for the p-th predictor variable at location i, and
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Spm+n)(bi, ¢;) s 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:
Ho: B1(by, ¢;) = B2(by, i) =...= Bi(by,¢;) =0
Hy: aminimum of one B,(b;,c;) # 0,p =1,2,...,j

Test Values:

R L(®) A _
D(f) = —2In <m> =2(InL(2) - InL (@) (11)

If the test statistic D(8) > x{, ;. then reject H, 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]:
Ho:ﬁp(bi,ci) =0,p=12,..,j
Hy: By(bic;) #0
Test Values:

P By (i, ci)
se (By(bicy))

If the test statistics |z| > Zayy, then reject H, this shows that the predictor variable

(12)

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 a = 0.05, the output from R-Studio
software yields a p,qme Of 0.24. Since pyawe > 0.05, the null hypothesis H, 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 ¢ of 1.82 (¢ > 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

Pvawe 0.04. Since the Breusch-Pagan value exceeds X(20,05;3) and the pyqume 1S Smaller than

a = 0.05, reject Hy, This indicates the presence of spatial heterogeneity among regions, meaning

that the characteristics at each location vary.

» g > g > 8-

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 (x; 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 0.48
2 0.28
3 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.

9 = exp(Bo(by, ¢) + P11 (by, c)x1; + Par (by, €)xzi + a1 (by, c)xs

+ Sll(bifci)(xli —Kij3) + 821(bi: c;)(x2; — Ka3) 4
+ 831(by, ;) (xe3; — K33)+)

(13)

The following is one example of the GWPR-ST model, written for the 11th location, which
corresponds to Barru Regency.

~

yi = eXp (976 - O'Olejll - 0.08X2;11 - 0.12.X3‘.11 - 4‘.34‘(.76'1;11 - 9329)+

(14)
+18.87(xz11 — 98.03), — 14.92(x511 — 1.29)+)

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() XGo0,05:3) Pvatue Hypothesis

10.32 7.82 0.02 Reject H,
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Based on Table 3, the test statistic value is D(f) = 10.32 > x{) 5.3y = 7-82, OF Pyarue =

0.02 < a = 0.05, therefore the null hypothesis is to reject H,. 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.

South Sulawesi Province
2020
N

A

Significant Variables

- x1x2x3
- x1x3
. X2 X3

x3

sj0km N TN )

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 x;,x, dan xs. In areas like Sinjai, Maros,
Luwu Utara, Luwu Timur, Toraja Utara, and Palopo, maternal mortality is affected by a
combination of factors x;, x, dan x;. Meanwhile, in Pangkep and Bone, the factors that affected
maternal mortality are limited to x; dan x5;. On the other hand, regions such as Bulukumba,
Bantaeng, Jeneponto, Takalar, Gowa, Luwu, Tana Toraja, and Makassar are more affected by
factors x, dan x;. Lastly, in Selayar, Barru, Soppeng, Wajo, Sidrap, Pinrang, Enrekang, and

Pare-Pare, the primary factor affecting maternal mortality is xs.
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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 R? = 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.

CONFLICT OF INTERESTS
The authors confirm that there is no conflict of interests.

REFERENCES

[1] R. Maity, Regression Analysis and Curve Fitting, in: Statistical Methods in Hydrology and Hydroclimatology.
Springer Transactions in Civil and Environmental Engineering, Springer, Singapor, (2018).
https://doi.org/10.1007/978-981-10-8779-0_7

[2] S. Shekhar, H. Xiong, Spatial Analysis, in: S. Shekhar, H. Xiong, (eds) Encyclopedia of GIS. Springer, Boston,
(2008). https://doi.org/10.1007/978-0-387-35973-1 1240

[3] A.S. Fotheringham, C. Brunsdon, M. Charlton, Geographically Weighted Regression: The Analysis of Spatially
Varying Relationships, Wiley, 2002.

[4] Q. Zhao, Q. Fan, P. Zhou, An Integrated Analysis of Gwr Models and Spatial Econometric Global Models to
Decompose the Driving Forces of the Township Consumption Development in Gansu, China, Sustainability 14
(2021), 281. https://doi.org/10.3390/su14010281.

[5] Fitriayu, A. Islamiyati, E.T. Herdiani, Regional Classification Based on Maternal Mortality Rate Using a Robust
Semiparametric Geographically Weighted Poisson Regression Model, Commun. Math. Biol. Neurosci. 2024
(2024), 131. https://doi.org/10.28919/cmbn/8783.

[6] D.R.S. Saputro, A. Susanti, N.B.l. Pratiwi, The Handling of Overdispersion on Poisson Regression Model with
the Generalized Poisson Regression Model, AIP Conf. Proc. 2326 (2021), 020026.
https://doi.org/10.1063/5.0040330.

[7] T. Nakaya, A.S. Fotheringham, C. Brunsdon, M. Charlton, Geographically Weighted Poisson Regression for
Disease Association Mapping, Stat. Med. 24 (2005), 2695-2717. https://doi.org/10.1002/sim.2129.

[8] R.L.Eubank, Spline Smoothing and Nonparametric Regression, Marcel Dekker, Inc, New York, 1988.



12

[9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]
[18]

[19]

[20]

[21]

RISKA NURAINUN FADHILAH, ANNA ISLAMIYATI, NIRWAN

R.L. Eubank, Nonparametric Regression and Spline Smoothing, CRC Press, 1999.
https://doi.org/10.1201/9781482273144.

R. Putra, M.G. Fadhlurrahman, undefined. Gunardi, Determination of the Best Knot and Bandwidth in
Geographically Weighted Truncated Spline Nonparametric Regression Using Generalized Cross Validation,
MethodsX 10 (2023), 101994. https://doi.org/10.1016/j.mex.2022.101994.

Sifriyani, Haryatmi, I.N. Budiantara, Gunardi, Geographically Weighted Regression with Spline Approach, Far
East J. Math. Sci. 101 (2017), 1183-1196. https://doi.org/10.17654/ms101061183.

Sifriyani, I.N. Budiantara, K.P. Candra, M. Putri, Selection of Optimal Knot Point and Best Geographic
Weighted on Geographically Weighted Spline Nonparametric Regression Model, MethodsX 13 (2024), 102802.
https://doi.org/10.1016/j.mex.2024.102802.

S.W. Tyas, undefined. Gunardi, L.A. Puspitasari, Geographically Weighted Generalized Poisson Regression
Model with the Best Kernel Function in the Case of the Number of Postpartum Maternal Mortality in East Java,
MethodsX 10 (2023), 102002. https://doi.org/10.1016/j.mex.2023.102002.

A. Islamiyati, A. Kalondeng, N. Sunusi, M. Zakir, A.K. Amir, Biresponse Nonparametric Regression Model in
Principal Component Analysis with Truncated Spline Estimator, J. King Saud Univ. - Sci. 34 (2022), 101892.
https://doi.org/10.1016/j.jksus.2022.101892.

A. Islamiyati, Spline Longitudinal Multi-Response Model for the Detection of Lifestyle- Based Changes in Blood
Glucose of Diabetic Patients, Curr. Diabetes Rev. 18 (2022), e171121197990.
https://doi.org/10.2174/1573399818666211117113856.

A. Islamiyati, N. Chamidah, Changes in Blood Glucose 2 Hours after Meals in Type 2 Diabetes Patients based
on Length of Treatment at Hasanuddin University Hospital, Indonesia, Rawal Med. J. 45 (2020), 2-5.

W. Thompson, Poisson Distributions, Comput. Sci. Eng. 3 (2001), 78-82. https://doi.org/10.1109/5992.919271.
P.C. Consul, G.C. Jain, A Generalization of the Poisson Distribution, Technometrics 15 (1973), 791-799.
https://doi.org/10.1080/00401706.1973.10489112.

A. Cameron, P.K. Trivedi, Regression-based Tests for Overdispersion in the Poisson Model, J. Econ. 46 (1990),
347-364. https://doi.org/10.1016/0304-4076(90)90014-k.

G. Geniaux, D. Martinetti, A New Method for Dealing Simultaneously with Spatial Autocorrelation and Spatial
Heterogeneity in Regression Models, Reg. Sci. Urban Econ. 72 (2018), 74-85.
https://doi.org/10.1016/j.regsciurbeco.2017.04.001.

A.T.R. Dani, V. Ratnasari, I.N. Budiantara, Optimal Knots Point and Bandwidth Selection in Modeling Mixed
Estimator Nonparametric Regression, IOP Conf. Ser.: Mater. Sci. Eng. 1115 (2021), 012020.
https://doi.org/10.1088/1757-899x/1115/1/012020.



13
ANALYSIS OF MATERNAL MORTALITY

[22] J.A. Yacim, D.G.B. Boshoff, A Comparison of Bandwidth and Kernel Function Selection in Geographically
Weighted Regression for House Valuation, Int. J. Technol. 10 (2019), 58.
https://doi.org/10.14716/ijtech.v10i1.975.

[23] S. Sifriyani, Simultaneous Hypothesis Testing of Multivariable Nonparametric Spline Regression in the Gwr
Model, Int. J. Stat. Probab. 8 (2019), 32-46. https://doi.org/10.5539/ijsp.v8n4p32.

[24] AR.M. Sari, S. Sifriyani, M.N. Huda, Regression Nonparametric Spline Estimation on Blood Glucose of
Inpatients Diabetes Mellitus at Samarinda Hospital, BAREKENG: J. llmu Mat. Ter. 17 (2023), 0147-0154.
https://doi.org/10.30598/barekengvol17iss1pp0147-0154.



