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Severe stunting, or very short stature among children, remains a critical public
health concern in Central Java Province. Robust statistical modelling is essential to
identify the key factors associated with these cases and to guide targeted
interventions. This study employs count regression models with an offset variable
to analyze the factors influencing severe stunting cases across districts in Central
Java. By using 2023 official data in districts level taken from the Ministry of Home
Affairs and the Statistics Indonesia, we initially utilize a Poisson regression model
in this study. However, due to evidence of overdispersion, a Negative Binomial
regression model was adopted. Backward elimination was then applied to obtain
the most parsimonious model. The Negative Binomial regression successfully
addressed overdispersion. Five factors were identified as having a statistically
significant influence on severe stunting cases: (1) the proportion of pregnant
mothers with Chronic Energy Deficiency receiving nutritious food supplements, (2)
the percentage of toddlers (6-23 months) receiving complementary nutritious
food, (3) the proportion of households with access to good sanitation, (4) Gross
Domestic Product per capita, and (5) the number of local healthcare facilities. These
factors have negative relation to the stunting rates, meaning improving these
factors will reduce the rates of severe stunting. The findings provide a validated
statistical model for severe stunting and offer clear policy directions. To mitigate
severe stunting, local governments should prioritize: enhancing nutritious food
support for pregnant mothers and toddlers, improving household sanitation,
stimulating local economic growth, and increasing accessibility to healthcare
facilities.
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A. INTRODUCTION

*

Stunting is a form of chronic growth disorder in children caused by long-term malnutrition
and exposure to repeated infections, especially during the first 1,000 days of life. This disorder
not only affects the height of children who become much shorter than their age standards, but
also has implications for suboptimal brain development, cognitive delays, motor function

problems, and reduced learning abilities. This condition not only affects children’s linear
growth, but also leads to suboptimal brain development, cognitive delays, reduced learning
capacity, and increased risk of non-communicable diseases later in life, which in turn lowers
productivity and economic potential at adulthood (Soliman et al., 2021; Taslim et al., 2023).
Stunting is often associated with low socioeconomic conditions, poor access to nutritious food,
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inadequate sanitation, and repeated infections that worsen nutrient absorption (Santoso &
Pujianto, 2024). Within this broader condition, severe stunting (very short-for-age) represents
the most critical form of growth failure and therefore warrants specific analytical and policy
attention rather than being treated only as part of overall stunting prevalence.

Ministry of Health, Indonesia classified stunting in children into 2 groups: stunted children
and severely stunted children. Stunted children are under-5-year toddlers who have their z
score of height or weight ratio by age is lower than -2 standard deviation of other children in
the same age. The severe ones then those having z score lower than -3 standard deviation of
other children with same age (TN2PK, 2017). Various previous studies have shown many
factors influence stunting in children, yet few are focused on the severe group of stunting. One
of the significant factors influence stunting is the percentage of mothers with chronic energy
deficiency (CED) who have receive nutritional support which is said to be able to reduce risk of
child stunting, especially through improvements in maternal nutritional status before and
during pregnancy. Providing nutritious complementary foods to toddlers has also been proven
to be effective in reducing the prevalence of stunting. This could be done by increasing
nutritional intake during the golden period of child growth and development (Humphrey et al,,
2019). Another factor is to have access to good sanitation, for example closed toilets and
hygienic living. This may also be effective in reducing prevalence of stunting by minimizing the
risk of disease infection that can interfere with nutrient absorption (Rah et al., 2015). However,
most of this empirical evidence is still framed in terms of overall stunting, while specific
evidence focusing on severe stunting as the most extreme outcome remains relatively limited.

The National Team for the Acceleration of Poverty Reduction, under Office of Vice President,
Indonesia, associated stunting to the limited access of households to nutritious meals (TN2PK,
2017). Furthermore, FAO defines inability to access adequate food is linked to the level of
household income and consecutively produce annual indicator to monitor food price related to
people access to healthy diets (Food and Agriculture Organization, 2024). Thus, higher GDP per
capita should also supports stunting reduction through increased purchasing power for healthy
food and healthcare services, although its impact depends on the distribution of income and
education. A high Human Development Index (HDI) reflects better access to education, health
services, and income, which are significantly associated with stunting reduction (Johri et al,,
2016). In addition, adequate local healthcare facilities increase immunization coverage,
nutrition counselling, and community-based interventions that support optimal child growth
(Regulation of the Minister of Health of the Republic of Indonesia Number 2 of 2020 on Child
Anthropometry Standards, 2020). Taken together, these findings highlight that maternal
nutrition, child feeding, sanitation, economic capacity, human development, and access to
healthcare are key determinants that must also be examined specifically for severe stunting.

Modelling the factors that influence stunting is essential to understanding the complex
interactions between health, social, and economic aspects that contribute to this condition.
Stunting, especially the severe one, may not only be influenced by poor nutritional intake, but
also by various determinants such as maternal CED on mothers, complementary feeding,
sanitation quality, per capita income, human development index (HDI), and availability of
healthcare facilities (Dewi et al., 2019; Mulyani et al., 2025; Vaivada et al., 2020). By developing
a model which includes these factors, policymakers can identify the most effective intervention
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strategies, such as increasing maternal access to nutrition and health support, improving
sanitation infrastructure, and strengthening community health services(Kalinda et al., 2024).
Moreover, a well-specified model provides a quantitative basis to prioritise districts and cities
with the highest burden of severe stunting and to design targeted programmes that are tailored
to local needs, thereby supporting more efficient and sustainable stunting reduction efforts.

Modelling the factors that influence severe stunting cases using Poisson regression is an
appropriate approach, especially when the data analysed is in the form of count data, such as
the incidence of severe stunting in a certain population. Poisson regression can be used to
evaluate the relationship between explanatory variables, such as maternal nutritional status,
complementary feeding, good sanitation access, per capita GDP, HDI, and number of health
facilities, on the incidence of severe stunting (Htet et al., 2023; Khan et al.,, 2024; Seifu et al,,
2024). By adding offset variable (such as the population of children in a particular region), the
model can produce more accurate estimates in epidemiologically and demographically relevant
contexts (Partap et al.,, 2019). However, when the variance of the counts is substantially larger
than the mean, as is often the case for health-related incidence data, naive application of the
Poisson model can result in underestimated standard errors and misleading statistical
inferences, so analysts must be aware of the overdispersion issue in their model-building
process (Nariswari et al., 2023).

Overdispersion in Poisson regression occurs when the variance of the data is greater than
the mean assumed by the Poisson model, causing bias in standard errors estimate, and thus
lead to inaccurate inferences. The effects of overdispersion are often due to additional
unmodeled variability, such as excess zeros or heterogeneity between observations. Research
suggests that overdispersion can be addressed with alternative models such as Negative
Binomial regression or quasi-likelihood approaches that accommodate the additional
variability without changing the underlying structure of the model (Fernandez & Vatcheva,
2022; Mardalena et al,, 2022; Tiara et al., 2023). In practice, recognising and correcting for
overdispersion is a crucial step to ensure that the identified determinants of severe stunting
are not artefacts of misspecified variance assumptions.

Negative Binomial regression model as solution to overdispersion issues have been widely
applied in various cases over the past eight years. In a study of anaemia in women of
childbearing age in Indonesia, Negative Binomial regression produced the best model
compared to the Poisson ones, with a better measurement of goodness of fit and a deviation
approaching 1, indicating the ability of this model to handle large variances (Tiara et al., 2023).
In a study of child mortality, this approach provided accurate estimates of risk factors, making
it the primary choice for data with unequal variances (Fitriyah et al., 2015). In a study of elderly
health, Negative Binomial regression provided better results than Poisson regression for count
data showing high variance due to inter-individual variability (Fernandez & Vatcheva, 2022).
In ischemic stroke case data, this model was able to control for random effects between
hospitals, providing deeper insight into the risk of hospitalization. Other studies have shown
that Negative Binomial regression is superior in analysing data with strong spatial dependence,
such as the geographic distribution of infectious diseases (da Silva & Rodrigues, 2014). This
solution ensures more reliable analysis in various contexts by accommodating additional
variability that cannot be explained by the Poisson model. Despite this extensive use,
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applications of Negative Binomial regression that explicitly model severe stunting rates using
an offset for the under-five population, particularly at the district/city level in Central Java
Province, are still scarce.

any have shown that Negative Binomial regression can overcome overdispersion in
Poisson regression effectively. However, previous empirical studies on stunting in Indonesia
generally focus on overall stunting prevalence, use methods that do not fully account for
overdispersion in count data, or do not explicitly model severe stunting as a separate outcome
of interest. There is also limited evidence on the use of a systematic model selection procedure,
such as backward elimination, to obtain a parsimonious yet interpretable Negative Binomial
model for severe stunting cases at the district/city level. Therefore, this study applies a
Negative Binomial regression model with an offset variable to model the rate of severe stunting
cases among under-five children in districts and cities of Central Java Province, and uses
backward elimination to identify the most important determinants. Methodologically, the study
contributes by demonstrating the usefulness of Negative Binomial regression with an offset for
overdispersed severe stunting data, and by providing a clear comparison with the Poisson
model. From a policy perspective, the findings offer empirical evidence on which combinations
of maternal nutrition, child feeding, sanitation, economic capacity, and healthcare facilities
should be prioritised to design more targeted and effective severe stunting prevention
strategies in Central Java.

B. METHODS
1. Methods Used in Research
This subchapter will explain the series of methods used in this study. It also explains the
theoretical aspects from a statistical perspective. The following is an explanation of the
statistical methods used in this study:
a. Multicollinearities
Multicollinearity describes a condition that may arise when analysts simultaneously
consider more than one explanatory variable in regression model. This condition occurs
when two or more explanatory variables in a sample overlap. Because of this overlap,
the analysis method cannot fully distinguish the explanatory factors from each other or
isolate their independent effects. The impact of multicollinearity makes the regression
coefficients unstable (even wrong), increases the variance of the regression coefficients,
and causes prediction errors (Salmeron et al,, 2020). Detecting the presence or absence
of multicollinearity between independent variables using the Variance Inflation Factor
(VIF) (Salmeron et al., 2020). If the VIF is high (with 5 or 10 as the accepted threshold),
then it can be concluded that there is multicollinearity (Salmeroén et al., 2018). VIF is the
ratio between the original model OLS estimator's variance and the model's variance
where the variables are orthogonal. Equation 1 is the VIF calculation formula (Salmerén
et al,, 2020). In this study, VIF is used to ensure that the relationships among predictors
do not distort their estimated effects on severe stunting.

VIF (X)) = Y (1)
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In Equation 1, X; denotes the independent variable whose VIF is calculated, R is the
coefficient of determination of the regression of variable X, against all other
independent variables in the model.

. Breusch-Pagan test

One of the main assumptions that must be met in regression analysis is that the variance
of the residuals is constant throughout the observations, known as homoscedasticity.
The opposite of homoscedasticity is heteroscedasticity, a condition when the residual
variance is not constant and varies according to the value of the independent variable.
The consequence of heteroscedasticity is that the coefficient estimate becomes
inefficient (although unbiased). In addition, the presence of heteroscedasticity reduces
the accuracy of the standard error and even has implications for testing on the t-test
statistics and the F-test becoming invalid (Le Gallo et al., 2020). Methods that can be used
to test heteroscedasticity include the Breusch-Pagan (BP) test. The BP test aims to detect
whether there is a relationship between the residual variance and the independent
variables in the model. In a spatial context, this test is applied to identify whether
different variance patterns in spatial data can be caused by geographic location factors
or other characteristics (Lessani & Li, 2024).

BP =S [f72(Z"2) 2" f1~x}
£2 (2)
o= (1)

where ¢; is the error for the i-th observation and o2 is the variance of the model; Z is a
constant matrix with size n X (k + 1). Heteroscedasticity occurs when there is a
systematic pattern in the residual variance. The resulting test statistic follows the Chi-
Square distribution. The null hypothesis (H,) states that there is no heteroscedasticity
(the residual variance is constant), while the alternative hypothesis (H;) explains that
heteroscedasticity occurs. There is heteroscedasticity if the BP value>y; ,, or p-value <
0.05 (Ispriyanti etal., 2018). This step helps to keep the standard errors and significance
tests in the severe stunting model statistically reliable.

. Spatial Autocorrelation

Spatial analysis has developed to help solve various problems in various sectors by
considering geographical conditions. One approach in this analysis is to use spatial
autocorrelation to detect the geographical influence of several observations. According
to Tobler's First Law, all things are interrelated, but things that are close together are
more strongly related than those that are far apart (Zheng et al,, 2023). In spatial
analysis, a spatial weight matrix shows the relationship between one location and
another. This matrix represents the spatial relationship between locations and can be
adjusted to the analysis method (Moraga, 2024; Pebesma & Bivand, 2023).

The type of spatial weight chosen depends on the modelling needs and the conditions of
the analysed area. Generally, there are two basic weighting categories, namely, distance
and tangency (Moraga, 2024). Types of weighting based on distance include (1) inverse
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distance (IDW), (2) k-nearest Neighbour (k-NN), and (3) Critical Cut of Neighbourhood.
Types of weighting based on tangency include (1) Queen Contiguity, (2) Rock Contiguity,
and (3) Bishop Contiguity. Three approaches can be used to measure spatial dependence
between variables: Moran's Index, Geary's C, and Tango's Excess (Pfeiffer et al., 2008).
In this study, we chose to use Moran's Index because of its simplicity in computing and
its advantages in measuring global spatial dependence(Zheng et al., 2023).

The following is the procedure for evaluating spatial dependence between regions: (1)
the spatial weight matrix is calculated using the IDW and queen contiguity methods, (2)
the weight matrix is standardized by ensuring that the total weight in each row is one,
and (3) the Moran Index is used with the standardized spatial weight matrix to test for
the existence of spatial dependence, as shown in the following equation.

=1 Xj=1 Wij ((Xi -X)(X; - X))
I= — — (3)
The Moran's Index (I) ranges from [-1,1], where n represents the total number of
observations (locations), X; and X; are the observed values at locations i and j,
respectively, X is the mean of the observed values, and w;; is the standardized spatial
weight matrix. The null hypothesis for testing spatial dependency using Moran's Index
states that there is no spatial autocorrelation between X; and X;. The null hypothesis is

rejected if the test statistic |Z;| < Za or if p —val < a (Mathur, 2015). The two
2

observed variables are said to have a grouping pattern if I > E[I], have a distribution
pattern if I > E[I], and have an uneven distribution pattern if I = E[I]. Here, Moran’s |
is used to check whether a non-spatial count regression model is adequate for the severe
stunting data across districts and cities.

. Poisson Regression

The severe stunting case counts data resembles the data for Poisson distribution, i.e. in
the form of integers and non-negative. Poisson regression in the Generalized Linear
Model (GLM) concept uses the log function or logarithm based on Euler numbers as a
link function to connect the response variable expectation value with a linear
combination of explanatory variables.

log (T‘r‘l—) _ ig,.xi,. )
=1

Poisson regression has an assumption, namely the assumption that the mean is equal to
the variance. This assumption comes from the character of the Poisson distribution,
which is the basis of the Poisson regression model (Dzupire et al., 2018). If the mean is
not equal to the variance, also known as under or over dispersion, it will produce a very
small p-value and results that are not meaningful to reality (Favero et al,, 2021). In the
case of overdispersion, the variance is more significant than the mean, thus alternative
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models based on different distribution, for example Negative Binomials, can be used. In
this study, Poisson regression with an offset is first specified to relate severe stunting
counts to the explanatory variables.

. Overdispersion Test

Overdispersion tests in count data analysis often use deviance and chi-square statistics
to determine whether the data have more significant variability than predicted by the
model. Overdispersion can lead to inference errors if not addressed. It could be indicated
by comparing the deviance or Pearson Chi-Square statistic with the degrees of freedom
(df). When the overdispersion ratio to df exceeds one, the data is considered
overdispersion (Payne et al., 2018). The following is the equation for calculating the
deviance statistic (D):

D=2 zn: [}’i log (%) - (i — ﬁi)] (5)
i=2

where y; is the observed value, and f; is the model's predicted value. In addition to
using deviance, overdispersion can be identified using the Chi-Square approach. (y2_;)
(Gelhan & Hill, 2007):

Vi (6)

n
1
Estimated Ovredispersion = z z?
i-1

n—k (7)

Here, k represents the number of independent variables, and n is the number of
observations. These two statistics are compared across degrees of freedom to test
whether the data have significant excess variance (Afroz, 2024). This method is critical
in Generalized Linear Models (GLMs), in which the Poisson distribution assumption is
often used for count data. If overdispersion is detected, other models, such as Negative
Binomial regression model, are often more appropriate because it can handle
overdispersion naturally. Proper handling of overdispersion ensures valid and more
reliable statistical inference results (Hossain et al., 2020). The overdispersion diagnostic
therefore guides the decision to retain the Poisson model or to move to the Negative
Binomial model for severe stunting.

Negative Binomial Regression

Stunting data characterized as count data and modelled with Poisson regression, prone
to have overdispersion issues due to its variance estimation larger than its mean (Favero
etal, 2021). Dobson & Barnett (2018) suggest using Negative Binomial model instead
Poisson model to handle overdispersion, while shows how Negative Binomial
distribution is yielded from allowing variance of Poisson distribution in Y
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(Y|A~Poisson(ﬁ)) varies following Gamma distribution (A~G(u, y)) (Cameron &
Trivedi, 2013). The Negative Binomial model with k explanatory variables and an offset
variable (m) is expressed by:

(893

In the case that the intercept should be in the model, the Equation 8 can be written as
following:

U,fori =12, ..,n (8)

IIMR‘

d; = exp[log(ml-) + o+ BiXiy + PoXip + -+ BkXik] 9

The central and dispersion parameter, as well as probability mass function for Negative
Binomial distribution consecutively are given by (Putri Ananda et al., 2024) as follows:

EY) =u;
Var(Y) = u+yu?;

1

FYlwy) = (( ;1)( ) (2 )yforY=0,1,2,...

1+yu) \1+yp

Should we assume that the dispersion parameter of Negative Binomial distribution in Y
are unknown but equal for all districts in Central Java Province, then its log-likelihood
function can be written as follow:

L(B,y;Y) = Z [logl" (Y + )1/> logr (%) —logl'(Y; + 1)]

+Z[Ylog( )—(}1/) log(1+y,ui)]

Using Equation 10, it can be shown that the derivatives of log-likelihood function are:

(10)

LB, y;Y) c xij (Y — )

= Jforj=1,2,..,k
0B; o 1+yy J
=1
n Yi—1
aﬁ(ﬁ,y;Y)=Z 1 log(1+yu-)—z 1 ), _Yi-m (11)
dy L |v? Cogityt vty

while the second derivatives are given by:
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—92L(B,y;Y L+ yYoxirx,
(ﬁ]/ ) ZHI( P =, forr,s =1,2,..,k

ET A (1 +yu)?
_021: , ;Y (Y: — u; .
ﬁz Ml—'ul)}zclr,forrzl,Z,...,k
ap,dy & (1 +yw)
) n (Yi-1 . 2
—02L(B,y;Y) _Z Z ( J ) 4 2log(d +yw) 21
2 - 3 - 2 .
dy = b= 14 y2(A+yu) (12)
ity et
(1 +yw)?

Using both derivatives, one can find the estimate of ﬁj forj=1,2,..,k aswell as
estimation of y. This model is then adopted as the main tool to estimate the association
between each determinant and the rate of severe stunting.

g. Best Model Selection
Akaike Information Criterion (AIC) is a value used in statistical model selection to assess
the balance between the model's fit to the data and the complexity of the model. AIC was
introduced by Hirotugu Akaike in 1973 to extend the principle of maximum likelihood
into the model selection process. The AIC formula is:

AIC = —2log(L) + 2k (13)

Here, L is the value of likelihood function from a model provided with g; for j =
1,2, ...,k, and k is the number of parameters estimated in the model. The concept
considers model’s goodness of fit (—2In(L)) while also adhere to parsimonious model
preferences to avoid overfitting due to a complex model (2k) (Cavanaugh & Neath,
2019). In this study, AIC is used in a backward elimination procedure to obtain a
parsimonious and interpretable model for severe stunting cases.

2. Data and Research Variable

Study of severe cases of stunting in children in Central Java Province in this paper is using
the data taken from the Ministry of Home Affairs and Statistics Indonesia. These official
statistics ensure consistent definitions and measurement across all districts and cities in the
province. The data used for response variable (Y) is the number of stunting children with very
short stature in 2023 from all districts and cities in Central Java Province. This definition
follows the national standard for severe stunting based on WHO child growth charts. This data
was then explored with six explanatory variables and one offset variable. The explanatory
variables were (1) incidence of CED in mother who had nutritious food support, (2) percentage
of 6 to 23 months old toddler who receive nutritious complementary food aside their mother’s
breast milk, (3) percentage of households with access to good waste and sanitation system, (4)
districts and cities domestic GDP per capita, (5) Human Development Index, and (6) numbers
of local health facility unit (Pusat Kesehatan Masyarakat, abbr. Puskesmas). The offset variable
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was numbers of toddlers under 5 years in each district and cities in Central Java Province in
2023. Unless stated otherwise, all the data was taken from year 2023 records. Information
regarding the variables and its description is presented in Table 1. Together with the offset,
these variables allow the modelling of severe stunting as a rate rather than only as raw counts,
which is important for fair comparison across districts and cities.

This study employs a quantitative, non-experimental observational research design using
cross-sectional secondary data. The data source of severe stunting cases, as well as the offset
and the explanatory variables X;, X,, and X5, were taken from the Directorate General of
Regional Development, Ministry of Home Affairs, Indonesia (Directorate General of Village
Government Development, 2024). The explanatory variable X,, and X5 were sourced from
Statistics Indonesia (Badan Pusat Statistik Jawa Tengah, 2024), while the last explanatory
variable, X¢, were available from the Directorate General of Villages Governance, Ministry of
Home Affairs, Indonesia (Directorate General of Village Government Development, 2024).
These institutions are mandated by the government to monitor child nutrition and socio-
economic indicators, supporting the validity of the data used in this study. The cross-sectional
design at the district/city level is appropriate for identifying contextual determinants of severe
stunting in Central Java in 2023. All statistical analyses, including data processing,
overdispersion testing, and the estimation of the Negative Binomial regression model, were
carried out using R statistical software (version R 4.4.2) with appropriate packages for count
data modelling, as shown in Table 1.

Table 1. Variables and data for severe stunting model in Central Java Province
Variable Unit Description

Numbers of children with severe stunting symptoms in

district/city in Central Java Province

Y Severe stunting cases Child

Percentage mother
X1 with CED and got %
support

Proportion of pregnant mother given nutritious
supplement due to having CED symptoms

Percentage of aged 6-23 months toddlers received
% nutritious complementary food alongside mother’s
breast milk

Percentage of toddlers

X2 with food complement

Percentage of
X3 household with good % Percentage of households with good sanitation system
access to sanitation

Gross Domestic Product per people in certain area,
calculated based on market price, in millions Rupiah
Value of human development progress in a district/city,

X4 GDP per capita Rupiah

Human Development

Xs Index considering aspect from health, education, and adequate
Index L
standard of living
Xs Numbers of local Unit  The amount of healthcare facility unit in a district/city

health facility

Offset Numbers of children Child  Numbers of under-5-years old children in district/city
under 5 year
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3. Research Steps
Study of severe stunting cases in Central Java Province using variables mentioned in
previous section will be done through the Figure 1 below.

B Data ASSessing
Start Data exploration p={f X )

colbect assumpnons

| Overdispersion 1 Poisson regression
lest mosdel
Dows the data
Negative binomial
exhilye -“_..{>| y
gverdispersion? repression

N« @
H.‘,( L wa fd

Parameter
climination and (<1 > b —
cstimation

mterpretation

o‘

Figure 1. Research Steps Flowchart

The explanation of the flowchart based on Figure 1 is as follows.

a.

Determine all the research variables (including the offset variable) and collect the
associated data. The data used in the study were taken from the Ministry of Home Affairs
and Statistics Indonesia with the scope only in Central Java Province and only data
labeled year 2023. The Central Java Province itself has 29 districts and 6 cities. The data
will then be represented by the districts and cities in Central Java Province.

. Data taken from different sources will then be pre-processed to maintain the consistency

of all districts and cities order.

By using thematic map representation, the response variable then explored to better

understand the status of severe stunting cases in Central Java Province.

Equivalent with other parametric statistical model, classic model prerequisites then

checked as a basis for model building given the data. The assumptions checking done to

the data will be:

1) Multicollinearity test for all explanatory variables. The test will be done by observing
the Variance Inflation Factor (VIF) of all explanatory variables.

2) The constant variance of error term (homoscedasticity) test. The Breusch-Pagan
homoscedasticity test will be used to check the presence of heteroscedasticity effect
in the data.

3) The spatial independency test amongst all districts and cities will also be employed
using Moran’s Index of Independency test, with Inverse Distance Weighted (IDW) and
Queen Contiguity algorithm.



182 | JTAM (Jurnal Teori dan Aplikasi Matematika) | Vol. 10, No. 1, January 2026, pp. 171-192

e. Based on the conclusions of assumptions checking, the Poisson regression model then

developed for the given data. Here, one should not overlook the equi-dispersion

assumption of discrete variable model, as in Poisson model. Thus, the consecutive step

is to check the apparent effect of overdispersion in the model.

f. The overdispersion test based on residual deviance of the model will be done through
hypothesis testing. Observation of the Wald test result of each parameter estimates in

the model will also be done to reinforce conclusion made by the significance test.

g. Should overdispersion indeed occur in the Poisson model, the study will switch to the

Negative Binomial regression model as an effort to eliminate the overdispersion effect

existed in previous model.

h. The parameter estimates and its Wald test was then examined to determine its
significance in the model. Should there are any estimates which non statistically
significant to explain the variability of response variable, re-model the data then should

be done without the no-effect explanatory variables.

i. Backward elimination procedure then employed to select the best model for the data.
The elimination criteria used will be based on AIC value. The best model should be

having the lowest AIC value with all of its explanatory variables are statistically

significant.

j- The last step will be interpreting the best model and make suggestions based on its

conclusion.

C. RESULT AND DISCUSSION
1. Data Exploration

In regard to better understand severe stunting cases in Central Java Province, a thematic

map, presented in Figure 2, was explored in ahead of model building. Based on Figure 2, the

darker the colour indicates, the more cases of severe stunting there are in the province, and

vice versa. Magelang City has the fewest cases of stunting, as are the surrounding districts,

namely Semarang Regency, Salatiga City, and Boyolali Regency. Meanwhile, the area that
includes the highest stunting category is the Tegal Regency. When viewed from Figure 2, the
areas neighbouring Tegal Regency include Brebes Regency, Purbalingga Regency, Banjarnegara
Regency, and Banyumas Regency. This value is linear with the number of toddlers in each
region; namely, the number of toddlers in Magelang City is 4938 (prevalence 7.7%), while Tegal

Regency has 100252 toddlers (prevalence 17.7%).
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Figure 2. Distribution of severe stunting cases in Central Java Province in 2023

The large number of stunting cases is inseparable from the cases of early marriage in the
Tegal Regency in 2023, which should be the minimum age for marriage of 19 years (Law of the
Republic of Indonesia Number 16 of 2019 on the Amendment to Law, 2019). Early marriage is
a marriage that occurs at a vulnerable age whose preparation targets are said to be suboptimal
both physically, mentally and materially, while what is needed in marriage is mental maturity
and good mental readiness (Rohmaniah et al.,, 2025). In cases of early marriage, many impacts
occur, one of which is the low quality of the family, both in terms of physical readiness in dealing
with social and economic problems of the household, as well as the physical readiness of
prospective teenage mothers in conceiving and giving birth to their children (Albab &
Pratiwirum, 2022; Subramanee et al., 2022; Yoosefi Lebni et al.,, 2023). Based on Statistics
Indonesia data of 2023, 17.51% of women aged <17 years were recorded as having early
marriages, and 20% of women aged 17-18 were having early marriages (BPS-Statistics
Indonesia Jawa Tengah Province, 2021). There have been many studies related to preventing
early marriage (Phillips & Mbizvo, 2016; Sandgy et al., 2016; Silumbwe et al., 2020).

Although Tegal Regency has the highest number, the Tegal Regency Government has made
various efforts to reduce stunting rates, including through the stunting reduction acceleration
team (TPPS) at various levels, which is currently carrying out joint actions to simultaneously
intervene in stunting prevention by conducting data collection, weighing, measuring, education
and intervention for all prospective brides, pregnant women and toddlers on an ongoing basis
[51]. One of the results is a significant decrease in the prevalence of stunting in the district, with
severe stunting figures in 2023 of 4202 children decreasing to 3311 children (as of early
December 2024).

2. Multicollinearity Test

This study uses the Variance Inflation Factor (VIF) to identify multicollinearity between
predictor variables. Based on Equation (1), the results of the VIF calculation are presented in
Table 2.
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Table 2. The VIF value
Variable X1 Xz X3 X4_ X5 X6
VIF Value 2.1875 1.1064 1.4385 3.5937 3.6386 1.8252

Based on the results in Table 2, all VIF values of the independent variables are below the
threshold of 5, indicating no serious multicollinearity. The highest VIF value is obtained by
variable X5 of 3.6386, while the lowest VIF value is 1.1064 in variable X,. Overall, the VIF values
ranging from 1.106 to 3.6386 indicate that the correlation between the independent variables
is still acceptable so that multicollinearity does not disturb the regression parameter estimates.

3. Breusch-Pagan test

Heteroscedasticity testing is performed using the Breusch-Pagan test to determine
whether the residual variance is not constant and varies according to the value of the
independent variable. Based on Equation 2, the BP test statistic value is presented in Table 3.

Table 3. Breusch-Pagan test

Breusch-Pagan test Degree of Freedom P-Value
8.1734 6 0.2257

Based on Table 3, the BP value is 8.1734. This value is much smaller when compared to
X656 Which is 12.59. Moreover, the p-value obtained is 0.2257, which is greater than a
significance level of @ = 0.05. Hence, based on the BP value and p-value, the null hypothesis
should not be rejected. This indicates that there is not enough evidence to conclude that there
is heteroscedasticity in the regression model. Thus, the assumption of homoscedasticity is still
met in this model.

4. Spatial Autocorrelation

The next test is the spatial autocorrelation test using Moran's Index test. The hypothesis
built into this test is that there is no spatial dependency amongst observations, which in this
study is the districts and cities, while the alternative hypothesis is that there is spatial
dependency. Based on the Literature Review section, 2 types of weights are used in calculating
Moran's index, namely Queen Contiguity and IDW. Table 4 is the result of the calculation of the
Moran's Index according to Equation 3.

Table 4. Moran's Index test
Weighting Moran’s I P-

No Matrix Statistics 40 Value Conclusion
1 IDW 0.0216 13115 0.1897 There is no spatial
autocorrelation
2 Queen Contiguity 0.1481 1.6019 0.1092 There is no spatial
autocorrelation

Following Table 4, the results show no spatial autocorrelation, meaning that observations
at a location do not depend on other neighbouring locations.
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5. Poisson Regression

Poisson regression is a good approach based on exploring severe stunting data in Central
Java Province. The explanatory variables in the Poisson regression modelling are X; to X; these
variables are proven to affect severe stunting (Y). Furthermore, parameter estimation uses the

MLE approach to determine the factors that affect the stunting; the estimation results are in
Table 5.

Table 5. Parameter Estimation of Poisson Regression

Parameters Estimate Std. Error Wald Statistics (Z) P-Value
Bo 3.14200 0.158000 19.89 0.000*
B -0.01717 0.005001 -34.33 0.000*
Ba -0.01016 0.004506 -22.54 0.000*
B -0.01101 0.003904 -28.20 0.000*
Ba -0.01057 0.003419 -30.91 0.000*
Bs -0.04118 0.023480 -17.84 0.000*
Bs -0.009308 0.029690 -31.35 0.000*

*) Significant with alpha= 0.05

Based on Table 5, all variables are statistically significant and affect severe stunting in
Central Java Province. However, the Poisson regression model must be checked for
overdispersion to confirm the correct estimation results. Overdispersion can cause inefficient
estimation, making p-value more minor than the actual value. Table 5 shows that the p-value
are very small, so it can be suspected that overdispersion has occurred.

6. Overdispersion Test

Poisson regression assumes that the mean value is equal to the variance; if this assumption
is not met, then the model has overdispersion or underdispersion.
Overdispersion/underdispersion can cause the model to be unaccountable for its results.
Testing for overdispersion/underdispersion in the Poisson regression model can be done by
looking at the results of the deviance value divided by the degrees of freedom (df); if it produces
a value of more than one, then overdispersion occurs (Favero et al., 2021). The Chi-Square
approach divided by the number of observations minus the number of response variables
(dispersion ratio) can also be used as an overdispersion test (Favero et al., 2021).

Table 6. Overdispersion Test

Dispersion  Pearson’s Chi- P- Residual Degreesof  Residual Deviance
Ratio Squared Value Deviance Freedom (df) (df)
109.487 3065.635 0.001 3267.7 28 116.7036

The division of residual deviation by degrees of freedom yields a value of 116.7036;
overdispersion is detected. In addition, the dispersion ratio value (see Table 6) also shows more
than one; this confirms that the Poisson model suffers from overdispersion. The thought that
the p-value (see Table 5) are minimal due to overdispersion in the Poisson model is confirmed.
The results of the Poisson regression cannot be accounted for; this can lead to misleading
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interpretations. One solution to overcome overdispersion in Poisson regression is to model it
with a Negative Binomial approach (Favero et al.,, 2021).

7. Negative Binomial Regression

The severe stunting data in Central Java Province has also been modelled using the
Negative Binomial model to address overdispersion problems in the Poisson model. Here the
dispersion ratio is 0.875 which is closer to 1 compared to the previous model (see Table 8). The
result indicates that the negative binomial model for Central Java Province’s severe stunting
data does not have overdispersion problem. Table 7 presents parameters model estimation and
its Wald statistics for negative binomial model. By using 5% significance reference level, it can
be seen that the estimate of model coefficients for X; (8,), X3 (B83), X4 (B4), and X (B) are
statistically proven to be different from 0. Furthermore, should we enlarge the significance
reference level to 10%, then the estimation of coefficients model for X, (f,) is also statistically
significant. Since the overdispersion problem had been tackled by remodel the data using the
Negative Binomial model, backward elimination procedure using AIC value as elimination
criteria can then be used to formulate the best model for the data.

Table 7. Parameters estimation of Negative Binomial model

Parameters Estimate Std. Error Wald Statistics (Z) P-Value
Bo 1.2252699 1.4585891 0.840 0.40089
B -0.0099904 0.0048039 -2.080 0.03756*
B2 -0.0130879 0.0067236 -1.947 0.05159*
B3 -0.0120873 0.0046531 -2.598 0.00939*
Ba -0.0101842 0.0033425 -3.047 0.00231*
Bs -0.0196195 0.0239067 -0.821 0.41183
Bs -0.0005248 0.0002635 -1.991 0.04644*

*) Significant with alpha= 0.05

Backward elimination procedure to determine the best model with all significant
explanatory variables is done by finding non-significant £ in the model, then omit the variable
in the next model building. In the case of severe stunting in children in Central Java Province,
previous Negative Binomial model has hinted that the 5 was unable to be proven statistically
significant even with a significance level of 10%. Thus, this variable is the main focus to be
excluded in the backward elimination procedure. The performance of the models was then
compared, and the best model will be selected based on its AIC value as well as whether all of
B included in the model are statistically significant. Table 8 presented a comparison of models
which was considered in the backward elimination process. Following the Table, it is apparent
that the lowest AIC value is held by the Negative Binomial model without fs.
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Table 8. Backward Elimination based on Akaike’s Information Criterion (AIC)
Number of Variable X Residual Dispersion

Model name parameters included Deviance Ratio AlC
Poisson Regression 7 X1 ))((2' ))((3' Xa 3267.7 109.487 3580.9
546
Negative Binomial X1, X2, X3, X4,
(initial model) 7 X, X, 35.678 0.875 506.84
Negative Binomial
(without £5) 6 X1, X5, X3, X4, X¢  35.63982 0.925 505.48

Table 9 provides estimation of coefficients should the severe stunting data in Central Java
Province be modelled with the best Negative Binomial model. The model provided could be
termed as the best model given the data due to none of its coefficient’s estimation model were
statistically non-significant under the 5% significance level. The model also has the lowest AIC
value amongst other considered models.

Table 9. Parameters estimation of the Best Negative Binomial model

Parameters Estimate Std. Error Wald i;a)ltlstlcs P-Value

Bo 0.2479785 0.8133 0.305 0.76044
b1 -0.0109246 0.0047 -2.310 0.02086
B -0.0143183 0.0066 -2.165 0.03035
B+ -0.0138514 0.0042 -3.258 0.00112
Ba -0.0125444 0.0019 -6.465 0.00000
Be -0.0005492 0.0003 -2.090 0.03664

*) Significant test with alpha= 0.05

The best model can then be expressed by:
log (%) = 0.2479785 — 0,0109246X; — 0.0143183X, — 0.0138514X; (14)

i

—0.0125444X, — 0.0005492X

By using the model, which accounted for the population size of children under 5 years in
each district, we may conclude that the rates of severe stunting cases in Central Java Province
have an inverse relationship with X;, X,, X3, X,, and X¢. In other terms, we may say that the
cases will be increasing if any or all of the X’s are decreasing. For examples regarding the X;,
here the decrease of the percentage of pregnant mothers who have chronic energy deficiency
(CED) and have been given nutritious food supplements will directly increase the rates of
severe stunting cases as much as 1.1% if the other X’s are unchanged. This conclusion is
acceptable due to num (Asna & Syah, 2023; Putri Adila et al.,, 2023; Putri Ananda et al., 2024;
Sajalia et al., 2018; Yuliastanti et al., 2023)(Asna & Syah, 2023; Putri Adila et al., 2023; Putri
Ananda et al., 2024; Sajalia et al, 2018; Yuliastanti et al,, 2023)) stating that the CED on
pregnant mothers is one of the risk factors of malnutrition cases in infants. Thus, providing the
mothers with nutritious food supplements will reduce the risk which eventually may also
reduce the cases of severe stunting. Another case is for X,, if the proportion of toddlers
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receiving complementary food is decreasing by a percent, then we should expect that the severe
stunting rates would be increasing by 1.4%. This change in rate is approximately the same as a
unit change in the proportion of households with good sanitation (X3). GDP per capita (X,) on
the other hand, is associated with an addition of 1.25% in the severe stunting rate. The last
factor, Xg, will decrease the severe stunting rates by 0.06% should there are a new unit of
Puskesmas built in Central Java. The change of rates for this factor is the lowest amongst other
factors in this study. Thus, adding a unit of Puskesmas might not be effective in reducing the
severe stunting rates. We would recommend firstly evaluating the quality of services of existing
Puskesmas as our model only captures the quantity of Puskesmas instead of its quality.

D. CONCLUSION AND SUGGESTIONS

This study makes a distinct methodological and practical contribution to understanding the
determinants of severe stunting in Central Java. Methodologically, we demonstrate that
modelling count data like stunting cases requires careful consideration of dispersion. The
successful application of the Negative Binomial regression model, which corrected for
overdispersion present in a standard Poisson model, provides a more robust and reliable
statistical framework for public health researchers analyzing similar prevalence data. Our
empirical analysis robustly identifies five key factors significantly associated with the reduction
of severe stunting cases. The strong statistical association of nutrition-specific interventions
targeting pregnant women with Chronic Energy Deficiency (CED) and toddlers aged 6-23
months underscores the non-negotiable role of targeted nutritional support during the first
1000 days of life. Furthermore, the significance of underlying socio-economic and
environmental drivers is clear: household sanitation, local GDP per capita (as a proxy for
community wealth), and the density of local health facilities (Puskesmas) are foundational to
creating an environment where children can thrive. These findings offer a clear, evidence-based
roadmap for local policymakers. To effectively mitigate severe stunting, interventions must be
multi-sectoral, namely we need to: (1) strengthen the health sector by prioritizing the
distribution of nutritious food supplements for at-risk pregnant women and ensure the
provision of complementary foods for toddlers, primarily through the existing network of
Puskesmas; (2) invest in sanitation and economic development, especially by allocating
resources to improve household sanitation infrastructure and implement programs that boost
local economic growth and household income, recognizing their critical role in child health; and
(3) and leverage healthcare access due to the significant influence of Puskesmas availability
which could be a highly effective strategy for reaching vulnerable populations. For future
research, this study establishes a validated statistical approach. Building upon this work,
subsequent studies could incorporate additional variables such as local food inflation and
government social spending. Furthermore, employing a hierarchical model could unravel the
complex interplay between individual-level risk factors and district-level policies, offering even
more nuanced guidance for targeted public health action.
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