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Abstract: Stunting is a chronic health problem that impacts children's physical and cognitive development, especially
in developing countries like Indonesia. There are several exogenous factors that influence the prevalence rate of
stunting. Therefore, when examining spatial aspects, there is a possibility that the spatial dependences are occured not
only on the response variable but also on the exogenous variables. Thus, a model is required to consider these spatial
dependences. The Expanded Spatial Durbin Model (ESDM) can be used to predict stunting prevalence influenced by
exogenous variables. We used the Euclidean method to determine the inverse distance weight matrix, and the Moran
Index test was applied to identify autocorrelation. By incorporating spatial effects and relevant exogenous variables,
the model can provide more precise estimates of stunting prevalence in different regions. This modelling technique is
very effective for increasing the accuracy of stunting prediction, considering exogenous factors such as malnutrition

prevalence and human development index (HDI) where all variables contain spatial dependencies. For the study, we
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choose Java Island in Indonesia as one of regions with a highest population density and significant stunting rates.
Using the proposed technique, we found that the malnutrition variable has much stronger effect on the stunting
prevalance than the HDI variable.
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1. INTRODUCTION

In Indonesia, stunting remains one of the unresolvable nutritional issues. Stunting is a
condition of failure to thrive in children under the age of five due to chronic malnutrition and
recurrent infections, especially during the first 1,000 days of life, from fetus to 23 months old [1]
[2]. Stunting indicates that suboptimal nutrition intake not only affects growth, but also other
important body functions, such as brain development and the immune system [3]. Stunting will
have long-term effects, such as a decline in cognitive, mental, intellectual, and physical
development [4]. In the end, stunting can inhibit economic growth, increase poverty and widen
inequality [3]. The WHO states that when the prevalence of stunting hits 20% or more, it becomes
an issue [5]. Stunted toddlers are 22.9% common worldwide, and their nutritional state is
responsible for 2.2 million of all baby deaths, according to World Health Organization (WHO)
data from 2020 [6]. With 7,547,000 children, Indonesia had the highest number of stunted children
worldwide, ranking fifth out of 81 nations, while the incidence of stunted toddlers in Southeast
Asia reached 33.8% in 2011 [7]. The government has designated Accelerated stunting elimination
as a national priority program. The government's goal in the national mid-term development plan
(RPJMN) 20202024 is to lower the stunting rate to 14% by 2024 [1].

Java island has the highest number of stunted toddlers, with 4,353,000 of them suffering from
stunting, according to the World Bank's 2017 National Team for the Acceleration of Poverty
Reduction (TNP2K) map of the country's toddler stunting population [8]. The government will
have a more challenging time reaching Indonesia's stunting reduction goal due to the rise in
stunting incidence on Java Island. Stunting can be reduced by understanding the primary causes
of the high stunting rate in the area. The condition of malnourished children and the human
development index (HDI) impact the prevalence of stunting. Tiopan Sipahutar (2021) conducted a
study to find stunting hotspot areas in all districts/cities in Indonesia. According to the results,
three provinces on Java island were among the 14 provinces with a high distribution of stunting

cases. There is a correlation between the surrounding area and the prevalence of stunting in
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Indonesian districts and cities [9]. Spatial analysis in the context of stunting still needs to be widely
used in Indonesia. It has yet to be used as a decision support system in policies or programs at the
national and regional levels. Due to its ability to accommodate various spatial dependency
structures, econometric spatial modelling has become widely used in epidemiological studies [10].

One of the econometric spatial models is the Expanded Spatial Durbin Model (ESDM)
[11][12]. The ESDM is an effective analytical tool for predicting stunting prevalence because it
considers the influence of variables present in a particular area and their spatial effects on
surrounding areas. In the context of stunting, ESDM allows analysis of internal factors in an area
and how those factors in other areas contribute to stunting prevalence in the target area. For
example, if one area has a high prevalence of stunting, factors from neighbouring regions that are
similar or influence each other, such as malnutrition and the human development index (HDI),
may exacerbate stunting in that area. Model parameters can be estimated using R, an open-source
program. For people accustomed to using it, software R can be relatively easy, but it will be
challenging for others who are not. A lot of academics have sought to improve the R package's
usability. One of R's visualization tools, Shiny, makes building interactive web apps straight from
R easy. The application allows a user to quickly and easily visualize data [5]. This study analyses

ESDM of stunting prevalence in Java Island using RShiny.

2. MATERIALS AND METHOD

In this paper, we analyze the prevalence of stunting in Java island, Indonesia, involving two
exogenous variables. Since the data consists of spatial information, then we need to consider the
spatial dependence structure which may occurred between spaces. The dependence is not only
occurred in the response variable, but also the exogenous variables. Hence, we propose to
implement a Spatial Durbin Model (SDM). However, the classical SDM is not able to measure the
effects of each area and hence we expand the proposed technique using Casetti’s approach.
2.1 Spatial Dependency

Spatial dependency occurs due to dependencies in regional data. Spatial dependency appeared
based on Tobler's law I (1979): "Everything is related to everything else, but near things are more
related than distant things™; everything is related to one another, but near things have more
influence than distant things. This law is the pillar of the study of spatial econometrics developed
by Anselin (1988). The linkages that occur between regions can be both positive and negative.

Positive linkages occur if areas with similar characteristics surround an area. Conversely, a
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negative linkage occurs if a region is surrounded by other regions that do not share the same
characteristics. Therefore, if there is a spatial dependency effect, the most appropriate solution is
the area approach.

There are two reasons why observation values at a location/region are not mutually independent
of observations at other locations, namely [13]:

1. Observation data collection related to spatial units such as subdistricts, districts/cities, and so
on has measurement errors. This happens if the original data information from the sampling
process cannot be accurately described.

2. The influence of socio-demographic dimensions of the region and regional economic activity
in modeling. Regional science is based on the idea that location and distance are important
forces for understanding human geography and economic activity. The interaction of

economic activities of neighboring regions tends to be stronger than those of distant regions.
2.2. Inverse Distance Weight Matrix

In this study, the inverse distance weight matrix is used to represent the true distance between
sites. The latitude and longitude of the observed location’s center point are used to determine the

distance between two locations. The Euclidean distance is used to measure, dij , the distance

between location i and location j [14], as follows:

d; :\/(xi(ui)—xj (uj))2+(xi (v)-X (vj))z, 1)

where

u. : the latitude of the ith location, i=123..N ,

Vv, : the longitude ith location,

u; : the latitude of the jth location, j=1,2,3,...,N,

v, : the longitude of the jth location.

The Euclidean distance calculations are converted to kilometers using a conversion factor of

111.319, that is,

d;;{<111.319. This conversion factor corresponds to the distance represented by

one degree of longitude [15]. The actual distance between observation locations is then weighted

as the inverse distance, computed using the following equation [16]:

wy=1dy " 2)
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Next, if the sum of the distance weights of a row in the inverse distance weight matrix is not

equal to 1 then the distance weights must be standardized [17] to obtain

N
ZWU. =1 Vi=123,.. N, where:
=

* Vv| -
W=->"_vi=123..N. 3)

2.3. Moran Index

One approach to determine the presence of spatial dependencies and check the spatial
relationship or correlation between locations is to conduct a spatial autocorrelation test using
Moran’s Index statistic. Spatial autocorrelation estimates the correlation between observation
values associated with locations on the same variable. If there is a systematic pattern in the
distribution of a variable, then there is spatial autocorrelation. Spatial autocorrelation explains the
dependency of spatial data between one location and another based on a measure of proximity or

intersection [18].

nZn:Zn:Wij(xi —x)(xJ —Y)
| = . (4)
;;Wij;(xl _X)Z

The hypothesis formulation in this test is as follows:

H,:1 =1, There is no spatial autocorrelation between locations, vs.

H, :1 # 1, There is spatial autocorrelation between locations,

with 1, =E(l).
The test statistic employed is expressed below:
z(|):i(')~r\|(o,1), ()
ar(1)
with
1
E(l)=——, 6
(N=--— (6)

%S, —nS, +38

Var (1) RS -[EMT, (7)
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n n 1 n 2 n n n 2
So=2. > W, SFEZ(""iﬁwji) ) 5222[ lv"iﬁZ;WjiJ )
=

i=1 j=1 1# ] i) \i=
where
| :the Moran Index value,
N : the number of observation locations,

X : the value of the observation variable at the ith location,

x. : the value of the observation variable at jth location,

j
: the average of the number of variables,

X
w;; : an element of the standardized weight matrix between locations | and j.

The Moran Index ranges between [—1, 1]. A negative value indicates negative spatial
autocorrelation, while a positive value signifies positive spatial autocorrelation [19].
Decision Rule:

The null hypothesis is rejected based on the following decision rule:

Reject H, at the significance level « if -z _<-z  or z_ >7Z

score — A score — “af *

2.4 Expanded Spatial Durbin Model (ESDM)

The ESDM is a spatial regression model that has a form like the Spatial Autoregressive which
has a spatial lag in the response variable. While the ESDM is characterized by a spatial lag in the
exogenous variables [18]. The ESDM has the following equation form [11][12]:

N iid
y=pWy+al +XZJIB, + WX8 + e with e~ N(0,5°1) (8)
Letting A=XZJ, it follows that:

iid

y = pWy +al, +Af, + WX+ & with £ ~ N(0, 1) (9)
y=pWy+Ud+¢& (10)
where:
u=[1, A WX],
(04
o= ﬂo >
0
with:

Y :vector of dependent variables of size (nx1),
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: matrix of independent variables of size (nxk),

Xy X Ry
)~( - XZl X22 sz
xnl Xn2 o Xnk

: matrix of independent variables of size (nxnk),

X X0 0 0 0
N 0 0 Xy Xpe 0
0 0 0 0
0 0 O 0 0 x, X

: spatial lag coefficient of the dependent variable,

: constant parameter,

: spatial weight matrix of size (n X n) ,

0 W12 Wln
W = W21 0 W2n
Wnl an 0

: location information that contains elements in ,Zyi with i =1,...,n representing the

latitude and longitude of each observation, of size (nk x2nk),

Z,®l, Z,®l, 0 0 0 0
z=| 0 0o .. 0 0
0 0 0 0 Z,®l Z,®l,

: expansion of the identity matrix of size (2nk X 2k) ,
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I, O
J- 0 I,
0 I,
B : matrix of size (nkx1) contains parameter estimators for all explanatory k variables at

each observation,

A(s)
| A(s)

B (s0)

B, :parameter expressed by Brasivuce s Bronginue  OF S12€ (2kx1),

_ ﬁlatitude
BO - (ﬁlongitude]

@ : spatial lag parameter vector of covariate variable of size (k ><1) ,

B

® : Kronecker product,

¢ :error vector of size (nx1),
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2.5 Parameter estimation using Maximum Likelihood

The random error variable in the ESDM is assumed to follow a normal distribution.
Consequently, parameter estimation in this model adopts the SAR-X estimation method,
employing the Maximum Likelihood Estimation (MLE) technique [20]. Equation (13) can be

expressed as follows [11]:
iid

y = pWy +U§ +¢ with e~N (0, 5?1),

e=Yy—pWy-US3. (11)
The probability density function used is expressed as follows:
1\ y— pWy —U8) (y— pWy -Us
f(y):( 2] exp —( ) (2 ) . (12)
2no 20

The likelihood function of the dependent variable Yy is formulated as follows:

L(p.8ly)="f(ylp.5)
);exp{(pryU&T (pryUé‘)} (13)

20°

- ( 270’

Furthermore, the log-likelihood function is obtained as:

InL(p.5]¢)= In( 1 2]2 exp{_(y—pwy—uaf (y—pWy—Ué')}

2
2o 20 (14)

(y-pWy -US)" (y- pWy-US)

> '

=—Eln(27r)—ﬂln o’ —
2 2 20

The estimation parameters p and & obtained by maximizing the log likelihood function are

given as follows:

p=((Wy) Wy) (Wy)' (y-Us) (15)

-1

§=(UUT) U (y-pWy) (16)
2.6. Mean Absolute Percentage Error (MAPE)

To evaluate the model’s performance, the Mean Absolute Percentage Error (MAPE) is
calculated as follows:

n

MAPE =[12

L)

}100%, (17)
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with
y(s;) : the values in the actual data at the location s;,
§(s;) : the values in the prediction data at the location S,

n : the number of observation locations.
According to Lawrence’s criteria (2009) [21], MAPE values can be categorized as follows:

Table 1. MAPE Score Scale

Scale MAPE Accuracy Score
< 10% Very accurate prediction
10 <MAPE <20% Good prediction
20 <MAPE <50% Reasonable prediction
>50% Inaccurate prediction

3. RESULTS AND DISCUSSION
This study used data from the Central Bureau of Statistics and basic health research reports

2018. The units of analysis are 119 districts/cities on Java Island. All data used in this study are
taken from the public domain. The variables employed were the prevalence of stunting,
malnutrition, and the human development index (HDI).

Table 2. Response variable and exogenous variables

Variables Notation
The prevalence of stunting y
The prevalence of malnutrition X
1
The Human Development Index (HDI) X
2

In this study, the ESDM method is used to analyze spatial relationships and predict stunting
prevalence, as described in the flowchart in Figure 1, which includes the stages of data collection,
the formation of an inverse distance weight matrix, identification of spatial autocorrelation using
the Moran Index, estimation of ESDM parameters through the Maximum Likelihood Estimation

(MLE) method, to visualization and interpretation of prediction results.
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Form the inverse
dictance weight
matrix

Identification Spatial
Autocorrelation using Moran's
Index

Parameter estimation of | 3,/ Prediction result of
ESDM using MLE ESDM

Research Data
Repositories

A 4

Visualization of prediction
data

A 4

Knowledge of prevalence of Analysis and
stunting prediction

-

Figure 1. ESDM flowchart

The prediction procedure was implemented by developing an RShiny web application for the

interpretation

Expanded Spatial Durbin Model (ESDM). RShiny's development results are publicly available
since it is constructed straight from R software. Because R is a free program with an open source
code, anyone who wants to can share and enhance it [22]. This application is accessible via the
following URL.: https://andriyanafalah.shinyapps.io/SDM-Expansion/. The application has six
menues, such as the model description, import data saved in CSV format, construct vector and
matrix based on the data, prediction result, download data, and created by. Figure 1 illustrates the
dashboard contained in RShiny from ESDM which consists of six dashboards including
Description of Model, Import Data, Vector and Matrix, Result of Prediction, Download Data, and

Created by button.

Spatial Durbin Model with Expansion using Casetti's Approach

The Spatial Durbin Model is a spatial regression model that has a form like the Spatial Autoregressive Model (SAR) which has a spatial lag in the response variable. While the Spatial Durbin Model
is characterized by a spatial lag in exogenous variables.

The Spatial Expansion model was introduced (Casetti, 1972) in (LeSage, 1999) as an extension of the SAR model on exogenous variables with the aim of describing spatial heterogeneity.
Heterogeneity is used to describe different parameter values for each spatial observation through the distance between locations. The distance between two locations is measured by the
Euclidean distance involving location coordinates. In general, the Spatial Expansion model is formulated with a linear regression model approach as follows:

y=Xp+rewithf=ZJBo

The integration of Spatial Durbin Model and Spatial Expansion with Casetti's Approach can be formulated as follows:

y=pWy+a1+XZJB o +WXyjjg6+e

Figure 2. Dashboard for Description of the Model



12
FALAH, ANDRIYANA, JAYA, TANTULAR, MARYADI

As can be seen in Figure 2, we firslty introduce the proposed model in the landing page of the
dashboard. We provide several menues to import or download the data. For the analysis, we can

choose the Vector & Matrix button where the appearance is provided in Figure 3 below.

J Spatial Durbin Model with Expansion using Casetti's Approach

Select Column Name for Vector of Y:
O Locations (O Latitude (J Longitude stunting O malnutrisi O IPM O PE

Number of rows to display:

from 119 rows

Show 10 v entries Search:

L1l

22.89

Figure 2. Dashboard of Data Analysis
The Moran’s Index was computed to assess the presence of spatial autocorrelation between
the observation sites. Equation (4) was used to calculate the Moran’s Index for each variable using
the Inverse Distance Weight Matrix. The results of these calculations are presented in Table 3.

Table 3. The result of the spatial autocorrelation test

No  Variables | E(l) Var (1) p —value
1 y 0.313 -0.008 0.002 4.911x107%*
2 X 0.187 -0.008 0.002 1.659x107°*
3 X, 0.313 -0.008 0.002 5.345x107? *

*Significant « =0.05

Based on Table 3, the p-values are all less than the significance level (a = 0.05) so the null

hypothesis is rejected, which means that there is positive spatial autocorrelation on each variable.
The high stunting area will be surrounded by high areas as well, and low stunting area will be
surrounded by low areas as well. The high malnutrision area will be surrounded by high areas as
well, and low malnutrision area will be surrounded by low areas as well. The high human
development index area will be surrounded by high areas as well, and low human development
index area will be surrounded by low areas as well.

The estimation of prediction parameters in the ESDM was conducted via the RShiny web

application. An estimated p value of 0.999 was obtained, producing an optimum spatial lag with
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a positive value ( 0> 0) and indicative of a spatial lag dependence. This p value signifies the

influence of adjacent locations within Java Island on prevalence stunting prediction data. It further
highlights the spatial autocorrelation of prevalence stunting on Java island, indicating that districts
and cities with high prevalence stunting tend to be spatially clustered with others exhibiting similar

high prevalence stunting levels, or with minimal variation. The results of the parameter estimate

calculation B, and @ are shown in Table 4.

Table 4. Parameter estimated value

Parameter Estimated Value

Coefficient — _
Bo o
3 0.134
X, (malnutrition) Pratituae 11.969
ﬁlongitude -0.036
3o 0.011
X, (HDI) Fratituae ~0.227
ﬁlongitude -0.007

The estimate B, measures the direct impact of the exogenous variables on prevalence
stunting within the same region, while the estimate @ captures the spillover effects of the
exogenous variables on prevalence stunting. Based on the estimate f8,, we can derive the estimate
B, from which individual parameter estimates were derived for each exogenous variable across

the 119 districts and cities. The ESDM produces different parameter estimates for each exogenous
variable at each location due to the expansion of the exogenous variable matrix involving latitude
and longitude information at each location. Stunting prevalence estimations and categories is
shown in Table 5 and visualization in 119 districts/cities in Java island is shown in Figure 4.

Table 5. Stunting Prevalence Estimations and Categories

Stunting Stunting
No. Locations Category | No. Locations Category
Prevalence Prevalence
1 | Sleman 14.7 | low 61 | Temanggung 30.26 | medium
2 | City Jakarta Barat 14.84 | low 62 | Ponorogo 30.5 | medium
3 | City Jakarta Selatan 16.23 | low 63 | Tegal 30.59 | medium
4 | City Bekasi 16.75 | low 64 | Situbondo 30.66 | medium
5 | City Yogyakarta 16.93 | low 65 | Tuban 30.76 | medium
6 | City Jakarta Timur 18.37 | low 66 | City Cirebon 31.18 | high
7 | City Jakarta Utara 18.95 | low 67 | Sukoharjo 31.33 | high
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Stunting Stunting
No. Locations Category | No. Locations Category
Prevalence Prevalence
8 | City Tangerang 19.07 | low 68 | Wonosobo 31.49 | high
9 | City Tangerang 19.85 | low 69 | Malang 31.74 | high
Selatan

10 | City Tegal 20.72 | medium 70 | Banyuwangi 32.01 | high
11 | City Mojokerto 20.86 | medium 71 | Banyumas 32.02 | high
12 | City Cimahi 21.06 | medium 72 | Serang 32.04 | high
13 | City Bandung 21.74 | medium 73 | Cilacap 32.1 | high
14 | Kulon Progo 22.65 | medium 74 | Sumedang 32.22 | high
15 | Bantul 22.89 | medium 75 | Madiun 32.44 | high
16 | City Depok 23.21 | medium 76 | Gunung Kidul 32.51 | high
17 | Tangerang 23.23 | medium 77 | Pangandaran 32.71 | high
18 | City Cilegon 23.32 | medium 78 | Bogor 32.86 | high
19 | Purworejo 23.33 | medium 79 | Blora 32.86 | high
20 | City Malang 23.42 | medium 80 | Karawang 33.11 | high
21 | City Jakarta Pusat 23.51 | medium 81 | Sragen 33.16 | high
22 | Banjarnegara 24.09 | medium 82 | Ciamis 33.39 | high
23 | City Serang 24.62 | medium 83 | Cianjur 33.51 | high
24 | Semarang 24.87 | medium 84 | Jepara 33.57 | high
25 | Batang 25.28 | medium 85 | Pemalang 33.68 | high
26 | Kendal 25.48 | medium 86 | Cirebon 33.71 | high
27 | City Blitar 25.59 | medium 87 | Tasikmalaya 33.8 | high
28 | City Tasikmalaya 25.73 | medium 88 | Kebumen 33.9 | high
29 | Rembang 25.73 | medium 89 | Magelang 33.95 | high
30 | Demak 26.1 | medium 90 | Indramayu 33.99 | high
31 | Tulungagung 26.16 | medium 91 | Lumajang 34.01 | high
32 | Pacitan 26.33 | medium 92 | City Salatiga 34.24 | high
33 | Bekasi 26.37 | medium 93 | Sumenep 34.34 | high
34 | Sidoarjo 27.05 | medium 94 | City Kediri 34.63 | high
35 | Kepulauan Seribu 27.13 | medium 95 | Garut 34.64 | high
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Stunting Stunting
No. Locations Category | No. Locations Category
Prevalence Prevalence
36 | Gresik 27.16 | medium 96 | City Pasuruan 34.88 | high
37 | Blitar 27.36 | medium 97 | Bojonegoro 34.91 | high
38 | City Magelang 27.55 | medium 98 | Pekalongan 35.12 | high
39 | City Bogor 27.79 | medium 99 | Bandung 35.21 | high
40 | City Banjar 27.89 | medium 100 | Lamongan 35.49 | high
41 | Wonogiri 27.9 | medium 101 | Majalengka 36.62 | high
42 | Karanganyar 28.02 | medium 102 | Bandung Barat 36.69 | high
43 | City Batu 28.33 | medium 103 | Pati 37.9 | high
44 | Boyolali 28.51 | medium 104 | Bondowoso 37.97 | high
45 | City Surabaya 28.57 | medium 105 | Jember 38.31 | high
46 | Subang 28.64 | medium 106 | Brebes 38.53 | high
47 | Kuningan 28.67 | medium 107 | Grobogan 39.16 | high
48 | Purbalingga 28.88 | medium 108 | Pandeglang 39.47 | high
49 | City Sukabumi 28.99 | medium 109 | City Surakarta 39.5 | high
50 | City Madiun 29.06 | medium 110 | Pasuruan 39.7 | high
51 | Kediri 29.36 | medium 111 | Trenggalek 39.88 | high
52 | Kudus 29.38 | medium 112 | Probolinggo 39.9 | high
53 | Klaten 29.62 | medium 113 | Lebak 40.19 | very high
54 | Nganjuk 29.65 | medium 114 | Ngawi 40.47 | very high
55 | City Semarang 29.68 | medium 115 | Purwakarta 41.01 | very high
56 | City Pekalongan 29.73 | medium 116 | Sukabumi 41.35 | very high
57 | Jombang 29.77 | medium 117 | Bangkalan 41.87 | very high
58 | Mojokerto 29.91 | medium 118 | Pamekasan 44.12 | very high
59 | City Probolinggo 30.02 | medium 119 | Sampang 47.92 | very high
60 | Magetan 30.25 | medium

15

Based on Table 5, the stunting prevalence estimations in Java Island is 30.14% on average,

with Sampang district having the most significant incidence (47.92%) and Sleman district having

the lowest prevalence (14.7%). Only nine districts and cities fall into the low category (green zone)
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in Figure 4, with a less than 20% stunting frequency. In contrast, 110 other districts and cities
throughout all provinces on Java island suffer from stunting issues. The proposed model yielded a

MAPE value of 11.66%, indicating good prediction.

Low (< 20)

Middle ([20,30])
High (31,40])
I very High (>40)

Figure 4. Map of the prevalence of stunting prediction in Java island
Based on Figure 4 shows the category levels (Low, Middle, High, Very High) grouped by
color. A spatial pattern is visible, where areas with similar categories tend to cluster geographically.
The “Very High” regions are concentrated in the eastern region. This suggests that areas in this
category tend to influence or be influenced by neighboring areas in the same category. The “Low”

regions are more dispersed in the western and central parts but still form a small group.

4. CONCLUSIONS

The prevalence of stunting in Java Island shows the existence of spatial autocorrelation in both
the response variable and the exogenous variables. The spatial econometric model that can be used
to analyze is the ESDM. The spatial dependency test results show positive spatial autocorrelation
in stunting prevalence, malnutrition prevalence, and human development index (HDI). The R
program, accessed for free at https://andriyanafalah.shinyapps.io/SDM-Expansion/, was used to
estimate the model parameters. Malnutrition and human development index (HDI) variables
significantly influence stunting in Java island. Therefore, stunting reduction can be accelerated by
considering these two factors. The existence of spatial dependencies illustrates that the incidence
of stunting in each district/city on Java Island is influenced by changes in causal factors in the area
and the surrounding regions. Therefore, cooperation between districts/cities in Java Island is

needed to achieve the stunting reduction target.
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