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Abstract— Stunting is a serious health problem that
impacts the quality of life of children under five. In 2023,
East Nusa Tenggara recorded the second highest prevalence
of stunting in Indonesia, influenced by health, socio-
economic and environmental factors. In terms of the
environment, remote sensing technology can be utilised to
monitor environmental factors that contribute to stunting,
such as vegetation conditions, access to clean water, and soil
conditions. This study aims to evaluate the incidence of
stunting among children under five using a hybrid machine
learning approach, combining predictive modeling and
cluster analysis. The results indicate that eXtreme Gradient
Boosting Regressor (XGBR) is the best model for estimating
stunting prevalence, with a Root Mean Squared Error
(RMSE) of 3.2076 and an R? value of 0.7223. Meanwhile,
for clustering results, K-Means Clustering is identified as
the most effective method for grouping districts/cities based
on socioeconomic and environmental factors. The
clustering process produced two groups, such as vulnerable
(Cluster 1) and highly vulnerable (Cluster 2), with
connectivity, Dunn Index, and silhouette coefficient values
of 29.290, 0.6931, and 0.4509, respectively. These findings
are expected to serve as a basis for policymakers in
formulating targeted interventions to reduce stunting rates,
particularly in highly vulnerable areas.

Keywords— machine learning, East Nusa Tenggara, official
statistics, remote sensing, stunting

I. INTRODUCTION

Malnutrition poses a threat to the life of an individual and the
development of a country, requiring significant attention to
address the problem [1]. Stunting, one of the effects of
malnutrition, is a serious health problem for under-fives as it can
impair their physical and cognitive development and
significantly impact quality of life. According to WHO, stunting
is a growth problem in children resulting from chronic
malnutrition and recurrent infections, characterised by lower
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than average height [2]. This is one of the main focuses in
achieving Sustainable Development Goals (SDGs) goal 2, target
2.2, where all forms of malnutrition must end by 2030, including
achieving targets related to stunting and wasting in children
under five.

Based on WHO and UNICEF data, Indonesia ranks 27th out
of 154 countries in the world for stunting prevalence and 5th in
Asia [3], [4]. This shows the urgent need to take effective action
to address this issue, especially in areas with a very high
prevalence of stunting. The Indonesia Health Survey 2023
reported that East Nusa Tenggara Province has the second
highest prevalence of stunting in Indonesia, at 37.9 percent [5].
Stunting can be influenced by various factors, such as
environmental conditions, access to health services, and poor
access to education [6]. According to [7], children aged 24-35
months, mothers with low education levels, and rural
environments are factors that contribute to stunting in this
region. In addition, environmental conditions can be an indirect
causal factor for stunting in children [8].

NTT province is known as an archipelagic dryland region
that has various limitations, including in health aspects. The
region is dominated by hills, high levels of drought, and low
rainfall, which contribute to limited access to clean water and
health services. In general, NTT province has a hot and dry
climate, with average temperatures reaching 27-28°C and very
limited rainfall, ranging from 600-4,800 mm? per year. These
factors worsen public health conditions and increase the risk of
malnutrition. In addition, several infectious diseases such as
helminthiasis and malaria are still significant health problems,
with the incidence of helminthiasis in school children in Sumba
Islands reaching 90% in 2019. Despite health efforts, including
malaria elimination programmes, nutritional problems such as
stunting remain a major challenge [9]. In fact, a healthy
environment plays an important role in supporting optimal child
growth, while a poor environment can increase the risk of
disease and exacerbate malnutrition [10]. Stunting is a
multidimensional problem that is not only caused by



International Journal of Computer, Network Security and Information System (IJCONSIST)

Vol. 6 No. 1, September 2024

malnutrition in pregnant women and toddlers, so its handling
efforts require the involvement of various sectors [11].

Utilising remote sensing technology as an alternative to
monitoring environmental conditions indirectly through multi-
source satellite imagery offers a number of advantages, such as
the ability to collect data on a large scale (big data) and in high
detail. Study [12] utilised Landsat-8 satellite imagery to analyse
the incidence of stunting in Lampung using Artificial Neural
Network. In addition, the study [13], [14] utilized a predictive
model to estimate stunting prevalence in Bangladesh and India
using remote sensing data. Mapping was done based on stunting
predictions with the algorithm, showing the potential of machine
learning in identifying areas with high stunting risk. Study that
integrates remote sensing in stunting study in Indonesia is still
very limited. In addition, condition monitoring also requires
statistical data from official government agencies, such as the
Central Bureau of Statistics and the Ministry of Health. Study
[1] used official statistics data to map provinces based on a
special index for handling stunting in Indonesia through
hierarchical and nonhierarchical clustering methods. In addition,
[15] mapped the prevalence of stunting in South Kalimantan
Province using K-Means with several distance measurement
scenarios, such as Canberra, Chebyshev, Euclidean, and
Manhattan. Distance measurement using Canberra produced
three clusters, while the other three methods produced five
clusters. Study by [16] also used the K-Means method, but with
a smaller area coverage, namely at the village level, by utilising
Posyandu data in Tegalwangi Village. The integration of multi-
source satellite image data and official statistics allows for a
more accurate and comprehensive mapping of stunting
incidence in East Nusa Tenggara.

Therefore, this study conducted a hybrid machine learning
analysis in the form of predictive modelling and mapping of
districts/cities based on indicators of stunting incidence in East
Nusa Tenggara Province through the integration of multi-
source satellite imagery and official statistics. Supervised
learning methods used include Random Forest Regression
(RFR), Support Vector Regression (SVR), and eXtreme
Gradient Boosting Regression (XGBR) to predict stunting
prevalence. Meanwhile, the unsupervised learning methods
applied include K-Means Clustering, K-Medoids Clustering,

and Fuzzy C-Means Clustering to group regions based on their
level of vulnerability to stunting. The results of the study are
expected to serve as a basis for the government in formulating
more effective policies and strategies to address the problem of
stunting, especially in East Nusa Tenggara, and support the
achievement of Sustainable Development Goals (SDGs) goal 2,
target 2.2, which is to end all forms of malnutrition by 2030.

Il. METHODOLOGY

A. Study Area

This study takes the study location in East Nusa Tenggara
Province, Indonesia in 2023 as shown in Fig. 1. East Nusa
Tenggara Province is a province located in the eastern part of
Indonesia, adjacent to Maluku and Papua Islands. This province
was chosen as the study area for this study because it has a high
prevalence of stunting each year.

East Nusa Tenggara Map

A

Fig. 1. Study area map.

B. Data Sources

This study uses official statistics data obtained from the
Central Bureau of Statistics and the Ministry of Health as well
as satellite images in the form of composite indices such as
Normalised Difference Vegetation Index (NDVI), Soil Adjusted
Vegetation Index (SAVI), Normalised Difference Built-up
Index (NDBI), Normalised Difference Water Index (NDWI)
from Landsat-8 and Land Surface Temperature (LST) from
MODIS obtained through Google Earth Engine processing. The
following are the details of the variables in this study. Table 1 is
a breakdown of the variables used in this study.

TABLE I. DATA AND SOURCES
Variable Description Unit Source Reference

wasting Children under five experiencing wasting Percent Ministry of Health RI [17]
imunisasi Population aged 0-59 months with complete immunization Percent [18]
sanitasi Households with access to proper sanitation Percent [17]
asi_eks Population aged 0-23 months who have ever been breastfed Percent [17]
air_minum Households with access to safe drinking water Percent Central Bureau of [19]
miskin Population in poverty Percent Statistics [18]
rls_p Average years of schooling for females Years [20]
sma_p Females aged 15 years and above with a high school diploma or equivalent Percent [18]
huruf_p Iliterate females Years [21]
konsumsi Average daily per capita calorie consumption kcal [19]
NDVI Normalized Difference Vegetation Index Index

NDWI Normalized Difference Water Index Index Landsat-8 [12]
SAVI Soil Adjusted Vegetation Index Index

NDBI Normalized Difference Built-up Index Index

LST Land Surface Temperature Celcius MODIS [12]
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C. Machine Learning

Machine learning approaches are classified into supervised
and unsupervised learning. Supervised learning trains models
using labeled data, where input features are paired with known
outputs [22]. In this study, Random Forest Regression (RFR),
Support Vector Regression (SVR), and eXtreme Gradient
Boosting Regression (XGBR) were used in regression modeling
to estimate stunting prevalence by establishing relationships
between predictors and target values for accurate predictions.
Unsupervised learning is a machine learning algorithm where
the algorithm is trained using unlabelled data [22], [23]. This
study uses unsupervised algorithms in the form of K-Means, K-
Medoids, and Fuzzy C-Means clustering. The three algorithms
include non-hierarchical clustering designed to group objects
into a number of k clusters determined in advance [1].

1) Predictive Modelling

In this analysis, predictive modelling was conducted to
estimate the prevalence of stunting using a machine learning
approach based on remote sensing and official statistics
variables. The three main models applied in this study are
Random Forest Regression (RFR), Support Vector Regression
(SVR), and eXtreme Gradient Boosting Regression (XGBR).

Random Forest Regression (RFR)

Random Forest Regression is an ensemble machine learning
method that combines multiple decision trees to produce more
accurate and stable predictions. This algorithm builds several
decision trees randomly during training and then aggregates the
predictions from each tree to obtain a final, robust value. The
main advantages of RFR include its ability to handle data with
many features, its use of bagging (bootstrap aggregation) to
reduce the risk of overfitting, and its capability to capture non-
linear relationships in data [13].

Support Vector Regression (SVR)

Support Vector Regression is a machine learning method
based on Support Vector Machines (SVM) designed for
regression tasks. This algorithm works by finding the best
function that models the relationship between independent and
dependent variables within a specified margin of error. SVR
utilizes hyperplanes and kernel functions to capture non-linear
patterns in data, making it applicable to various datasets,
including those with high-dimensional features or non-linear
distributions [24]. The main advantages of SVR lie in its strong
generalization ability, even with a limited training dataset, and
its robustness against outliers due to the margin-based
optimization approach [25].

eXtreme Gradient Boosting Regression (XGBR)

eXtreme Gradient Boosting Regression is a tree-based
boosting algorithm designed to enhance prediction accuracy by
optimizing the learning process iteratively. This algorithm
employs gradient boosting techniques, where errors from
previous models are corrected by building new models that
improve overall performance. XGBR is known for its efficiency
in handling large datasets, its ability to capture complex
variable interactions, and its built-in regularization features that
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help reduce the risk of overfitting. Additionally, XGBR has a
high training speed and often delivers more accurate results
than other regression models, making it one of the most popular
algorithms for predictive modeling [26].

2) Clustering Analysis

Before clustering, multicollinearity checks need to be
carried out on each variable in the data by looking at the
correlation between variables. The correlation criteria can be
said to have multicollinearity if > 0.8 so that the data needs to
be resolved. Principal Component Analysis (PCA) is one
method to overcome multicollinearity in data by reducing the
complexity of data dimensions to be simpler [27]. The variable
reduction process forms new components that retain total
variation so as not to eliminate the entire initial information.
The resulting new components are independent of each other,
and each component can represent or replace information from
the variables in the data [1]. The number of principal
components can be determined using a sloping scree plot, a
cumulative proportion of total variance of at least 80%, and an
eigenvalue > 1 [28].

K-Means Clustering

K-Means clustering method has been introduced by
Macqueen since 1967. K-Means is a distance-based
unsupervised learning algorithm whose ability is suitable for
large datasets quickly and efficiently. Small distance
differences will give significant similarities between objects.
The K-Means clustering algorithm starts by determining the
desired number of clusters k, usually with Elbow and Silhouette
plots. After that, data points are randomly selected to be the
initial centres of each cluster. Next, the distance between each
data point and the cluster centre is calculated using euclidean
distance. Based on this calculated distance, each data point is
then placed into the cluster with the closest centre. After all data
points are grouped into clusters, the cluster centres are updated
by calculating the average position of all data points in the
cluster. This process of placing data points into clusters and
updating the cluster centre is repeated continuously until the
position of the cluster centre no longer changes, indicating that
the cluster has reached stability [15].

K-Medoids Clustering

One of the developments of K-Means clustering is K-
Medoids which is designed to be more resistant to outliers and
noise. K-Medoids uses median values that are not affected by
outliers and noise, making it more robust than K-Means [29].
In the K-Medoids method, each cluster is represented by one
object located near the cluster centre, with the aim of reducing
the amount of dissimilarity between each object and its
representative object. The process of cluster formation with K-
Medoids begins by determining the desired number of initial
clusters k. Next, each object is grouped into clusters. Next, each
object is grouped into clusters based on its closest distance to
the representative object. New objects are then randomly
selected to serve as medoids, and this new set of medoids is
used to recalculate the cost. If the resulting cost is less than zero,
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the jth medoid is replaced with a new random medoid from the
dataset. These steps are repeated until there is no further change
in the medoids, which signifies that no objects have moved
anymore [1].

Fuzzy C-Means Clustering

Fuzzy C-Means method is a fuzzy version of the hard
clustering algorithm. Fuzzy C-Means is a clustering method
that is often used because it is easy and efficient [30]. The
algorithm involves fuzzy membership p;; and cluster centroid
V;, with exponent m used to minimise the objective function and
set the fuzziness level. A value of m = 1 produces a clear
result, while a value of m close to « produces perfect fuzziness.
Usually, the best value of m between 1 and 3 is used for more
accurate results. Equation (1) is an objective function in Fuzzy
C-Means clustering [1].

2
Jm = Biea X wd (X5, V;) @

where y;;: the membership value of the jth object in the i-th
cluster, d(X;, V;): the distance between the j-th object (X;) and
the centroid of the i-th cluster (V;), n: the number of
observations, and m: the fuzziness parameter of the clustering
result (m > 1). The Fuzzy C-Means algorithm starts by
initialising the membership value y;; of the object (X;) in the i-
th cluster, provided that the membership number of each object
is equal to 1. Next, the fuzzy centroid (V;) is calculated and
continued by updating the fuzzy membership value. The step is
repeated until no J,,, value decreases [1].

D. Model Evaluation

Evaluation of the cluster results was conducted to determine
the best method based on the following internal validation
criteria:

1) Predictive Modelling

This study employs two model evaluation metrics in
predictive modeling, such as coefficient of determination (R?)
and Root Mean Square Error (RMSE). These metrics assess the
model's performance in estimating stunting prevalence based
on official statistics and remote sensing variables.

Coefficient of Determination (R?)

Coefficient of determination (R*) measures how well the
model explains the variation in the target data. Its value ranges
from 0 to 1, where a higher value indicates a better model fit.
Equation (2) is the R? formula:

Y =92

R?=1
I vi-y?

- )
where n is the number of observations, y; represents the actual
values, J; represents the predicted values, and y; is the mean of
the actual values [24].

Root Mean Square Error (RMSE)
Root Mean Square Error (RMSE) measures the average
prediction error of the model, maintaining the same unit as the
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original data. A lower RMSE value indicates higher prediction
accuracy [25]. Equation (3) is the RMSE formula:

RMSE = |-31 . (y; — 9)? @3)

where n is the number of observations, y; represents the actual
values, and y represents the predicted values.

2) Clustering Analysis

This study employs three internal validity metrics in cluster
analysis, such as connectivity coefficient, Dunn index, and
silhouette coefficient.

Connectivity Coefficient

The lower the connectivity coefficient value, the better the
cluster formed. The connectivity coefficient has a range from
zero (0) to infinity [1]. Equation (4) is the connectivity
coefficient formula.

)

where Conn(C): connectivity coefficient, Xinny ;)" Z€T0 if i and
jare in the same cluster and 1/j otherwise, nn;;: the j-th
object's nearest neighbour of the i-th object, N: the number of

observations, and L: the parametric number of nearest
neighbours considered.

Conn(C) = Eils Xj=1 Xipny

Dunn Index

Dunn's index is the ratio between the minimum distance
between observations in clusters that have differences and the
largest intra-cluster distance. The Dunn index has a range of
values from zero to infinity. The higher the Dunn index value in
a cluster, the better the cluster results [1]. Equation (5) to
calculate the Dunn index.

min < min dist(i,j)>
Ci,ClEC,Cr#CI\i€Cy,JEC]

a’nna}zxc(diam(cm))

D(C) = ®)
where D(C): the Dunn index and diam(C,,): the maximum
distance between observations in cluster C,,.

Silhouette Coefficient

The Silhouette coefficient is used as a metric to evaluate the
reliability of the clustering process of an observation. The
Silhouette coefficient value ranges from -1 to 1. A Silhouette
coefficient value close to 1 indicates a good cluster, while one
close to -1 is considered bad [1]. Equation (6) is the Silhouette
coefficient formula.

S@) = (6)

where S(i): the Silhouette coefficient, a;: the average distance
between the i-th object and all objects in the same cluster, and
b;: the average distance between the i-th object and objects in
the nearest neighbour cluster.

bij—a;

max(b;,a;)
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I1l. RESULTS

This section presents the results of our analysis using
various machine learning approaches, including predictive
modeling, clustering analysis, as well as evaluation and
interpretation of findings. Each method is employed to identify
patterns, key determinants, and data structures relevant to
understanding the incidence of stunting in children.

A. Estimation Modelling Results with Machine Learning

Predictive modeling using machine learning regression was
conducted to identify factors that significantly contribute to the
incidence of stunting in children in East Nusa Tenggara
Province. In this study, several regression algorithms were
utilized, including Random Forest Regressor (RF), Support
Vector Regression (SVR), and XGBoost Regressor (XGBR), to
evaluate model performance in predicting stunting prevalence
based on the available predictor variables.

To achieve optimal model performance, hyperparameter
tuning was performed using the Grid Search Cross-Validation
(GridSearchCV) technique. This approach allows for the
exploration of the best hyperparameter combinations based on
predefined evaluation metrics, namely the coefficient of

determination (R*) and Root Mean Squared Error (RMSE).
Table 2 presents the optimal hyperparameter combinations
obtained for each model after tuning with GridSearchCV.

TABLE II. HYPERPARAMETER OPTIMAL FROM ML REGRESSION
Algorithm Hyperparamater Optimal
RFR {'max_depth": 5, 'min_samples_leaf": 4,
‘'min_samples_split': 2, 'n_estimators": 200}
SVR {'C" 0.1, 'epsilon: 1, 'kernel": 'linear'}
XGBR {'learning_rate": 0.01, 'max_depth": 7, 'n_estimators": 100}

Based on Table 2, each algorithm has an optimal
combination of hyperparameters tailored to enhance model
performance. Next, predictive modeling (regression) will be
conducted using these optimal hyperparameters. In this study,
data splitting is not performed due to sample size
considerations, ensuring that all available data is utilized for
model training and evaluation. The estimated prevalence of
stunting in Nusa Tenggara Timur Province, based on remote
sensing and official statistics variables, is presented in Fig. 2.

Comparison of Stunting Prevalence Estimations using Machine Learning Regression
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Fig. 2. Estimated stunting prevalence using four machine learning regression approaches.

Based on Figure 2, it can be seen that the XGBR algorithm
is able to produce stunting prevalence estimates that are closest
to the actual data compared to other models. For example, in
North Central Timor District, the estimated stunting prevalence
with XGBR is 18.78, while the actual data is 22.6. This
difference is smaller than the estimates produced by RFR
(17.96) and SVR (13.68), indicating that XGBR has a better
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level of accuracy in predicting stunting prevalence. These
estimation results are in line with the model evaluation
comparison shown in Table 3.

TABLE III. COMPARISON OF REGRESSION MODEL EVALUATION

‘ Algorithm ‘ RMSE R?
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RFR 3.9682 0.5750
SVR 5.4973 0.1843
XGBR 3.2076 0.7223

Table 3 shows that the XGBoost Regressor (XGBR)
outperforms other models in estimating stunting prevalence in
East Nusa Tenggara Province. With the lowest RMSE (3.2076)
and the highest R? (0.7223), XGBR demonstrates superior
accuracy and predictive capability. The main advantages of
XGBR over other algorithms lie in its ability to handle complex
data patterns and mitigate overfitting through regularization
techniques. Additionally, XGBR efficiently utilizes boosting to
enhance accuracy by iteratively combining multiple decision
trees. Compared to the RFR and SVR, XGBR is more adaptive
to nonlinear relationships in data, more robust against outliers,
and better at capturing feature interactions [26].

From the best model obtained (XGBR), a feature
importance analysis was conducted to identify variables that
have the greatest influence in estimating stunting prevalence.
By using XGBoost Regressor (XGBR), the contribution of each
variable can be evaluated based on its importance in the
prediction process. Figure X presents the feature importance
results from the XGBR modelling results.

Feature Importance form XGBoost Regression Model

sma_p
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asi_eks
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NDWI
LST
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Feature
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huruf p
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Feature Importance Score

0.00 005 010

Fig. 3. Feature importance results from XGBR modelling.

Based on Fig. 3., the variables from the official statistics that
have the largest influence in estimating the prevalence of
stunting are sma_p (percentage of women aged 15 years and
over who have a high school diploma or equivalent), rls_p
(average years of schooling for women), and wasting
(percentage of children under five who are wasted). The high
contribution of sma_p and rls_p indicates that the education
level of women, especially mothers, plays an important role in
reducing the risk of stunting. Higher education can improve
mothers' understanding of nutrition, health, and good parenting,
thus contributing to more optimal child growth. Meanwhile, the
wasting variable also has a significant effect, reflecting that
poor nutrition in children under five is closely related to the
prevalence of stunting. Children who experience wasting tend
to have a higher risk of experiencing stunted growth in the long
term.

On the other hand, remote sensing-based variables, such as
NDW!I (Normalized Difference Water Index) and LST (Land
Surface Temperature), suggest that environmental factors also
contribute to the estimation of stunting prevalence, albeit with
a lesser degree of influence than socio-economic and health
variables. NDWI relates to the availability of water resources,
which can affect access to clean water and sanitation, important
factors in stunting prevention. Meanwhile, LST is related to
ambient temperature, which can impact children's health,
especially in extreme temperature conditions that can worsen
nutritional status and increase the risk of infectious diseases.

B. Clustering Analysis Results with Machine Learning

An assumption that must be met before cluster analysis is
checking for non-multicollinearity. Based on the correlation of
each variable, it is known that all remote sensing index variables
have a correlation of more than 0.80. This indicates the presence
of multicollinearity in the data, so it needs to be overcome so
that further analysis can be carried out in the form of clustering.
Furthermore, analysis using Principal Component Analysis
(PCA) is carried out by forming principal components which are
linear combinations of variables in the data.

TABLE IV. DETERMINATION OF THE PRINCIPAL COMPONENT
Principal Component Eigen Value Variance (%) Variance Cumulative (%)

1 5.8593 0.3906 39.0619
2 4.0405 0.2694 65.9984
3 1.4295 0.0953 75.5284
4 1.1618 0.0775 83.2737
5 0.9156 0.0610 89.3778
6 0.5710 0.0381 93.1845
7 0.3497 0.0233 95.5157
8 0.3169 0.0211 97.6281
9 0.1597 0.0106 98.6928
10 0.0735 0.0049 99.1826
11 0.0554 0.0037 99.5517
12 0.0326 0.0022 99.7690
13 0.0277 0.0018 99.9539
14 0.0052 0.0003 99.9887
15 0.0017 0.0001 100
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Based on Table 4, it can be seen that the number of main Modelling with K-Means Clustering
components formed is four because the eigenvalue > 1 and the
cumulative variance of 83.27%. The data diversity that can be
explained by 83.27% is sufficient to describe the data structure.
Thus, this study uses four main components for further analysis
in the form of clustering.

The K-Means method clusters each observation (object)
based on the closest centroid. First, the optimal number of
clusters is determined using the Elbow and Silhouette plots. Fig.
4. shows the optimal number of clusters for the K-Means

method.
Optimal number of clusters Optimal number of clusters
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Fig. 4. Determination of the optimal number of K-Means clusters (a) Elbow plot (b) Silhouette plot.

Based on Fig. 4., the optimal number of K-Means clusters The K-Medoids method is more robust than K-Means which
formed is two clusters. Therefore, the number of clusters of two uses the median because it is not affected by outliers and noise.
will be used for further analysis. The evaluation results in the ~ The first step in K-Medoids is the same as K-Means, which is to
form of internal validation obtained connectivity coefficient, determine the optimal number of clusters with the Elbow and
Dunn index, and Silhouette coefficient of 2.9290, 0.6931, and Silhouette methods. Fig. 5. shows the graph of the optimal
0.4509, respectively. number of clusters with the K-Medoids method.

Modelling with K-Medoids Clustering
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Fig. 5. Determination of the optimal number of K-Medoids clusters (a) Elbow plot (b) Silhouette plot.
Based on Fig. 5., the optimal number of clusters formed is The Fuzzy C-Means method applies fuzzy membership
10 clusters with the Silhouette method. This results in diverse values to how much an object belongs to each existing cluster,
cluster characteristics, making it difficult to interpret. However, in contrast to the hard clustering method that assigns objects

the number of clusters of two is the second most recommended. strictly into one cluster. This algorithm considers each object as
Therefore, the number of clusters used for further analysis is two a member of each cluster with membership degrees varying
clusters. The evaluation results in the form of internal validation between 0 and 1. The determination of the optimal number of
obtained connectivity coefficient, Dunn index, and Silhouette clusters in this method is still the same as the previous methods,
coefficient of 7.7012, 0.2126, and 0.3047, respectively. namely Elbow and Silhouette. Fig. 6. is a graph of the optimal

Modelling with Fuzzy C-Means Clustering number of clusters in Fuzzy C-Means.
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Fig. 6. Determination of the optimal number of Fuzzy C-Means clusters (a) Elbow plot (b) Silhouette plot.

Based on Fig. 6., the optimal number of clusters formed is
two. Therefore, the number of clusters of two will be used for
further analysis. The evaluation results in the form of internal
validation show that the connectivity coefficient, Dunn index,
and Silhouette coefficient are 8.9230, 0.1075, and 0.3226,
respectively.

Model Evaluation Comparison

The evaluation of results in the form of internal validity was
used to determine the best cluster analysis method based on the
connectivity coefficient, Dunn index, and Silhouette coefficient.
Table 5 displays the internal validity values of the three cluster
analysis methods.

TABLE V. INTERNAL VALIDITY
Method Connectivity Dunn Silhouette
K-Means 29.290 0.6931 0.4509
K-Medoids (PAM) 77.012 0.2126 0.3047
Fuzzy C-Means (FCM) 89.230 0.1075 0.3226
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Based on Table 5 which shows the internal validity of the K-
Means, K-Medoids (PAM), and Fuzzy C-Means (FCM)
methods, it can be concluded that the K-Means method provides
the best cluster results. This can be seen from the lowest
connectivity coefficient (2.9290), indicating a more connected
and compact cluster. In addition, the highest Dunn's index value
(0.6931) indicates better cluster separation, and the highest
Silhouette coefficient (0.4509) indicates that objects in a cluster
are more similar to their own cluster than to other clusters. In
contrast, the K-Medoids and Fuzzy C-Means methods
performed less well with higher values in Connectivity and
lower values in Dunn's index and Silhouette coefficient.
Therefore, the K-Means method can be considered more
effective in producing good clusters in the evaluated dataset. The
equations are an exception to the prescribed specifications

Mapping the Incidence of Toddler Stunting in East Nusa
Tenggara Province

After obtaining the best clustering method in the form of K-
Means as many as two clusters, the next cluster profiling is done
in the form of mapping based on indicators of stunting toddlers
in East Nusa Tenggara Province. Fig. 7. is the result of mapping
using the K-Means clustering method.
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Map of Toddler Stunting Incidence Categories
A in East Nusa Tenggara in 2023

Category of Toddler Stunting Incident
[ 1 (Vulnerable)
[ 2 (Very Vulnerable)

Timor Tengah Selatan

Fig. 7. Mapping of toddler stunting incidence categories in East Nusa Tenggara in 2023

Fig. 7. shows that the southern districts/cities in East Nusa
Tenggara Province are vulnerable to stunting. Districts/cities in
this cluster include Belu, Kota Kupang, Kupang, Lembata,
Malaka, Sabu Raijua, Rote Ndao, Sumba Barat Daya, Sumba
Barat, Sumba Timur, Sumba Tengah, Timor Tengah Utara, and
Timor Tengah Selatan. Meanwhile, cluster two, which includes
Flores Timur, Ende, Alor, Manggarai, Ngada, Nagekeo,
Manggarai Timur, Manggarai Barat, and Sikka.

Based on the feature importance results from the regression
model (Fig. 3.), the three most important features from official

statistics include sma_p (the percentage of women aged 15 and
over with a high school diploma or equivalent), rls_p (the
average years of schooling for women), and wasting (the
percentage of children under five who are wasted). Meanwhile,
from remote sensing data, the key features include NDWI
(Normalized Difference Water Index) and LST (Land Surface
Temperature). Therefore, policies to address stunting should
focus on education, maternal and child health, and
environmental management tailored to the specific
characteristics of each cluster.

TABLE VI. INDICATORS OF TODDLER STUNTING INCIDENTS USING THE K-MEANS METHOD

Indicators Cluster 1 Cluster 2
wasting 7.93 9.25
imunisasi 69.57 64.14
sanitasi 79.66 70.71
asi_eks 96.90 94.53
air_minum 93.58 81.97
miskin 17.79 23.01
rls_p 7.68 7.45
sma_p 14.81 17.43
huruf_p 3.48 8.65

konsumsi 1995.00 1892.75
NDVI 0.76 0.63
NDWI -0.84 -0.77
SAVI 0.46 0.37
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NDBI

-0.28

-0.13

LST

27.99

31.07

Based on Table 6, districts/cities in cluster one tend to have
a low percentage of children under five with malnutrition status
(wasting), as well as higher levels of female education (sma_p
and rls_p) than other clusters. This suggests that maternal
education plays an important role in maintaining low stunting
rates, as mothers with higher education tend to have a better
understanding of nutrition, health, and parenting. Therefore,
policies that can be implemented as a strengthening measure
include optimising women's education programmes, with a
focus on improving nutrition and reproductive health literacy at
the secondary school level. In addition, continuous socialisation
on parenting and balanced nutrition for pregnant women and
mothers with children under five also needs to be expanded
through various platforms, including public health services and
digital technology. In terms of environment, the cluster has low
NDWI and LST, indicating that the area has limited water
availability and relatively lower land surface temperatures
compared to other areas. Nonetheless, access to sanitation and
drinking water in this area is decent, possibly due to the
existence of basic infrastructure such as clean water networks
and adequate sanitation facilities. This indicates that the
government's efforts to provide clean water and sanitation have
gone well, despite the region's natural terrain.

However, the districts in cluster two have characteristics that
are the opposite of cluster one. This cluster has a high percentage
of under-five wasting and a low quality of education for women,
indicating the need for comprehensive interventions in health
and education. Policies that can be implemented include
improving access to education for women through scholarships
and compulsory education programmes (education programmes
in 3T areas), as well as strengthening maternal and child health
services, including under-five nutrition monitoring and
supplementary feeding for vulnerable groups. Environmentally,
the region has high NDWI and LST values, indicating the
availability of sufficient water sources, but also hot surface
temperatures. This could be because although there are water
sources, their distribution and utilisation may not be optimal, or
low vegetation causes temperatures to remain high. Therefore,
policies that can be implemented include better management of
water resources, improved access to clean water and sanitation,
and afforestation efforts to lower ambient temperatures and
create healthier conditions for children.

IV. LIMITATION

This study has several key advantages, such as the utilization
of official statistics data, which has been shown in previous
study to significantly influence stunting prevalence, the
integration with remote sensing data, which enables a more
comprehensive analysis of environmental factors affecting
stunting, and the implementation of a hybrid machine learning
model to enhance prediction accuracy by combining statistical
and remote sensing features. However, this study also has some
limitations. The availability and resolution of remote sensing
data may affect the granularity of the analysis, potentially
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limiting the ability to capture local variations in stunting
prevalence. Additionally, while the hybrid machine learning
model improves predictive performance, it requires extensive
computational resources and careful parameter tuning. Lastly,
the study relies on existing official statistics, which may be
subject to reporting biases or data collection inconsistencies
across different regions. Future study could address these
limitations by incorporating higher-resolution satellite data,
exploring alternative machine learning techniques, and
validating the findings with field-based surveys.

V. CONCLUSION

This study demonstrates how a hybrid machine learning
model, combining predictive modeling with cluster analysis, is
used to evaluate the prevalence of stunting among children
under five in East Nusa Tenggara Province. By integrating
remote sensing data for environmental factors and official
statistics for socio-economic factors, this study provides a more
comprehensive understanding of the key determinants
influencing stunting prevalence. The predictive modeling results
indicate that XGBR is the best-performing model for estimating
stunting prevalence in this region, with an RMSE of 3.2076 and
an R? of 0.7223. Furthermore, the feature importance results
from this model are utilized for subsequent cluster analysis. The
best clustering method is obtained using K-Means, which forms
two clusters: Cluster 1 (vulnerable) and Cluster 2 (highly
vulnerable) to stunting, with connectivity, Dunn Index, and
silhouette coefficient values of 29.290, 0.6931, and 0.4509,
respectively. Future study can enhance this model by
incorporating additional variables, such as distance to healthcare
facilities, poverty levels, and more detailed environmental
factors. Additionally, utilizing higher-resolution satellite
imagery can improve accuracy in analyzing environmental
influences on stunting. Overall, the findings of this study can
serve as a foundation for data-driven policy making to address
stunting in East Nusa Tenggara Province.
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