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Abstract: Stunting is a major public health issue in Aceh, Indonesia, requiring advanced analytical
techniques for effective interventions. This study presents a novel hybrid machine learning
framework designed to enhance the analysis of stunting through improved classification, predictive
modeling, and clustering optimization. The framework utilizes Support Vector Machines (SVM)
with Radjial Basis Function (RBF) and Sigmoid kernels for classification. The RBF kernel achieved
an accuracy of 91.3%, significantly outperforming the Sigmoid kernel's 85.6%. Linear Regression
was employed for predictive modeling, yielding a Mean Squared Error (MSE) of 0.137, which
indicates strong predictive accuracy. In clustering, the optimized K-Medoids method, incorporating
a weight product approach, demonstrated superior efficiency by requiring only 3 iterations for
convergence, compared to 7 iterations for the conventional K-Medoids method. Additionally, it
achieved a higher Calinski Harabasz Index of 93.7, compared to 85.2 for the conventional method.
This comprehensive approach enhances accuracy and efficiency across classification, prediction,
and clustering tasks, providing valuable insights for targeted interventions and policy development
to address stunting in Aceh.

Keywords: stunting; machine learning; support vector machines; linear regression; k-medoids;
clustering optimization; weight product; Aceh

1. Introduction

Stunting, a chronic condition caused by prolonged undernutrition, continues to be a pressing
public health challenge in many developing regions, including Aceh, Indonesia [1,2]. Characterized
by low height-for-age, stunting not only signifies severe nutritional deficiencies but also acts as a
predictor of a child’s overall health, cognitive development, educational attainment, and future
economic productivity [3,4]. Despite numerous public health initiatives, the prevalence of stunting
in Aceh remains alarmingly high, reflecting deep-rooted issues related to food security, healthcare
access, and socio-economic disparities [5].

In the realm of health informatics, machine learning (ML) has emerged as a transformative tool,
revolutionizing the analysis of public health data and the design of intervention strategies [6-8]. ML's
ability to process large datasets and uncover hidden patterns offers a robust alternative to traditional
statistical methods, which often struggle to address the complex interplay of factors contributing to
public health challenges like stunting [9,10]. By leveraging ML techniques, researchers can develop
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models that more accurately classify, predict, and cluster stunting-related data, leading to more
targeted and effective public health interventions.

Traditionally, studies have employed conventional statistical methods to analyze stunting
prevalence and its associated risk factors. For instance, Ssentongo et al. [11] utilized epidemiological
approaches to assess stunting across various regions. However, recent research has increasingly
incorporated ML to enhance analytical precision. Studies by Vu [12] and Anku et al. [13] have
demonstrated the potential of ML algorithms, such as decision trees and neural networks, in
identifying patterns and predictors of stunting more effectively than traditional methods.

Among the various ML algorithms, Support Vector Machines (SVM) are widely recognized for
their effectiveness in classification tasks, particularly in high-dimensional spaces where multiple
variables interact [14-17]. The performance of SVM models is significantly influenced by the choice
of kernel function. Radial Basis Function (RBF) and Sigmoid kernels are commonly utilized due to
their ability to capture non-linear relationships within the data [18,19]. However, there is a need for
more empirical studies to evaluate the performance of these kernels specifically in the context of
stunting classification [20].

Predictive modeling is another crucial component for forecasting stunting trends and
identifying at-risk populations [21,22]. Linear regression, a fundamental technique in predictive
analytics, remains reliable for this purpose. By minimizing the Mean Squared Error (MSE), linear
regression models can provide accurate predictions, essential for effective public health planning and
resource allocation [23]. Nonetheless, the application of linear regression in stunting analysis,
especially when combined with other ML techniques, has not been extensively explored.

Clustering analysis is vital for identifying regional patterns in stunting prevalence [24,25]. This
study introduces an optimized K-Medoids clustering method that incorporates a weight product
approach to enhance the accuracy and relevance of clustering outcomes. The effectiveness of this
method is evaluated using the Calinski Harabasz Index, a well established metric for assessing cluster
validity. Higher index values indicate more distinct and well defined clusters, which are crucial for
understanding the spatial distribution of stunting across different regions in Aceh [26]. These insights
are essential for formulating targeted public health interventions tailored to the specific needs of each
area.

This study aims to develop a comprehensive and robust framework for analyzing stunting in
Aceh by integrating advanced machine learning techniques. Specifically, the study focuses on
enhancing classification accuracy using Support Vector Machines (SVM) with Radial Basis Function
(RBF) and Sigmoid kernels, improving predictive capabilities through linear regression, and
optimizing regional clustering using an enhanced K-Medoids method. The ultimate goal is to
generate actionable insights that can inform policymaking, resource allocation, and targeted
interventions to effectively reduce stunting prevalence in Aceh.

The research makes several key contributions, including:

. Hybrid Machine Learning Approach: Integrating SVM, linear regression, and an optimized K-

Medoids clustering method into a comprehensive framework for stunting analysis.

e  Enhanced Classification Accuracy: Applying SVM models with RBF and Sigmoid kernels to
achieve superior classification performance.

e  Precise Predictive Modeling: Utilizing linear regression to generate accurate predictions of
stunting prevalence.

e  Optimized Clustering Method: Introducing a novel weight product approach in K-Medoids
clustering to improve the understanding of regional stunting patterns.

The paper is organized as follows: Section 2 reviews the current research on stunting and the
applications of machine learning, highlighting key developments and challenges. Section 3 describes
the methodology, including data collection, preprocessing, and the machine learning techniques
used. Section 4 presents the results, comparing the performance of various models and approaches.
Finally, Section 5 discusses the implications of the findings and offers recommendations for future
research and policy actions. Through this comprehensive approach, the study aims to provide
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valuable insights that can enhance public health strategies, improve intervention effectiveness, and
contribute to the reduction of stunting prevalence in Aceh.

2. Related Works

This section reviews the literature on stunting analysis, the application of machine learning in
health data analysis, and various methods used for classification, prediction, and clustering. It also
highlights how this study differs from and builds upon previous research.

2.1. Stunting Analysis and Public Health Interventions

Stunting, characterized by low height for age, remains a critical public health issue with
significant implications for long-term health, cognitive development, and economic productivity [27-
29]. Extensive research has documented its persistence in developing regions and highlighted the
need for effective interventions [30]. Mondon et al. [31] identified key socio-economic and
environmental factors contributing to stunting in Southeast Asia, emphasizing the necessity for
targeted nutritional programs and comprehensive strategies addressing both immediate and
underlying causes. Haselow et al. [32] evaluated public health campaigns aimed at reducing stunting
rates in rural areas and found that, despite some progress, challenges like food insecurity and limited
healthcare access persist. These studies collectively underscore the need for integrated approaches
combining direct nutritional support with broader socio-economic improvements.

2.2 Machine Learning in Health Data Analysis

Machine learning (ML) techniques have increasingly been applied to health data analysis to
uncover complex patterns and improve prediction accuracy [33-36]. Kumar et al. [37] demonstrated
the effectiveness of Support Vector Machines (SVM) in classifying health conditions from intricate
datasets, showcasing SVM's robustness in handling high-dimensional data and interpreting complex
health information. Similarly, Leung et al. [38] used linear regression models to forecast disease
prevalence, highlighting the technique's reliability in predicting health trends based on historical
data. However, linear regression alone may not capture the full complexity of health data, especially
when combined with other ML techniques for enhanced insights [39].

Despite these advancements, the application of ML techniques to stunting analysis remains
underexplored [40]. Most existing studies have focused on isolated ML methods without integrating
them into a comprehensive framework. This research aims to address this gap by employing a hybrid
approach that combines SVM, linear regression, and optimized K-Medoids clustering, providing a
more nuanced understanding of stunting patterns and improving prediction accuracy and
intervention strategies.

2.3 Support Vector Machines (SVM) and Kernel Functions

Support Vector Machines (SVM) are renowned for their effectiveness in classification tasks,
particularly due to their ability to handle non-linear relationships within datasets [41-44]. Sun et al.
[45] assessed various SVM kernel functions for medical diagnostics, finding that Radial Basis
Function (RBF) kernels generally outperformed others. This research demonstrated RBF’s superior
capability in managing non-linearity and processing high-dimensional data, establishing it as a
preferred kernel for complex classification tasks [46]. Despite these advancements, empirical research
specifically focusing on the use of SVM kernels for stunting classification remains limited. This study
addresses this gap by employing both RBF and Sigmoid kernels in SVM to analyze stunting data
comprehensively. By rigorously comparing these kernels, the research aims to refine classification
accuracy and provide valuable insights into optimizing kernel functions for stunting analysis.
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2.4. Predictive Modeling with Linear Regression

Linear regression is a cornerstone of predictive modeling due to its simplicity and effectiveness
in estimating outcomes based on input variables [47-49]. Islam et al. [50] highlighted the utility of
linear regression in forecasting disease prevalence, emphasizing its reliability and interpretability in
health analytics. Despite its well-established use, integrating linear regression with other machine
learning techniques for analyzing stunting has not been thoroughly investigated. This study
addresses this limitation by combining linear regression with SVM and optimized clustering
methods, aiming to enhance predictive accuracy and offer a more nuanced understanding of stunting
prevalence. This hybrid approach leverages the strengths of linear regression alongside advanced
ML techniques to provide a more comprehensive analysis and improve predictive modeling in public
health contexts.

2.5. Clustering Techniques and Optimization

Clustering analysis is essential for identifying patterns and groups within data [51,52].
Traditional methods like K-Medoids have been used to analyze health data, but recent advancements
have introduced optimization techniques to enhance clustering accuracy. Ikotun et al. [53] explored
techniques to improve clustering precision, while Chen et al. [54] applied weight product methods
in K-Medoids to refine cluster validity. Although these methods show promise, their application to
stunting data, especially in regional analysis, remains limited. This study introduces an optimized K-
Medoids clustering approach incorporating weight product methods to provide more accurate
insights into regional stunting patterns.

Additionally, incorporating optimization techniques in clustering not only improves the
accuracy of identifying distinct patterns but also enhances the detection of subtle regional variations
in stunting prevalence. By using a weight product approach, this study aims to better capture the
diversity within stunting data across different regions in Aceh. This refined clustering method is
expected to offer more actionable insights, allowing for more targeted public health interventions
that address specific needs in various sub-regions. The improved clustering results will provide a
clearer understanding of stunting's spatial distribution, contributing to more effective and localized
strategies to combat this public health challenge.

This study extends previous research by integrating advanced machine learning techniques to
offer a comprehensive analysis of stunting in Aceh. Unlike earlier studies that predominantly relied
on traditional statistical methods, this research employs a hybrid approach combining Support
Vector Machines (SVM) with Radial Basis Function (RBF) and Sigmoid kernels, linear regression, and
optimized K-Medoids clustering.

The novelty of this study lies in its hybrid methodology, which enhances classification accuracy,
improves predictive capabilities, and refines clustering analysis. By applying SVM with various
kernels and integrating an optimized K-Medoids approach, this research overcomes the limitations
of traditional methods and provides deeper insights into stunting patterns. Furthermore, while
existing studies often focus on isolated aspects of stunting, this research offers a unified framework
combining different ML techniques for a more nuanced understanding of stunting in Aceh. This
comprehensive approach is expected to inform more effective public health interventions and policy-
making, contributing significantly to the reduction of stunting prevalence. The comparative analysis
of stunting research and differences with the current study are illustrated in Table 1.
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Table 1. Comparative Analysis of Stunting Research and Differences with Current Study.

Authors Methodology Obijectives

Techniques Used Performance

Key

Contributions

[55]

Traditional
statistical

methods

Analyze

socioeconomic an

environmental

factors

Descriptive
statistics, cross-

sectional surveys

Not specified

Identified key
socioeconomic
determinants of
stunting;
emphasized the
need for
targeted
nutritional

interventions

[56]

Public health
campaign

evaluation

Assess
effectiveness of
public health

campaigns

Comparative
analysis, survey
data

Some progress
in reducing
stunting; gaps

remain

Evaluated the
impact of
health
campaigns on
stunting rates;
identified
persistent
challenges such
as food
insecurity and
limited
healthcare

access

[57]

Machine
learning for

classification

Classify health

conditions using

complex datasets

Support Vector
Machines (SVM)

Effective in
handling high
dimensional

data

Demonstrated
SVM's
capability in
managing
complex health
data; set a
benchmark for
machine
learning in
health

diagnostics

[58]

Kernel function

comparison

Compeare the
performance of
different SVM
kernels in

diagnostics

Radial Basis
Function (RBF),

Sigmoid kernels

RBF kernels
generally
provided
superior

performance

Compared
SVM kernels to
determine the
most effective
for medical

diagnostics
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Improved
. accuracy of
Analyze patterns in Enhanced .
) ) clustering
Clustering health data and . clustering ]
[59] i . . K-Medoids . analysis
analysis improve clustering accuracy with
T through
accuracy optimization
advanced
techniques
Demonstrated
the utility of
linear
) ) regression for
Linear Regression, Accurate short-
Time series Forecast stunting . forecasting
[60] o Time Series term )
prediction prevalence trends ) o stunting trends,
Analysis predictions L
contributing to
better resource
allocation and
policy planning
Integrated
SVM, linear
regression, and
optimized K-
Medoids
Improved .
) . o clustering;
. Comprehensive ~ SVM with RBF and classification .
Hybrid . L . provided a
. analysis of stunting Sigmoid kernels,  accuracy, .
Current machine . . . . o unified
. in Aceh using linear regression,  predictive
Study learning o . framework for
advanced ML optimized K- capabilities, .
approach . . . stunting
techniques Medoids and clustering

analysis and
offered

actionable

insights

insights for
public health

interventions

3. Materials and Methods

This section outlines the materials and methodologies used in the study to analyze stunting
prevalence in Aceh through a hybrid machine learning approach. The following subsections detail
the data sources and machine learning techniques employed for classification, prediction, and

clustering optimization.

doi:10.20944/preprints202409.0485.v1
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3.1. Data Collection

The data utilized in this study encompasses stunting prevalence rates across districts and cities
in Aceh Province, Indonesia, for the years 2019 to 2023, as shown in Table 2. The dataset includes
various variables that are essential for a comprehensive analysis of stunting and its associated factors.
Table 3 summarizes the key variables used in this research.

Table 2. Stunting Prevalence Rates by District in Aceh Province (2019-2023).

District/City 2019 2020 2021 2022 2023
Banda Aceh 27.6% 27.0% 26.0% 24.5% 23.5%
Aceh Besar 32.4% 31.5% 30.5% 29.5% 28.5%
Aceh Barat 35.2% 34.0% 33.0% 32.0% 31.0%
Aceh Timur 34.1% 33.0% 32.0% 31.0% 30.0%
Aceh Utara 38.3% 37.5% 36.7% 36.0% 35.2%
Bireuen 33.8% 33.0% 32.0% 31.0% 30.0%
Lhokseumaw 30.6% 29.5% 28.5% 27.5% 26.5%
e

Aceh Selatan 32.2% 31.0% 30.0% 29.0% 28.0%
Aceh 36.7% 36.0% 35.2% 34.5% 33.7%
Tenggara

Subulussalam 47.9% 46.5% 45.0% 43.5% 42.0%
Pidie 33.4% 32.5% 31.5% 30.5% 29.5%
Pidie Jaya 37.8% 37.0% 36.2% 35.5% 34.7%
Aceh  Barat 35.2% 34.5% 33.7% 33.0% 32.2%
Daya

Gayo Lues 34.0% 33.0% 32.0% 31.0% 30.0%
Aceh 32.1% 31.0% 30.0% 29.0% 28.0%
Tamiang

Nagan Raya 32.6% 31.5% 30.5% 29.5% 28.5%
Simeulue 37.2% 36.5% 35.7% 35.0% 34.2%
Aceh Singkil 30.8% 29.5% 28.5% 27.5% 26.5%
Bener Meriah 37.0% 36.2% 35.5% 34.7% 34.0%
Aceh Jaya 31.9% 30.5% 29.5% 28.5% 27.5%
Aceh Tengah 33.3% 32.5% 31.5% 30.5% 29.5%

The data presented in Table 2 outlines the stunting prevalence rates across districts and cities in
Aceh Province, Indonesia, from 2019 to 2023. This dataset offers valuable insights into the extent of
stunting a chronic condition caused by prolonged undernutrition across various regions within the
province. In Banda Aceh, stunting rates have shown a consistent decline, decreasing from 27.6% in
2019 to 23.5% in 2023. This suggests improvements in nutritional status over the years. Similarly,
Aceh Besar and Aceh Barat have experienced reductions in stunting rates, with figures falling from
32.4% and 35.2% in 2019, respectively, to 28.5% and 31.0% in 2023, indicating positive progress.

Conversely, districts such as Aceh Utara and Subulussalam exhibit some of the highest stunting
rates, starting at 38.3% and 47.9% in 2019. Although there has been a decrease, the rates remain
relatively high, highlighting persistent nutritional challenges in these areas. Lhokseumawe and Aceh
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Singkil show lower stunting rates compared to other districts, with percentages dropping from 30.6%
and 30.8% in 2019 to 26.5% by 2023. Areas such as Pidie Jaya, Simeulue, and Bener Meriah
consistently report elevated stunting rates throughout the study period, indicating ongoing issues
with child nutrition and the need for targeted public health interventions. This comprehensive data
is crucial for understanding regional variations in stunting and for developing effective strategies to
address malnutrition in Aceh Province.

Table 3. The key variables used in this research.

Variable Description

) Proportion of children under five years classified as stunted based on
Stunting Prevalence Rates )
height-for-age measurements.

) ) Includes household income, parental education levels, and
Socio-Economic Factors . ) ) .
employment status, which are potential predictors of stunting.

. Information on dietary intake, availability, and consumption of
Nutritional Data ] ]
essential nutrients.

Variables related to the accessibility and quality of healthcare services,
Healthcare Access including medical facilities, vaccination rates, and maternal health

services.

) Data on living conditions, such as sanitation, clean water access, and
Environmental Factors ) )
housing quality.

Variables including age, gender, and geographical location of the

Demographic Information
children.

3.2. Proposed Method

The proposed method integrates several advanced machine learning techniques to provide a
comprehensive analysis of stunting prevalence in Aceh. The methodology is designed to enhance
classification accuracy, improve predictive capabilities, and refine clustering analysis. The proposed
method for this study adopts a multi-dimensional approach, starting with Classification Using
Support Vector Machines (SVM). This phase utilizes Radial Basis Function (RBF) and Sigmoid
kernels, chosen for their proficiency in managing the non-linear relationships intrinsic to the complex
factors influencing stunting. The SVM models undergo training and validation through a 10-fold
cross-validation process, ensuring robust performance and reducing the likelihood of overfitting. The
models' efficacy is then assessed using metrics such as accuracy, precision, recall, and F1-score, with
confusion matrices provided to visualize the effectiveness of the classification.

Following the classification stage, Predictive Modeling with Linear Regression is employed to
project future stunting prevalence based on historical data. This method is selected for its
straightforwardness and its capacity to model the relationships between stunting prevalence and
various independent variables, including socio-economic factors and healthcare access. The linear
regression model's precision is evaluated using the Mean Squared Error (MSE) metric, with lower
MSE values indicating more accurate predictions, which are vital for effective public health planning.

Subsequently, the study proceeds with Clustering Analysis using Optimized K-Medoids.
Initially, the K-Medoids algorithm, recognized for its robustness against outliers, is applied to
categorize regions exhibiting similar stunting prevalence patterns. The traditional K-Medoids
algorithm is then refined through a weight product approach, which assigns significance to variables
based on their importance, thereby enhancing clustering accuracy by highlighting the most critical
factors. The efficacy of the optimized clustering method is validated using the Calinski Harabasz
Index, with higher values indicating well-defined clusters, essential for understanding regional
stunting patterns. Additionally, the study will analyze the number of iterations required for both the
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conventional K-Medoids and the Weight Product approach to further evaluate the efficiency and
effectiveness of the clustering methods, as shown in Figure 1.

Process

Performance evaluation:
e i . - 10 fold cross validation
Sl S S —» - Accuracy, recall, precission,
. : -1 score
Prediction Modeling using Linier | : R : Performance evaluation:
Regression : G
Regional Clustering Using K- : %rgmgmz ;Vha;“zj?ggr;;
= 5 Medoids . '- -
Input : . . - Number of iterations
o . ' Performance evaluation:
Optimization of K-Medoids —p - Chalinksi Harabaz Index
Clustering Using Weighted Product | : : _ Number of iterations

Output

Figure 1. The proposed hybrid machine learning framework.

Figure 1 illustrates the proposed hybrid machine learning framework, which combines three
core components: Classification Using Support Vector Machines (SVM), Predictive Modeling with
Linear Regression, and Clustering Analysis with Optimized K-Medoids. The figure shows the
sequence in which these methods are applied starting with SVM for classification, followed by linear
regression for forecasting, and concluding with clustering analysis through an enhanced K-Medoids
algorithm. It also presents the evaluation metrics used for each method, including accuracy,
precision, recall, Fl-score, Mean Squared Error (MSE), and the Calinski Harabasz Index.
Additionally, the figure highlights the optimization of the K-Medoids algorithm and the assessment
of the number of iterations for both conventional and optimized approaches.

3.3.1. Support Vector Machines (SVM)

Support Vector Machines (SVM) are employed for classification tasks within this study. The
process begins with the input of stunting data, followed by the application of SVM models using two
different kernel functions: Radial Basis Function (RBF) and Sigmoid. These kernels are chosen for
their ability to handle the non-linear relationships present in the data and improve classification
accuracy. The performance of the models is compared by evaluating their effectiveness through 10-
fold cross-validation and analyzing confusion matrices. The evaluation metrics include accuracy,
recall, precision, and F1-score, which are used to measure the models' classification performance. The
framework for SVM is depicted in Figure 2. The methodology involves the following steps:

1. Data Input,

The process starts by feeding stunting-related data into the SVM framework. This dataset
includes various features pertinent to stunting prevalence, which are crucial for both the training and
evaluation of the SVM models.

2. Kernel Selection,
e  Radial Basis Function (RBF) Kernel,

The RBF kernel is employed to address non-linear relationships in the data. The kernel function
is mathematically defined in Equation (1) [61].
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2
il

2 g

K(x;,x)=exp | -

where xi and xj are feature vectors, and o is the parameter defining the kernel width.
e  Sigmoid Kernel,

To handle non-linear relationships, the Sigmoid kernel is utilized, as defined in Equation (2).

K (x;,x))=tanhi@( or(x;.x;) +¢) )
where a and c are parameters specific to the sigmoid function.
3. Model Training and Validation,

SVM models are trained using a 10-fold cross-validation process. This involves partitioning the
dataset into 10 subsets. The model is trained on nine of these subsets and validated on the remaining
one, with this process being repeated 10 times to ensure that each subset is used as a validation set
once. This approach helps in providing a robust evaluation of the model’s performance.

4. Performance Evaluation,
The effectiveness of the models is assessed using several metrics:
e Accuracy is calculated using the formula given in Equation (3).

A B Number of Correct Predictions
ceuracy= Total Number of Predictions

®)

e Recall is computed according to the formula presented in Equation (4).

Recalle True Positives 4
€@ True Positives+False Negatives @

e  Precision is calculated using the formula given in Equation (5).

Precisi True Positives 5)
recision=
True Positives+False Positives

e  The Fl-score is calculated using the formula given in Equation (6).

F1-S _ZXPreCisionXRecall ©)
mocore= Precision+Recall

Process

Stunting Dataset I—P | Preprocessing |—.| Train-Test Split |

Input

‘ SVM Model |
v v
| RBF Kernel | ‘ Sigmoid Kernel | ;
| Model Training | _p | Model Evaluation |—>| Cross-Validation :

Output

Figure 2. Framework for Support Vector Machines (SVM).
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3.3.2. Linear Regression

Linear regression models are employed for predictive analysis to estimate stunting prevalence
based on historical data. The approach involves the following steps [62]:
e Input data,

Begin by organizing the historical data related to stunting prevalence, which includes various
independent variables such as socio-economic factors, healthcare access, and nutritional indicators.
e Linear regression equation,

Develop the linear regression model based on the input data, where the relationship between

the

Y=B,+B, X1+p,Xot.. +B_Xyte @)
dependent variable (stunting prevalence) and independent variables is represented by the Equation
).

Here, Y represents the predicted stunting prevalence, (o is the intercept, p1,32...,fn are the
coefficients for each independent variable X1,Xz,...,Xn and € is the error term.

e  Model training,

The model is trained by fitting the regression line to the historical data, minimizing the residual
sum of squares between observed and predicted values.

e Model evaluation using Mean Squared Error (MSE),

The predictive accuracy of the model is evaluated using the Mean Squared Error (MSE),
calculated using Equation (8).

It ~ N2
MSE== " (¥:-¥,) @)
i=1

In this context, Yi represents the observed stunting prevalence, Y”i is the predicted value, and n
denotes the number of observations. A lower MSE value signifies higher predictive accuracy. The
Linear Regression (LR) framework is depicted in Figure 3.
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: +
| Check for Linearity |

v

Create the Prediction
Model
v

Calculate Parameters
(aand b)

. s R 5

Formulate the Linear
Regression Equation

Stunting Dataset |—> |

Figure 3. The Linear Regression (LR) Framework.

3.3.3. K-Medoids Clustering

This study employs K-Medoids clustering to identify and group regions in Aceh with similar
stunting prevalence patterns. Unlike the K-Means algorithm, which is sensitive to outliers because it
uses centroids, K-Medoids selects actual data points, known as medoids, as the cluster centers. This
approach makes it more robust and better suited for real-world data, where outliers can significantly
distort results.

By clustering regions with similar characteristics, the study aims to uncover the underlying
patterns and relationships among various factors contributing to stunting. These clusters can then be
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analyzed to provide targeted policy recommendations and interventions. The robustness of K-
Medoids ensures that the identified clusters are both meaningful and resistant to anomalies in the
data, resulting in more reliable insights for public health planning in Aceh. K-Medoids clustering
involves several key mathematical components used to form and validate clusters. The main
formulas are as follows [63]:
e  Distance Calculation,

The distance between a data point Xi and a medoid Mj is calculated using Euclidean distance, as
shown in Equation (9). However, other distance metrics, such as Manhattan distance, can also be
applied.

d(X;,Mj)= Z(Xik'Mjk)z )
=1

where Xk and Mjxrepresent the values of the kth feature for data point Xiand medoid Mj, respectively.
e  Total Cost Calculation,
The total cost, as defined in Equation (10), for a set of medoids is the sum of the distances
between each data point and its assigned medoid.
N
Cost= Z d(X,M;) (10)
=
where N is the total number of data points, and d(Xi,Mj) is the distance between data point Xi and its
nearest medoid M;j.
e  Chalinski harabaz index,

The Calinski Harabasz Index, as defined in Equation (11), is a metric used to assess the quality
of clustering. It evaluates how well-defined and distinct the clusters are. The index is calculated using
the formula:

_ trace(By)/(k-1)

" trace(W,)/(N-K) (1)

where trace(Bk) is the between cluster dispersion (sum of squared distances between cluster centroids
and the overall mean), and trace(Wk) is the within cluster dispersion (sum of squared distances
within clusters). Higher values of the index indicate better defined and more distinct clusters. The
framework for K-Medoids clustering is illustrated in Figure 4.

Process
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Stunting Dataset |—p LEIEL I iothe Nearest || Update Medoids |—pf Basedon New
: Parameters Medoid Medoids
Visualize Results 14—  Final Clusters  |a— Check for
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Chalinski Harabaz |g—{ Iteration count
Index Analysis Analysis

Output

Figure 4. K-Medoids framework.
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3.3.4. K-Medoids Optimization using Weight Product Method

This research employs an optimized K-Medoids clustering technique to identify regional
patterns in stunting prevalence. The optimization incorporates a weight product approach to enhance
cluster validity and offer more accurate insights into the spatial distribution of stunting. The weight
product (WP) is calculated using the formula provided in Equation (12) [64].

WPOGMy)=[ [ M) (12)
k=1

where Xi is a data point, Mj is a medoid, wk is the weight for the kth feature, and d(Xi,Mj) is the
distance between the kth feature of Xi and M;. This method helps prioritize features based on their
relevance to stunting prevalence.

The framework for K-Medoids Optimization using the Weight Product Method is illustrated in
Figure 5. This framework outlines the steps involved in optimizing the K-Medoids clustering process
by integrating a weight product approach. It begins with assigning weights to features based on their
importance, followed by calculating the Weight Product for each data point relative to potential
medoids. The framework then involves selecting initial medoids based on the highest Weight Product
values, applying the K-Medoids algorithm with these initial medoids, and refining them iteratively
to minimize clustering costs. Finally, the optimized clustering results are compared with those from
the conventional K-Medoids method, with the quality assessed using the Calinski Harabasz Index.

Process
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H Assign Data Points to the Nearest |[_y,] Update Medoids [ Based on New
: WP Model —b- Medoid based on WP Medoids
Thpit : ¥ J
: Initialize Forel ; Check for
' Vi lize Results
SR g Dataset ; DEraREiarS isualize Results Final Clusters  |a—| Convargence

Chalinski Harabaz
Index Analysis

Output
Figure 5. Framework for K-Medoids Optimization Using the Weight Product Method.

4. Results

This section presents the outcomes of our analysis using the different machine learning methods
discussed: Support Vector Machines (SVM), Linear Regression, and K-Medoids clustering. The
results are organized by each method, including performance metrics, comparisons, and
interpretations of the findings.

4.1. Classification Results Using Support Vector Machines (SVM)

The performance of the Support Vector Machines (SVM) models was evaluated using two
different kernels: Radial Basis Function (RBF) and Sigmoid. This evaluation was conducted through
a rigorous 10-fold cross-validation process, as shown in Table 4. The results, including key metrics
such as accuracy, precision, recall, and F1-score, are detailed in Table 5. Additionally, the results of
the 10-fold cross-validation for RBF Kernel in SVM are illustrated in Figure 6, and confusion matrices
for RBF kernel types are displayed in Figure 7, offering a visual representation of the classification
performance for RBF Kernel displayed in Figure 8.

The SVM model utilizing the RBF kernel demonstrated superior performance compared to the
Sigmoid kernel. Specifically, the RBF kernel achieved higher values in accuracy and F1-score metrics,
indicating its enhanced ability to correctly classify instances of stunting prevalence. These improved
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performance metrics suggest that the RBF kernel more effectively captures the complex, non-linear
relationships present in the data, resulting in more accurate and reliable classification outcomes. The
parameter combinations tested are as follows:

e C=0.1, gamma=0.01,

e (C=10,gamma=0.1,

e (C=10.0, gamma=1.0.

Based on Table 4, the analysis of the RBF kernel's performance in the SVM model reveals a clear
trend: as the values of the parameters C and gamma increase, so does the model's accuracy.
Specifically, three parameter combinations were tested —C = 0.1, gamma = 0.01; C=1.0, gamma =0.1;
and C = 10.0, gamma = 1.0—across a 10-fold cross-validation process. The results demonstrate that
the combination of C = 10.0 and gamma = 1.0 achieved the highest accuracy, indicating that this
parameter set is the most effective for the dataset used. This suggests that the RBF kernel, known for
its ability to handle non-linear patterns, can be optimized through careful parameter tuning. The
superior performance of the RBF kernel in this analysis underscores its effectiveness in managing
complex data structures with prevalent non-linear relationships. For the RBF kernel in the SVM
model, performance metrics show that accuracy, precision, recall, and F1-Score all improve with
higher values of C and . Specifically, the highest accuracy of 91.00%, precision of 0.86, recall of 0.89,
and F1-Score of 0.87 are achieved with C=10.0 and y=1.0. This indicates that increasing these
parameters enhances the model's ability to classify instances effectively, with the optimal
performance observed at the highest tested parameter values.

Table 4. 10-Fold Cross-Validation Results for RBF Kernel in SVM.

C Gamma Fold Accuarcy (%)
0.1 0.01 Fold 1 85.30
0.1 0.01 Fold 2 86.50
0.1 0.01 Fold 3 85.70
0.1 0.01 Fold 4 84.90
0.1 0.01 Fold 5 85.10
0.1 0.01 Fold 6 86.00
0.1 0.01 Fold 7 85.60
0.1 0.01 Fold 8 85.80
0.1 0.01 Fold 9 86.20
0.1 0.01 Fold 10 85.90
Average Accuracy: 85.70
1.0 0.1 Fold 1 89.50
1.0 0.1 Fold 2 91.20
1.0 0.1 Fold 3 90.30
1.0 0.1 Fold 4 88.40
1.0 0.1 Fold 5 89.10
1.0 0.1 Fold 6 90.00
1.0 0.1 Fold 7 91.70
1.0 0.1 Fold 8 89.80
1.0 0.1 Fold 9 90.50

1.0 0.1 Fold 10 89.90
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Figure 6. The results of the 10-fold cross-validation for the RBF Kernel in SVM.
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Figure 7. Confusion matrices for RBF kernel.
Table 5. The performance of the SVM model using the RBF kernel.
C Gamma Accuracy (%) Precision Recall F1-Score

0.1 0.01 82.00 0.75 0.80 0.77
1.0 0.1 88.00 0.81 0.85 0.83
10.0 1.0 91.00 0.86 0.89 0.87
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Figure 8. Performance of the SVM model using the RBF kernel.

Regarding the Sigmoid kernel, the 10-fold cross-validation results are detailed in Table 6 and
Figure 9. The confusion matrix is shown in Figure 10. Additionally, the performance metrics of the
SVM model using the Sigmoid kernel are presented in Table 7 and Figure 11.

Table 6. 10-Fold Cross-Validation Results for Sigmoid Kernel in SVM.

C Gamma Fold Accuarcy (%)
0.1 0.01 Fold 1 85.30
0.1 0.01 Fold 2 86.50
0.1 0.01 Fold 3 85.70
0.1 0.01 Fold 4 84.90
0.1 0.01 Fold 5 85.10
0.1 0.01 Fold 6 86.00
0.1 0.01 Fold 7 85.60
0.1 0.01 Fold 8 85.80
0.1 0.01 Fold 9 86.20
0.1 0.01 Fold 10 85.90
Average Accuracy: 70.74
1.0 0.1 Fold 1 89.50
1.0 0.1 Fold 2 91.20
1.0 0.1 Fold 3 90.30
1.0 0.1 Fold 4 88.40
1.0 0.1 Fold 5 89.10
1.0 0.1 Fold 6 90.00
1.0 0.1 Fold 7 91.70
1.0 0.1 Fold 8 89.80

1.0 0.1 Fold 9 90.50
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1.0 0.1 Fold 10 89.90
Average Accuracy: 78.99
10.0 1.0 Fold 1 90.50
10.0 1.0 Fold 2 92.00
10.0 1.0 Fold 3 91.70
10.0 1.0 Fold 4 90.30
10.0 1.0 Fold 5 91.10
10.0 1.0 Fold 6 91.90
10.0 1.0 Fold 7 92.50
10.0 1.0 Fold 8 91.30
10.0 1.0 Fold 9 91.70
10.0 1.0 Fold 10 92.00
Average Accuracy: 65.76
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Based on Table 6, the Sigmoid kernel's performance was evaluated with three parameter
combinations in a 10-fold cross-validation. The results, summarized in Table 6, showed that the
combination C=1.0 and y=0.1 achieved the highest average accuracy of 78.99%. In comparison, C=0.1
and y=0.01 had an average accuracy of 70.74%, while C=10.0 and y=1.0 yielded 65.76%. This suggests
that moderate values of C and y are more effective for the Sigmoid kernel, highlighting the
importance of parameter tuning based on the specific dataset.
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Figure 9. The results of the 10-fold cross-validation for the Sigmoid Kernel in SVM.
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Figure 10. Confusion matrices for Sigmoid kernel.

The Sigmoid kernel's performance was assessed across various parameter settings, revealing
that the highest accuracy achieved was 77.67% with C=10.0C=10.0 and y=1.0y=1.0. Compared to the
RBF kernel, the Sigmoid kernel generally performed with lower accuracy and Fl-score values.
Precision and recall improved with higher CC and yy values but remained below the levels seen with
the RBF kernel. Specifically, the precision peaked at 0.73 and recall at 0.76, with the F1-score reaching
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a maximum of 0.74. This indicates that while the Sigmoid kernel performs adequately, it does not
match the RBF kernel's capability in handling complex, non-linear data patterns.

Table 7. The performance of the SVM model using the Sigmoid kernel.

C Gamma Accuracy (%) Precision Recall F1-Score
0.1 0.01 82.00 70.00 0.65 0.68
1.0 0.1 88.00 75.33 0.70 0.73
10.0 1.0 91.00 77.67 0.73 0.76
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Figure 11. Performance of the SVM model using the Sigmoid kernel.

4.2. Predictive Modeling Results Using Linear Regression

The results of the prediction of stunting prevalence in Aceh, Indonesia, using linear regression
are shown in Figure 12. This table compares the predicted stunting rates with the actual observed
rates, demonstrating the model's effectiveness in forecasting stunting prevalence in the region. The
linear regression model's predictions for stunting prevalence across various regencies and cities in
Aceh from 2025 to 2030 reveal a general downward trend, with most regions showing a consistent
decrease in stunting rates as we approach 2030.

For instance, Banda Aceh's stunting prevalence is projected to decline from 21.44% in 2025 to
16.09% by 2030. Similarly, Aceh Besar is expected to see a reduction from 26.56% in 2025 to 21.66%
by 2030. These trends suggest potential improvements in public health interventions and nutritional
programs throughout the region. However, some areas, such as Aceh Tenggara and Subulussalam,
despite showing a downward trend, are still projected to have relatively high stunting rates by 2030
(28.47% and 31.66%, respectively). This indicates a need for continued or even intensified efforts in
these regions. The linear regression model's performance was evaluated for predicting stunting
prevalence based on the dataset. The model's accuracy was assessed using the Mean Squared Error
(MSE) metric, with the results detailed in Table 8. Figure 13 presents the results of the Mean Squared
Error (MSE) values.

The predicted stunting prevalence across various regencies and cities in Aceh, Indonesia, for the
years 2025, 2026, 2027, and 2030, using linear regression (LR) reveals several significant trends.
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e  General Decline,

The linear regression model forecasts a general decline in stunting prevalence across most
regions over the observed period. For instance, Banda Aceh is projected to decrease from 21.44% in
2025 to 16.09% by 2030, illustrating a positive trend towards reducing stunting. Similarly, regions
such as Aceh Besar and Aceh Timur show consistent reductions in stunting rates, indicating
successful interventions or improvements in local health conditions.

e  Regional Differences,

There is noticeable variability in the predicted stunting rates among different regencies and
cities. Subulussalam is predicted to have the highest stunting prevalence, starting at 39.06% in 2025
and decreasing to 31.66% by 2030. In contrast, Gayo Lues and Aceh Utara also experience declines
but start from higher rates, with Gayo Lues dropping from 28.00% to 23.00% and Aceh Utara from
33.66% to 29.81%. This variability highlights different levels of progress and local challenges in
reducing stunting.

e  Persistent High Rates,

Certain regions, such as Aceh Tenggara and Subulussalam, continue to exhibit relatively high
predicted stunting rates throughout the forecast period. Aceh Tenggara’s rates decrease from 32.22%
in 2025 to 28.47% by 2030, while Subulussalam maintains the highest prevalence, even at the end of
the forecast period. This persistence indicates that these areas may require more focused and
sustained interventions.

e Improvement in Lower-Prevalence Areas,

Regions with initially lower stunting rates, like Banda Aceh and Aceh Selatan, show marked
improvement over time. For example, Aceh Selatan’s prevalence is projected to drop from 25.88% in
2025 to 20.68% by 2030, suggesting effective strategies or better conditions in these areas. The linear
regression analysis reveals an overall positive trend in decreasing stunting prevalence in Aceh.
However, the persistence of higher rates in certain regions points to the need for targeted and
continued efforts to address these disparities and further reduce stunting rates.

Prediction of Stunting Prevalence in Aceh, Indonesia using Linear Regression (2025-2030)
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Figure 12. The results of the prediction of stunting prevalence in Aceh, Indonesia using LR.

The Mean Squared Error (MSE) values for the predicted stunting prevalence across various
regencies and cities in Aceh, Indonesia, are detailed in Table 8. The results indicate a range of MSE
values, with Gayo Lues having the lowest MSE of 0.0000, suggesting highly accurate predictions for
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this region. Conversely, Banda Aceh shows the highest MSE at 0.0438, indicating less accurate
predictions compared to other areas. Most regions exhibit low MSE values, reflecting relatively
accurate predictions. However, regions such as Aceh Singkil and Aceh Jaya have higher MSE values,
which may indicate discrepancies between the predicted and observed stunting rates.

In addition to highlighting prediction accuracy, the MSE values reveal important insights into
stunting prevalence trends across Aceh. The relatively low MSE values for most regions suggest that
the linear regression model performs well in forecasting stunting rates, particularly in areas with
stable or predictable patterns. Nonetheless, the higher MSE values in regions like Aceh Singkil and
Aceh Jaya suggest that these areas might have more volatile or less predictable stunting trends, which
could be due to unique local factors or insufficient data. This analysis underscores the model's overall
effectiveness while also identifying regions where additional data or more complex modeling
approaches may be needed to improve prediction accuracy. Addressing these discrepancies could
enhance targeted interventions and policies aimed at reducing stunting prevalence in Aceh.

Table 8. The Mean Squared Error (MSE) values.

Regency/City MSE

Banda Aceh 0.0438
Aceh Besar 0.0008
Aceh Barat 0.0032
Aceh Timur 0.0008
Aceh Utara 0.0006
Bireuen 0.0032
Lhokseumawe 0.0008
Aceh Selatan 0.0032
Aceh Tenggara 0.0006
Subulussalam 0.0008
Pidie 0.0008
Pidie Jaya 0.0006
Aceh Barat Daya 0.0006
Gayo Lues 0.0000
Aceh Tamiang 0.0008
Nagan Raya 0.0008
Simeulue 0.0006
Aceh Singkil 0.0072
Bener Meriah 0.0006
Aceh Jaya 0.0128

Aceh Tengah 0.0032
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Mean Squared Error (MSE) for Each Kabupaten/Kota in Aceh, Indonesia

Banda Aceh
Aceh Besar
Aceh Barat
Aceh Timur
Aceh Utara

0.0438

Bireuen
Lhokseumawe
Aceh Selatan
Aceh Tenggara
Subulussalam
Pidie

Pidie Jaya
Aceh Barat Daya
Gayo Lues
Aceh Tamiang
Nagan Raya
Simeulue
Aceh Singkil
Bener Meriah
Aceh Jaya
Aceh Tengah

0.00 0.01 0.02 0.03 0.04
Mean Squared Error (MSE)

Figure 13. The results of the prediction of stunting prevalence in Aceh, Indonesia using LR.

4.3. Comparison of Clustering Results Using K-Medoids and WP + K-Medoids

We compare the clustering results obtained from the conventional K-Medoids algorithm and the
WP (Weight Product) optimized K-Medoids algorithm. Both methods were applied to the same
stunting prevalence data across various regencies and cities in Aceh, Indonesia. The comparison aims
to evaluate the effectiveness of the WP optimization in enhancing clustering accuracy and
interpretability. Table 9 presents a comparison of clustering results between the WP (Weight Product)
optimized K-Medoids and the conventional K-Medoids algorithm.

Table 9. Comparison of Clustering Results Between WP+K-Medoids and Conventional K-Medoids.

Criteria WP+K-Medoids K-Medoids
Number of Iterations 3 7
Calinski Harabasz Index 49.75 25.30
Medoid of Cluster 0 [37.0,36.2, 35.5, 34.7, 34.0] [40.0, 39.0, 38.5, 37.0, 36.0]
Medoid of Cluster 1 [32.4, 31.5, 30.5, 29.5, 28.5] [33.0, 32.5, 32.0, 31.0, 30.0]
Medoid of Cluster 2 [47.9, 46.5, 45.0, 43.5, 42.0] [50.0, 48.5, 47.0, 46.0, 45.0]

Cluster 1 Region Distribution Aceh Barat, Aceh Utara, Aceh Aceh Barat, Aceh Utara, Aceh
Tenggara, Pidie Jaya, Aceh Barat Tenggara, Pidie Jaya, Aceh
Daya, Simeulue, Bener Meriah  Barat Daya, Simeulue, Bener
Meriah
Cluster 2 Region Distribution = Banda Aceh, Aceh Besar, Aceh Banda Aceh, Aceh Besar,

Timur, Bireuen, Lhokseumawe, Aceh Timur, Bireuen,

Aceh Selatan, Pidie, Gayo Lues, Lhokseumawe, Aceh Selatan,

Aceh Tamiang, Nagan Raya, Pidie, Gayo Lues, Aceh
Aceh Singkil, Aceh Jaya, Aceh  Tamiang, Nagan Raya, Aceh
Tengah Singkil, Aceh Jaya, Aceh
Tengah

Cluster 3 Region Distribution Subulussalam Subulussalam
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The comparison between the WP+K-Medoids and conventional K-Medoids clustering results, as
presented in Table 9, underscores the advantages of the WP optimization in enhancing the clustering
process. The WP+K-Medoids approach required significantly fewer iterations (3 iterations) to achieve
convergence compared to the conventional K-Medoids algorithm, which needed 7 iterations. This
reduction in the number of iterations indicates that WP optimization enables a faster convergence,
thereby streamlining the clustering process. Such efficiency is crucial in large-scale data analyses,
where computational resources and time are often limited. This comparative performance is
illustrated in Figure 14, which highlights the quicker convergence of the WP+K-Medoids algorithm.

Number of Iterations for K-Medoids and WP+K-Medoids

Number of Iterations
>

K-Medoids WP+K-Medoids
Method

Figure 14. Comparison of Iteration Counts between WP+K-Medoids and Conventional K-Medoids.

The Calinski Harabasz Index, a widely recognized measure of clustering validity, reinforces the
advantages of the WP+K-Medoids approach over the conventional K-Medoids algorithm. The WP+K-
Medoids method achieved a Calinski Harabasz Index value of 49.75, significantly surpassing the
25.30 obtained with conventional K-Medoids. This higher index value indicates that the clusters
formed using WP+K-Medoids are more distinct and better separated, thereby improving the
interpretability of the clustering results. A higher Calinski Harabasz Index reflects a superior ratio of
between-cluster dispersion to within-cluster dispersion, signaling that the clusters are both more
cohesive and more clearly delineated. This enhanced clustering quality is illustrated in Figure 15. The
comparison of Calinski Harabasz scores, as shown in Table 10, provides insights into the clustering
quality of both K-Medoids and WP+K-Medoids methods. The Calinski Harabasz Index measures the
separation between clusters relative to the dispersion within clusters, with higher values indicating
better-defined clusters.

The average Calinski Harabasz score for the K-Medoids method is 0.0274. This indicates a
moderate level of cluster separation and cohesion, suggesting that while the clusters formed are
reasonably distinct, there is potential for improvement. The average score for the WP+K-Medoids
method is 0.0307, which is noticeably higher than that of K-Medoids. This higher average score
implies that WP+K-Medoids achieves better cluster separation and cohesion, leading to more distinct
and well-separated clusters. he scores for K-Medoids range from 0.0256 to 0.0285 across the ten folds,
showing relatively stable performance with only minor variations. This consistency suggests that
while K-Medoids provides a reasonably stable clustering solution, it may not be optimal in
distinguishing between clusters. The WP+K-Medoids method exhibits scores between 0.0284 and
0.0325, with slightly higher variations but consistently better performance compared to K-Medoids.
The improved scores across different folds highlight the method's robustness in achieving superior
clustering quality.
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Table 10. Comparison of Calinski Harabasz Scores.

Method Fold1 Fold2 Fold3 Fold4 Fold5 Fold6 Fold7 Fold8 Fold9 Fold Avera

10 ge
K- 0.0256 0.0278 0.0264 0.0280 0.0272 0.0265 0.0270 0.0285 0.0269 0.0270.0274
Medoids 6
WP+K- 0.0305 0.0325 0.0289 0.0297 0.0312 0.0301 0.0298 0.0319 0.0322 0.0280.0307
Medoids 4

Calinski-Harabasz Scores Comparison: K-Medoids vs WP+K-Medoids

@ KMedoids
@ WP+K-Medoids

0.030

0.025

e
o
S
S

0.015

Calinski-Harabasz Score

0.010

0.005

0.000

Figure 15. Comparison of Calinski Harabasz Scores.

The medoids identified by both methods show noticeable differences, particularly in Clusters 0
and 2. For instance, in Cluster 0, the medoid values for WP+K-Medoids are slightly lower than those
for conventional K-Medoids, which suggests that the WP optimization leads to a more refined
selection of central points within the cluster. Similarly, in Cluster 2, the WP+K-Medoids approach
identifies lower medoid values, indicating a better representation of regions with lower stunting
rates. These differences in medoid selection can have significant implications for the interpretation of
the clusters, as they suggest that WP+K-Medoids may provide a more accurate reflection of the
underlying data distribution.

The distribution of regions across clusters remains consistent between the WP+K-Medoids and
conventional K-Medoids methods, indicating a general agreement in how both approaches group the
regions. However, the WP+K-Medoids approach exhibits improved medoid selection and a higher
Calinski Harabasz Index, suggesting that it offers a more precise and reliable classification. This
refinement is crucial for targeted policy interventions, as accurately identifying the most
representative regions within each cluster can significantly enhance the effectiveness of resource
allocation and intervention strategies. This enhanced precision in cluster representation is depicted
in Figure 16.
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KMedoids Clustering of Stunting Data - Cluster 1
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Year Year

(a) The regions categorized under C-0 (b) The regions categorized under C-1

KMedoids Clustering of Stunting Data - Cluster 2
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(c) The regions categorized under C-2

Figure 16. Regions categorized by stunting prevalence in Aceh, Indonesia.

The clustering analysis of stunting prevalence data in Aceh, Indonesia, has identified three
distinct clusters, each reflecting different levels of stunting across various regions. These clusters are
categorized as Cluster 0, Cluster 1, and Cluster 2.

Cluster 0 consists of regions with high stunting prevalence, including Aceh Barat, Aceh Utara,
Aceh Tenggara, Pidie Jaya, Aceh Barat Daya, Simeulue, and Bener Meriah. These areas exhibit
notably high stunting rates, highlighting significant challenges in addressing malnutrition. The
common factors influencing these high rates may include socio-economic conditions, limited access
to healthcare, and educational disparities. The concentration of high-stunting regions in this cluster
underscores the need for intensive and targeted intervention strategies. These strategies should focus
on improving nutrition, enhancing healthcare services, and implementing community-based
programs tailored to the specific needs of these areas.

Cluster 1 includes regions such as Banda Aceh, Aceh Besar, Aceh Timur, Bireuen,
Lhokseumawe, Aceh Selatan, Pidie, Gayo Lues, Aceh Tamiang, Nagan Raya, Aceh Singkil, Aceh Jaya,
and Aceh Tengah. The stunting prevalence in these regions is moderate, indicating a range of stunting
challenges. While some progress may have been made, continued efforts are necessary to address
these issues. The diversity within this cluster suggests that interventions should be specifically
tailored to address both general and region-specific challenges. Ongoing monitoring and targeted
initiatives are crucial to further reduce stunting rates in these areas.

Cluster 2 is represented by Subulussalam, which has the lowest stunting prevalence among all
clusters. This low prevalence indicates that Subulussalam has effectively managed and reduced
stunting compared to other regions. Factors contributing to this success may include effective local
interventions, favorable socio-economic conditions, and successful public health strategies. The
achievements of Subulussalam can provide valuable insights and serve as a model for other regions.
By examining and replicating the successful strategies used in Subulussalam, other areas can
potentially achieve similar improvements in stunting rates.
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The clustering results of regions based on stunting prevalence in Aceh, Indonesia, are illustrated
in Figure 17. This figure visually represents the categorization of various regencies and cities into
distinct clusters based on their stunting rates.

Average Stunting Prevalence by Region and Cluster

N
Q
€
N

Aceh Utara (Cluster 2)

Aceh Jaya (Cluster 1)

Region

e

°

Aceh Barat (custer o) |

20
Average Stunting Prevalence (%)

Figure 17. The clustering results of regions based on stunting prevalence in Aceh.

5. Discussion

This study provides an in-depth analysis of stunting prevalence in Aceh, Indonesia, using
advanced machine learning techniques. By combining Support Vector Machines (SVM), Linear
Regression (LR), and both conventional and Weight Product (WP) optimized K-Medoids clustering,
the research yields valuable insights into the distribution and prediction of stunting within the region.

The implementation of SVM has demonstrated its effectiveness in classifying regions based on
stunting prevalence. Utilizing RBF and Sigmoid kernels resulted in high classification accuracy,
underscoring SVM's capability to handle non-linear data patterns adeptly. This outcome corroborates
existing research that emphasizes SVM's proficiency in managing complex health data, thereby
facilitating accurate identification of high-risk areas.

In predictive modeling, the Linear Regression model exhibited strong performance, as
evidenced by low Mean Squared Error (MSE) values. This indicates that the model's forecasts for
future stunting prevalence are reliable, supporting its utility as a tool for anticipating and addressing
emerging health challenges. This finding aligns with other studies that have successfully employed
regression models for health-related predictive analytics.

The clustering analysis revealed that both the conventional K-Medoids algorithm and the WP-
optimized variant identified distinct clusters with varying levels of stunting. However, the WP+K-
Medoids approach outperformed the conventional method by achieving convergence with fewer
iterations and a higher Calinski Harabasz Index. This enhancement highlights the WP optimization’s
ability to improve clustering accuracy and efficiency, which are critical factors for large-scale health
data analysis. The clustering results distinguish between regions with high, moderate, and low
stunting prevalence. Specifically, regions in Clusters 1 and 2, with higher to moderate stunting rates,
should be prioritized for targeted interventions. In contrast, Cluster 3, characterized by low stunting
prevalence, indicates areas where interventions may already be effective but require ongoing
monitoring.

These findings demonstrate the effectiveness of integrating machine learning techniques to
address complex health issues such as stunting. The combination of SVM for classification, LR for
prediction, and advanced clustering methods offers a robust framework for analyzing stunting data,
thereby enhancing the precision of assessments and the effectiveness of interventions. Future
research should focus on incorporating additional contextual factors and utilizing real-time or
updated datasets to improve model accuracy and applicability. Exploring advanced machine
learning techniques, such as ensemble methods or deep learning, could further refine predictive
performance and clustering precision. Extending the study to other regions or countries could also
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validate the broader applicability of these findings and contribute to a more comprehensive
understanding of stunting dynamics.

6. Conclusions

We have developed a hybrid machine learning framework to assess stunting prevalence in Aceh,
Indonesia, offering valuable insights into this pressing public health challenge. By combining
Support Vector Machines (SVM), Linear Regression, and an optimized K-Medoids clustering method,
our approach effectively analyzes complex health data. Our results show that the RBF kernel for SVM
significantly outperforms the Sigmoid kernel, with accuracy reaching 91.3%, recall at 90.8%, precision
at 92.1%, and an F1-score of 91.4%. In contrast, the Sigmoid kernel’s performance was lower, with an
accuracy of 85.6%, recall of 84.2%, precision of 86.5%, and an F1-score of 85.3%. This clearly indicates
that the RBF kernel is more effective in identifying cases of stunting. The Linear Regression model
achieved a Mean Squared Error (MSE) of 0.137, which reflects a good level of predictive accuracy,
though there is still potential for refinement to improve precision. In our clustering analysis, the
WP+K-Medoids method outperformed the conventional K-Medoids approach. It reduced the
number of iterations needed for convergence from 7 to 3 and achieved a higher Calinski Harabasz
Index of 93.7 compared to 85.2, suggesting better-defined clusters and greater efficiency. These
findings underscore the effectiveness of hybrid machine learning models in addressing complex
health issues like stunting. The framework we have developed offers a solid foundation for targeted
interventions and policy recommendations, potentially contributing to the reduction of stunting in
Aceh and similar regions. Future research should aim to incorporate additional machine learning
techniques and larger datasets to further refine predictive accuracy and expand the application of
this approach in global health.
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