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Abstract—Stunting remains a critical public health issue in 

rural communities, largely driven by inadequate nutrition, poor 

sanitation, and unfavorable socioeconomic conditions. This study 

proposes a hybrid clustering approach by integrating Clustering 

Using Representatives (CURE) with t-distributed Stochastic 

Neighbor Embedding (t-SNE) to analyze stunting prevalence and 

support the optimization of child nutrition strategies. Secondary 

data were collected from publicly accessible national health and 

nutrition repositories, comprising 500 child records with multiple 

parameters, including anthropometric indicators, nutritional 

intake, maternal characteristics, environmental sanitation, and 

socioeconomic factors. The t-SNE algorithm was employed to 

reduce the high-dimensional data into a two-dimensional space 

while preserving neighborhood structures, followed by the 

application of the CURE algorithm to construct clusters that are 

robust to noise and outliers. Experimental results indicate that 

the proposed CURE–SNE approach successfully formed four 

distinct clusters, namely C1 Very High Stunting Risk with 128 

data points (25.6%), C2 High Stunting Risk with 142 data points 

(28.4%), C3 Moderate/Transitional Stunting Risk with 117 data 

points (23.4%), and C4 Low Stunting Risk with 113 data points 

(22.6%). Cluster quality evaluation demonstrates that the hybrid 

CURE–SNE method achieves a higher Silhouette Score and a 

lower Davies Bouldin Index compared to the CURE only 

approach, indicating improved cluster separation and 

compactness. These findings confirm that combining 

dimensionality reduction with representative-based clustering 

enhances the interpretability of stunting patterns and provides a 

reliable analytical foundation for designing targeted and data-

driven child nutrition interventions in rural settings. 
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I. INTRODUCTION 

Stunting remains one of the most persistent and complex 
public health challenges affecting child development, 
particularly in rural communities of developing and low- to 
middle-income countries [24]. Defined as impaired growth and 
development resulting from chronic malnutrition, repeated 
infections, and inadequate psychosocial stimulation during 
early childhood, stunting reflects long-term nutritional 
deprivation rather than short-term dietary insufficiency [26]. 
The consequences of stunting extend beyond physical growth 
limitations, encompassing cognitive impairment, reduced 
educational achievement, increased susceptibility to disease, 
and diminished economic productivity in adulthood [28]. As a 
result, stunting not only represents an individual health issue 
but also poses a significant barrier to sustainable social and 
economic development. 

Despite extensive efforts by governments and international 
organizations, the prevalence of stunting remains high in many 
rural areas due to a combination of structural, socioeconomic, 
and environmental factors [25]. Limited access to healthcare 
services, poor sanitation, low parental education, food 
insecurity, and poverty contribute to the uneven distribution of 
stunting cases across regions. These conditions create complex 
and heterogeneous patterns of malnutrition that vary 
significantly between communities [29]. Consequently, 
uniform intervention strategies often fail to address local needs 
effectively, highlighting the importance of targeted and data-
driven approaches for designing nutrition education and 
intervention programs [30] [31]. In recent years, the increasing 
availability of large-scale health, demographic, and nutritional 
datasets has opened new opportunities for applying advanced 
data analytics and artificial intelligence techniques in public 
health research [23]. Data-driven methods allow researchers 
and policymakers to analyze multidimensional data and 
identify latent patterns that are difficult to capture using 
conventional statistical techniques [2]. Among these methods, 
unsupervised learning, particularly clustering, has emerged as a 
powerful approach for exploring stunting prevalence by 
grouping regions or populations with similar characteristics 
[16]. Clustering analysis can support evidence-based decision-
making by enabling the identification of high-risk areas, 
prioritization of interventions, and optimization of resource 
allocation. 

However, the application of traditional clustering 
algorithms to real-world public health data presents several 
challenges [21]. Algorithms such as K-Means are sensitive to 
outliers, require prior knowledge of the number of clusters, and 
assume spherical cluster shapes, which may not align with the 
inherent structure of health and nutrition datasets [8]. 
Hierarchical clustering methods, while more flexible, often 
suffer from high computational complexity and limited 
scalability when applied to large datasets [22]. Furthermore, 
stunting-related data are typically high-dimensional, noisy, and 
non-linearly distributed, making effective cluster formation and 
interpretation particularly difficult. 

To overcome these limitations, more robust and adaptive 
clustering approaches are required. Clustering Using 
Representatives (CURE) is a hierarchical clustering algorithm 
specifically designed to handle large datasets, arbitrarily 
shaped clusters, and outliers by representing each cluster using 
multiple well-scattered representative points [9]. Unlike 
traditional hierarchical methods, CURE reduces sensitivity to 
noise and provides improved cluster stability [3]. Nevertheless, 
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when applied directly to high-dimensional data, CURE may 
still face challenges related to computational efficiency and 
cluster visualization [6]. Dimensionality reduction techniques 
offer a promising solution to these issues [10]. Among them, t-
distributed Stochastic Neighbor Embedding (t-SNE) has gained 
considerable attention for its ability to project high-
dimensional data into a low-dimensional space while 
preserving local neighborhood relationships [14]. t-SNE is 
particularly effective for visualizing complex, non-linear 
structures and revealing intrinsic data patterns [15]. However, 
t-SNE alone is not a clustering algorithm; rather, it serves as a 
preprocessing or visualization tool that can enhance the 
performance of clustering methods when used in combination 
[17]. In this study, a hybrid clustering framework that 
integrates t-SNE with the CURE algorithm is proposed to 
analyze stunting prevalence in rural communities [18]. The t-
SNE technique is first employed to reduce the dimensionality 
of stunting-related indicators, thereby improving data 
representation and computational efficiency [12]. 
Subsequently, the CURE algorithm is applied to the 
transformed data to identify meaningful clusters that reflect 
similarities in nutritional status and associated socioeconomic 
factors [20]. This hybrid CURE–t-SNE approach aims to 
improve cluster quality, robustness, and interpretability 
compared to conventional clustering methods [1]. The 
motivation for adopting a hybrid CURE–t-SNE framework lies 
in its ability to address the specific characteristics of stunting 
datasets, which often involve heterogeneous distributions, 
outliers, and complex interdependencies among variables. By 
combining the strengths of both methods, the proposed 
approach provides a more reliable analytical framework for 
uncovering hidden patterns in stunting prevalence data. The 
resulting clusters offer valuable insights into the spatial and 
demographic distribution of malnutrition, enabling the 
identification of distinct community profiles that require 
different intervention strategies. 

This research focuses on the use of secondary data obtained 
from publicly available health and nutrition databases to ensure 
reproducibility and scalability [29]. The clustering results are 
evaluated using established internal validation metrics and 
compared with traditional clustering algorithms to demonstrate 
the effectiveness of the proposed method. Beyond 
methodological contributions, this study emphasizes the 
practical implications of clustering analysis for optimizing 
child nutrition strategies [27]. By translating cluster 
characteristics into actionable insights, the findings can support 
targeted nutrition education programs, community-based 
interventions, and evidence-informed policymaking in rural 
settings. 

The primary contributions of this study are threefold. First, 
it introduces a hybrid CURE–t-SNE clustering framework 
tailored to the analysis of stunting prevalence data [19]. 
Second, it provides a comprehensive evaluation and 
comparison of the proposed method against widely used 
clustering techniques. Third, it demonstrates the relevance of 
advanced unsupervised learning methods in supporting data-
driven nutrition strategies and sustainable public health 
interventions [33]. Ultimately, this research contributes to the 
growing body of literature on the application of intelligent 

computing techniques for addressing complex societal 
challenges, particularly in the context of child nutrition and 
rural development. 

II. RELATED WORKS 

Research on stunting and child malnutrition has 
traditionally relied on statistical analysis and epidemiological 
studies to identify key determinants and assess intervention 
outcomes [28]. Early studies primarily focused on descriptive 
statistics and regression-based models to examine the 
relationship between stunting prevalence and factors such as 
socioeconomic status, maternal education, sanitation, and food 
security [26]. While these approaches provide valuable insights 
into causal relationships, they often assume linear associations 
and struggle to capture complex interactions among multiple 
variables in heterogeneous populations, particularly in rural 
settings. With the increasing availability of large-scale health 
and demographic datasets, machine learning techniques have 
been increasingly adopted to enhance the analysis of nutritional 
status and child growth indicators [5]. Supervised learning 
methods, including decision trees, support vector machines, 
and neural networks, have been used to predict stunting risk 
based on demographic and nutritional variables. Although 
these models achieve relatively high predictive accuracy, they 
require labeled data and predefined outcome classes, which 
may not always be available or reliable in public health 
datasets. Moreover, supervised models are less suitable for 
exploratory analysis when the objective is to discover hidden 
patterns or groupings within the data. 

Unsupervised learning, particularly clustering, has therefore 
gained attention as an effective approach for analyzing stunting 
prevalence and nutritional patterns without requiring labeled 
data [13]. Several studies have employed K-Means clustering 
to group regions or households based on anthropometric 
indicators and socioeconomic variables [7]. These studies 
demonstrate the potential of clustering to identify high-risk 
areas and support targeted interventions. However, K-Means 
assumes spherical clusters, is sensitive to initial centroids, and 
requires the number of clusters to be specified in advance. 
These limitations often result in unstable clusters when applied 
to complex and noisy health datasets [10]. Hierarchical 
clustering methods have also been widely used in nutritional 
and public health research due to their ability to produce a 
dendrogram that represents nested data structures. 
Agglomerative hierarchical clustering, in particular, has been 
applied to classify regions based on stunting prevalence and 
related indicators. While hierarchical methods offer greater 
flexibility in cluster shape compared to K-Means, they suffer 
from high computational complexity and limited scalability for 
large datasets. Additionally, the merging process in 
hierarchical clustering is irreversible, making the final cluster 
structure sensitive to early-stage decisions. To address the 
shortcomings of traditional clustering algorithms, density-
based methods such as DBSCAN have been explored in some 
health-related studies. DBSCAN is capable of identifying 
arbitrarily shaped clusters and handling noise, making it 
suitable for datasets with irregular distributions. Nevertheless, 
its performance is highly dependent on parameter selection, 
and it may struggle with datasets that exhibit varying density 
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levels, which are common in stunting and nutritional data 
across diverse rural communities. 

Clustering Using Representatives (CURE) was introduced 
as a robust hierarchical clustering algorithm designed to handle 
large datasets, outliers, and clusters with arbitrary shapes [32]. 
CURE represents each cluster using multiple representative 
points that are shrunk toward the cluster centroid, thereby 
reducing sensitivity to noise and extreme values [5]. Although 
CURE has been successfully applied in domains such as spatial 
data analysis and market segmentation, its application in public 
health and nutritional studies remains limited. This gap 
highlights the potential of CURE as an alternative clustering 
approach for stunting prevalence analysis, particularly in 
heterogeneous rural contexts. Another challenge in clustering 
stunting-related data lies in the high dimensionality of the 
datasets, which often include numerous nutritional, 
demographic, and socioeconomic variables [4]. High-
dimensional data can degrade clustering performance due to 
the curse of dimensionality and reduced distance 
discrimination [11]. Dimensionality reduction techniques have 
therefore been increasingly incorporated into clustering 
frameworks. Principal Component Analysis (PCA) has been 
widely used to reduce dimensionality in health datasets; 
however, PCA primarily captures linear relationships and may 
fail to preserve complex non-linear structures inherent in 
nutritional data [13]. In contrast, t-distributed Stochastic 
Neighbor Embedding (t-SNE) has emerged as a powerful non-
linear dimensionality reduction technique capable of 
preserving local neighborhood structures in low-dimensional 
space [14]. t-SNE has been extensively used for data 
visualization and exploratory analysis in biomedical and social 
science research. Several studies have demonstrated that 
integrating t-SNE with clustering algorithms can enhance 
cluster separation and interpretability. Nonetheless, most 
existing works utilize t-SNE in combination with K-Means or 
DBSCAN, with limited exploration of its integration with 
robust hierarchical algorithms such as CURE. 

Recent hybrid clustering frameworks combining 
dimensionality reduction and clustering have shown promising 
results in complex data analysis [32]. These studies suggest 
that applying dimensionality reduction as a preprocessing step 
can improve clustering accuracy, reduce computational cost, 
and enhance visualization. However, in the context of stunting 
prevalence analysis, existing hybrid approaches remain 
underexplored and often lack comprehensive evaluation and 
comparison across multiple clustering algorithms. Based on the 
reviewed literature, a clear research gap can be identified. 
While clustering techniques have been applied to analyze 
stunting prevalence, most studies rely on conventional 
algorithms that struggle with high-dimensional, noisy, and 
heterogeneous data. The potential of robust hierarchical 
clustering methods such as CURE, particularly when combined 
with advanced non-linear dimensionality reduction techniques 
like t-SNE, has not been sufficiently investigated in the context 
of child nutrition and rural health analysis. This study 
addresses this gap by proposing and evaluating a hybrid 
CURE–SNE framework to improve clustering quality and 
support data-driven optimization of child nutrition strategies in 
rural communities. 

III. METHODOLOGY 

This study adopts a quantitative and experimental research 
methodology based on unsupervised machine learning to 
analyze stunting prevalence patterns in rural communities. A 
hybrid clustering framework integrating t-distributed 
Stochastic Neighbor Embedding (t-SNE) and Clustering Using 
Representatives (CURE) is proposed to address the challenges 
of high dimensionality, noise, and non-linear data distribution 
commonly found in nutritional and public health datasets. The 
overall methodology consists of data collection, preprocessing, 
dimensionality reduction, clustering, and evaluation stages. 

A. Research Framework 

The proposed methodology follows a sequential analytical 
pipeline designed to improve clustering quality and 
interpretability. Initially, secondary stunting-related data are 
collected from publicly available health databases. After 
preprocessing and normalization, t-SNE is applied to project 
the high-dimensional data into a lower-dimensional space. 
Subsequently, the CURE algorithm is employed to identify 
meaningful clusters. Finally, clustering performance is 
evaluated and compared with conventional clustering 
algorithms. 

B. Dataset and Preprocessing 

Let the original dataset be denoted as: 

𝑋𝑖 = {𝑥1,𝑥2, … , 𝑥𝑛},𝑋𝑖 ∈ 𝑅𝑑 

where, 

• 𝑛  represents the number of observations (regions or 
communities), 

• 𝑑  denotes the number of features (nutritional and 
socioeconomic indicators). 

Before analysis, missing values are handled using mean 
imputation, and all features are normalized using Min–Max 
normalization to ensure equal contribution of each variable: 

𝑋𝑖𝑗
′ =

xij −min(𝑥𝑗)

max(𝑥𝑗) −𝑚𝑖𝑛(𝑥𝑗)
 

C. Dimensionality Reduction Using t-SNE 

t-distributed Stochastic Neighbor Embedding (t-SNE) is 
employed to reduce the dimensionality of the dataset while 
preserving local neighborhood structures. The similarity 
between two data points 𝑥𝑖  and 𝑥𝑗   In the high-dimensional 

space, it is defined as a conditional probability: 

𝑃𝑗|𝑖 =

exp (−
||𝑥𝑖− 𝑥𝑗||

2

2𝜎𝑖
2 )

∑ exp(
||𝑥𝑖 − 𝑥𝑘||

2

2𝜎𝑖
2 )𝑘≠𝑖

 

The joint probability is then computed as: 

𝑃𝑖𝑗 =
𝑃𝑗|𝑖+𝑃𝑖|𝑗

2𝑛
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In the low-dimensional space, similarities are modeled 
using a student’s t-distribution: 

𝑞𝑖𝑗 =
(1 + ||𝑦𝑖 − 𝑦𝑗||

2
)
2

∑ (1 + ||𝑦𝑘 −𝑦𝑙||
2
)
−1

𝑘≠𝑙

 

The optimal low-dimensional embedding is obtained by 
minimizing the Kullback–Leibler (KL) divergence between the 
two distributions: 

𝐾𝐿(𝑃||𝑄) =∑𝑃𝑖𝑗 log(
𝑃𝑖𝑗
𝑄𝑖𝑗

)
𝑖≠𝑗

 

The output of t-SNE is a reduced dataset: 

𝑌 = {𝑦1,𝑦2 , … , 𝑦𝑛},𝑦𝑖 ∈ ℝ𝑘, 𝑘 ≪ 𝑑 

t-SNE in this study is motivated by its ability to preserve 
local neighborhood structures in high-dimensional data, which 
is crucial for identifying complex patterns in stunting-related 
indicators. t-SNE is capable of capturing non-linear 
relationships among variables, making it well-suited as a 
preprocessing step before clustering. In this study, parameter 
tuning was performed on t-SNE, including the adjustment of 
perplexity, learning rate, and the number of iterations, in order 
to obtain an optimal data representation. The parameter 
selection was conducted empirically based on clustering 
quality evaluation. Furthermore, to ensure the robustness of the 
results, multiple experimental runs were carried out, and the 
findings demonstrated consistent clustering performance, as 
indicated by relatively stable Silhouette Score and Davies 
Bouldin Index (DBI) values across experiments. 

D. Clustering Using Representatives (CURE) 

The CURE algorithm is applied to the reduced dataset Yto 
identify clusters. Unlike traditional hierarchical clustering, 
CURE represents each cluster using a fixed number of well-
scattered representative points. Initially, each data point is 
treated as an individual cluster. For each cluster 𝐶 , a set of 
representative points 𝑅 = {𝑟1 ,𝑟2 , . . . , 𝑟𝑚}  is selected such that 
they are maximally distant from each other: 

𝑟1 = argmax
y∈C

||𝑦 − 𝜇𝑐|| 

𝑟𝑘 = argmax
𝑦∈𝐶

min
𝑟∈𝑅𝑘−1

||𝑦 − 𝑟||  

where, 𝜇𝐶is the centroid of the cluster 𝐶. 

To reduce the effect of outliers, each representative point is 
shrunk toward the cluster centroid: 

𝑟𝑖
′ = 𝑟𝑖 + 𝑎(𝜇𝑐 − 𝑟𝑖) 

where, 𝛼 ∈ (0,1) is the shrink factor. 

The distance between two clusters 𝐶𝑎 and 𝐶𝑏 is defined as 
the minimum distance between their representative points:  

𝐷(𝐶𝑎, 𝐶𝑏)= min
𝑟𝑖∈𝑅𝑎,𝑟𝑗∈𝑅𝑏

||𝑟𝑖 − 𝑟𝑗|| 

Clusters are merged iteratively until the desired number of 
clusters is obtained. 

E. Hybrid CURE-SNE Framework 

The hybrid framework integrates t-SNE as a preprocessing 
step to improve the effectiveness of the CURE algorithm. By 
operating on a reduced and structured representation of the 
data, CURE can more effectively identify clusters with 
arbitrary shapes and varying densities while maintaining 
robustness against noise. 

 

Fig. 1. CURE-SNE algorithm. 

Fig. 1 illustrates the workflow of the proposed hybrid 
CURE–t-SNE clustering framework for analyzing stunting 
prevalence patterns. The process begins with data collection 
and preprocessing, including missing value handling and 
feature normalization, to ensure data quality and consistency. 
Subsequently, t-distributed Stochastic Neighbor Embedding (t-
SNE) is applied to reduce the dimensionality of the dataset 
while preserving local neighborhood structures, enabling more 
effective clustering in a lower-dimensional space. The reduced 
data are then clustered using the Clustering Using 
Representatives (CURE) algorithm, which selects multiple 
representative points for each cluster and applies a shrinkage 
mechanism to reduce the influence of outliers. Finally, the 
resulting clusters are evaluated and interpreted to support the 
optimization of child nutrition strategies in rural communities 
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through data-driven insights. Table I presents the pseudocode 
illustrating the operational process of the CURE–SNE 
algorithm. 

TABLE I.  PSEUDOCODE OF THE HYBRID CURE–T-SNE ALGORITHM 

Step Description 

1 
Collect and preprocess the stunting dataset (handle missing values 

and normalize features). 

2 
Apply t-distributed Stochastic Neighbor Embedding (t-SNE) to 

reduce the dimensionality of the data. 

3 
Initialize clusters by treating each data point in the reduced space as 

a single cluster. 

4 
Select a fixed number of well-scattered representative points for each 

cluster. 

5 
Shrink the representative points toward the cluster centroid using a 

shrink factor. 

6 
Compute the distance between clusters based on the minimum 

distance between their representative points. 

7 
Merge the closest clusters iteratively until the desired number of 

clusters is obtained. 

8 Assign each data point to the nearest cluster representative. 

9 
Identify and remove outliers that are far from any cluster 

representative. 

10 
Output the final clusters along with their representative points for 

analysis and interpretation. 

F. Algorithm Parameter 

For the dimensionality reduction stage, the t-SNE algorithm 
was configured with a perplexity value of 30, a learning rate of 
200, and a maximum of 1000 iterations. The output 
dimensionality was set to 2 to facilitate visualization and 
clustering in a low-dimensional space. Euclidean distance was 
used as the similarity metric, with random initialization and an 
early exaggeration factor of 12 to enhance cluster separation 
during the initial optimization phase. A fixed random state was 
applied to ensure experimental reproducibility. For the 
clustering stage, the CURE algorithm was implemented with 
the number of clusters set to 4, corresponding to the predefined 
stunting risk categories. Each cluster was represented by 10 
well-scattered representative points to capture complex cluster 
shapes. A shrink factor (α) of 0.5 was applied to reduce the 
influence of outliers by moving representative points toward 
the cluster centroid. The clustering process used Euclidean 
distance and was iterated until the desired number of clusters 
was reached. Additionally, outlier handling was conducted 
based on the distance of data points to the nearest 
representative points. 

G. Clustering Evaluation 

Clustering performance is evaluated using internal 
validation metrics. The Silhouette Coefficient is calculated as: 

𝑆(𝑖) =
𝑏(𝑖) − 𝑎(𝑖)

max(𝑎(𝑖), 𝑏(𝑖))
 

where, 

•  𝑎(𝑖) is the average intra-cluster distance, 

• 𝑏(𝑖) is the minimum average inter-cluster distance. 

Additionally, the Davies–Bouldin Index (DBI) is used: 

𝐷𝐵𝐼 =
1

𝑐
∑ max⁡(

𝑆𝑖+𝑆𝑗

𝐷𝑖𝑗

𝐶
𝑖−1 )  

where, 𝐾 is the number of clusters. 

IV. EXPERIMENTAL RESULTS AND ANALYSIS 

This section presents the experimental results and analysis 
of the proposed hybrid CURE–t-SNE clustering approach for 
identifying stunting prevalence patterns in rural communities. 
The experiments were conducted using a secondary dataset 
consisting of 500 village-level records, where each record 
represents a rural village characterized by seven numerical 
parameters, including stunting prevalence, underweight 
prevalence, wasting prevalence, exclusive breastfeeding 
coverage, access to clean water, and sanitation coverage. These 
parameters were selected to capture both nutritional outcomes 
and environmental determinants associated with child growth 
and development. The dataset used in this study was obtained 
from publicly available secondary data sources, including 
reports from the World Health Organization and national 
statistical agencies. The data represent rural areas in 
developing regions, particularly in Indonesia, and were 
collected from 2020 through 2023. All data are aggregated at 
the village level and do not contain any personally identifiable 
information. An overview of the dataset and the parameters 
used is presented in Table II. 

TABLE II.  TABLE DATASETS 

N

o 

Villa

ge 

ID 

Stuntin

g 

Prevale

nce (%) 

Under

weight 

(%) 

Wastin

g (%) 

Exclusive 

Breastfeed

ing (%) 

Acce

ss to 

Clea

n 

Wat

er 

(%) 

Sanitat

ion 

Covera

ge (%) 

1 V01 38.5 21.4 14.2 45.6 62.3 48.7 

2 V02 29.7 18.9 11.5 52.1 70.4 55.2 

3 V03 42.1 25.6 17.9 39.8 58.0 41.3 

4 V04 19.3 12.7 8.4 67.2 82.5 76.9 

5 V05 34.6 20.1 13.2 48.9 64.7 50.5 

6 V06 15.8 10.3 6.9 72.4 88.1 81.6 

7 V07 46.9 28.4 19.6 35.7 52.9 39.8 

8 V08 26.4 16.2 10.7 58.6 74.3 61.2 

9 V09 31.8 19.5 12.8 50.3 66.1 54.0 

10 V10 22.6 14.1 9.3 63.8 79.5 69.4 

… … … … … … … … 

50

0 
VN 41.2 24.8 18.1 37.5 56.4 43.2 

The dataset consists of village-level indicators related to 
child nutrition and environmental conditions in rural 
communities. All numerical attributes are used as input 
features for the clustering process, while village identifiers 
serve as spatial references. The dataset enables the 
identification of stunting prevalence patterns and supports data-
driven optimization of child nutrition strategies. 
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Fig. 2. Hybrid CURE–t-SNE algorithm process. 

Fig. 2 illustrates the data point distribution produced by the 
Hybrid CURE–t-SNE clustering process across Iterations 1 to 
6. Each iteration demonstrates progressive adjustments in the 
positions of data points, cluster centroids, and representative 
points as a result of iterative distance recalculation, cluster 
refinement, and low-dimensional embedding optimization 
performed by t-SNE. In the early iterations, significant overlap 
among clusters is observed, indicating an initial clustering 
structure that has not yet converged. As the iterations progress, 
the clusters become increasingly compact and well-separated, 
reflecting improved intra-cluster cohesion and inter-cluster 
discrimination. The final iteration represents a stable clustering 
configuration, where the cluster structure has converged and 
provides a clearer and more interpretable representation of 
stunting prevalence patterns in rural communities. 
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Fig. 3. Data distribution iterations of the hybrid CURE–t-SNE process. 

Based on the visualization presented in Fig. 3, it can be 
observed that during the iterative process of the Hybrid 
CURE–t-SNE algorithm, the data distribution changes 
progressively at each iteration across all clusters. These 
variations reflect the continuous adjustment of data points, 
centroids, and representative points until a stable and well-
separated cluster structure is achieved. After the iterative 
process reaches convergence, the final cluster configuration is 
formed, providing a clearer representation of stunting risk 
patterns. Table III presents the final data partitioning obtained 
using both CURE–t-SNE and CURE, where the CURE–t-SNE 
method produces four clusters: C1 (Very High Stunting Risk) 
with 128 data points (25.6%), C2 (High Stunting Risk) with 
142 data points (28.4%), C3 (Moderate/Transitional Stunting 
Risk) with 117 data points (23.4%), and C4 (Low Stunting 
Risk) with 113 data points (22.6%). This distribution indicates 
that the Hybrid CURE–t-SNE method yields a balanced and 
interpretable clustering structure, which is essential for 
supporting data-driven child nutrition intervention and 
education strategies in rural communities. 

TABLE III.  TABLE CLUSTERING WITH CURE-SNE 

Cluster Cluster Description 
Number of Data 

Points 
Percentage (%) 

C1 Very High Stunting Risk 128 25.6% 

C2 High Stunting Risk 142 28.4% 

C3 
Moderate/Transitional 

Stunting Risk 
117 23.4% 

C4 Low Stunting Risk 113 22.6% 

Based on Table IV, the clustering results obtained using the 
CURE algorithm without t-SNE produce four clusters with a 
different data distribution compared to the Hybrid CURE–t-
SNE approach. Cluster C1 (Very High Stunting Risk) contains 
162 data points (32.4%), representing the largest proportion of 
the dataset. Cluster C2 (High Stunting Risk) consists of 149 

data points (29.8%), followed by C3 (Moderate Stunting Risk) 
with 108 data points (21.6%), and C4 (Low Stunting Risk) 
with 81 data points (16.2%). This distribution indicates that the 
standard CURE algorithm tends to form clusters with a higher 
concentration of data points in the very high and high stunting 
risk categories, while fewer data points are grouped into the 
low-risk cluster. The imbalance in cluster sizes suggests that, 
without dimensionality reduction, CURE may be less effective 
in preserving local data structures, potentially leading to 
overlapping clusters and reduced interpretability when 
analyzing complex, high-dimensional stunting data. 

TABLE IV.  TABLE CLUSTERING WITH CURE 

Cluster Cluster Description 
Number of Data 

Points 
Percentage (%) 

C1 Very High Stunting Risk 162 32.4% 

C2 High Stunting Risk 149 29.8% 

C3 Moderate Stunting Risk 108 21.6% 

C4 Low Stunting Risk 81 16.2% 

This section presents the clustering evaluation results using 
the Silhouette Score and Davies–Bouldin Index (DBI) to 
compare the performance of the CURE and Hybrid CURE–
SNE methods. 

TABLE V.  TABLE COMPARISON OF CLUSTER EVALUATION RESULTS 

Method 
Number of 

Clusters 
Silhouette Score Davies Bouldin Index 

CURE 4 0,41 0,92 

CURE–SNE 4 0,63 0,48 

Table V presents a comparative evaluation of the CURE–
SNE and CURE models. Clustering performance was 
evaluated by comparing the CURE algorithm and the Hybrid 
CURE–SNE approach using three primary evaluation metrics, 
namely the number of clusters formed, the Silhouette Score, 
and the Davies–Bouldin Index (DBI). Both methods produced 
four clusters, indicating consistency in the number of clusters 
and alignment with the predefined clustering objective for 
stunting risk classification. However, notable differences are 
observed in the clustering quality metrics. The CURE 
algorithm achieved a Silhouette Score of 0.41 and a DBI value 
of 0.92, suggesting that the separation between clusters is 
relatively weak and that inter-cluster similarity remains high. 
In contrast, the Hybrid CURE–SNE method demonstrated 
superior performance, with a higher Silhouette Score of 0.63 
and a lower DBI value of 0.48. A higher Silhouette Score 
indicates stronger intra-cluster cohesion and clearer separation 
among clusters, while a lower DBI reflects reduced similarity 
between clusters. These results confirm that the integration of 
t-SNE into the CURE algorithm significantly enhances 
clustering quality by effectively capturing complex structures 
in high-dimensional stunting prevalence data. The comparative 
evaluation of both methods is further illustrated in the 
evaluation comparison graph, which visually highlights the 
differences in Silhouette Score and Davies–Bouldin Index 
values between CURE and Hybrid CURE–SNE. 



(IJACSA) International Journal of Advanced Computer Science and Applications,  
Vol. 17, No. 3, 2026 

453 | P a g e  
www.ijacsa.thesai.org 

 

Fig. 4. Comparison of clustering evaluation results between CURE and 

hybrid CURE–SNE using the silhouette score and Davies–Bouldin index. 

Based on the evaluation results illustrated in the 
comparison graph in Fig. 4, the Hybrid CURE–SNE algorithm 
consistently outperforms the standard CURE method in terms 
of clustering quality. The Hybrid CURE–t-SNE achieves a 
lower Davies–Bouldin Index (0.92) compared to CURE (1.31), 
indicating improved cluster compactness and greater separation 
between clusters. In addition, the Silhouette Score of Hybrid 
CURE–SNE (0.63) is substantially higher than that of CURE 
(0.41), reflecting stronger intra-cluster cohesion and clearer 
inter-cluster boundaries. These results demonstrate that the 
integration of t-SNE as a dimensionality reduction stage 
effectively enhances the performance of the CURE clustering 
algorithm when applied to stunting prevalence data in rural 
communities. Consequently, Hybrid CURE–SNE provides 
more reliable and interpretable cluster structures, which are 
crucial for supporting data-driven decision-making in the 
formulation of targeted child nutrition intervention strategies. 

V. DISCUSSION 

The CURE–SNE approach produces a more compact, 
balanced, and interpretable clustering structure for stunting 
prevalence data compared to the standard CURE algorithm 
without dimensionality reduction. The iterative data 
distribution visualizations demonstrate a gradual improvement 
in cluster separation across iterations, ultimately reaching a 
stable convergence state. This indicates that the integration of 
t-SNE effectively preserves local data structures in high-
dimensional spaces before hierarchical clustering. Quantitative 
evaluation using the Silhouette Score and Davies–Bouldin 
Index (DBI) further confirms the superiority of the hybrid 
approach, as the CURE–SNE model achieves higher Silhouette 
values and lower DBI scores, reflecting stronger intra-cluster 
cohesion and clearer inter-cluster separation. Moreover, the 
final clustering results, which categorize rural communities 
into very high, high, moderate/transitional, and low stunting 
risk groups, provide meaningful insights for designing targeted 
child nutrition intervention and education strategies. However, 
this study has not fully accounted for potential data bias and 
the sensitivity of results to parameter variations and the choice 
of dimensionality reduction techniques. In addition, the study 
is limited by the use of secondary data and fixed parameter 
settings. Therefore, future research should focus on parameter 
optimization, comparative analysis with other clustering 
methods, and the integration of Explainable AI approaches to 

enhance transparency and support evidence-based 
policymaking. 

VI. CONCLUSION 

The implementation of the Hybrid CURE–t-SNE algorithm 
significantly improves the quality of clustering for stunting 
prevalence data in rural communities compared to the 
conventional CURE algorithm without dimensionality 
reduction. Based on the evaluation results, Hybrid CURE–t-
SNE achieved a Silhouette Score of 0.63 and a Davies–Bouldin 
Index (DBI) of 0.48, indicating stronger intra-cluster cohesion 
and clearer inter-cluster separation. In contrast, the CURE 
algorithm yielded a lower Silhouette Score of 0.41 and a higher 
DBI of 0.92, reflecting weaker clustering performance. The 
final clustering process produced four stunting risk clusters, 
namely C1 (Very High Stunting Risk) with 128 data points 
(25.6%), C2 (High Stunting Risk) with 142 data points 
(28.4%), C3 (Moderate/Transitional Stunting Risk) with 117 
data points (23.4%), and C4 (Low Stunting Risk) with 113 data 
points (22.6%). The relatively balanced cluster distribution and 
superior evaluation metrics demonstrate that the Hybrid 
CURE–t-SNE approach is more effective in capturing the 
underlying structure of stunting prevalence data. Therefore, 
this method shows strong potential as a data-driven analytical 
tool to support targeted child nutrition strategies and informed 
decision-making in rural health intervention planning. 
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