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 Stunting is a long-term nutritional problem that generally occurs in children under 

five years old and is characterized by a shorter body than other children of the same 

age due to continuous dietary deficiencies. As a result of the Indonesian Health 

Survey (SKI) conducted in 2023, the stunting rate in East Java decreased to 17.7%. 

In 2024, the target is to reduce it to 14%. This study aims to group regencies and 

cities in East Java based on indicators of child nutritional status by using five linkage 

approaches in the hierarchical clustering method. This study found areas with similar 

causes of stunting so that intervention programs can be more targeted. The analysis 

showed that the centroid linkage methods formed two clusters with the highest 

cophenetic correlation coefficient of 0.8619. The first cluster consists of 37 

regencies/cities with a low stunting category, and the second cluster consists of one 

regency/city with a high stunting category. The model in this clustering has a 

silhouette value of 0.6155, which indicates that the model is in the good category. 
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I. INTRODUCTION 

Stunting is a chronic nutritional problem caused by long-

term malnutrition. It generally occurs in children (under 5 

years old) and is characterized by a short body type compared 

to other children of the same age [1]. Childhood, which ranges 

from conception to the age of 2 years, is a critical stage for 

children's intellectual development and future health [2]. 

Optimal nutrition in the first two years of a child's life is 

essential for growth, health, and development. Malnutrition 

during this period is common and can have long-term 

consequences on a child's physical and cognitive development 

[3]. This topic concerns governments in various countries 

worldwide, including Indonesia, to further review nutritional 

issues for all groups, from children to adults, by providing 

education on the nutritional content of food consumed daily 

[4]. 

It can be seen that the prevalence of stunting is influenced 

by various factors, including family living conditions, 

employment opportunities, and clean water and sanitation 

facilities, which have a significant impact on child growth and 

development [5]. Indonesia is a country with a vast 

topography and varying socioeconomic conditions. 

Socioeconomic conditions are a determining factor in 

nutritional status. Conditions such as high poverty, low levels 

of education, and the need for access to adequate health care 

can lead to poor health [6]. The vast topographic area 

certainly causes differences in nutritional status between 

regions in Indonesia, which causes differences in economic, 

educational, and health conditions in each region  [7]. 

 The Government of the Republic of Indonesia targets to 

reduce stunting cases in East Java to 14% by 2024. According 

to the Indonesian Nutritional Status Study (SSGI) from the 

Ministry of Health, the dominance of stunting in Indonesia is 

targeted to reach 21.6% by 2022 [8]. In East Java, the spread 

of stunting has decreased from year to year. In 2022, the 

prevalence of stunting reached 19.2%, with a significant 

decrease of 23.5% in 2021. Despite the decline, East Java still 

stipulates that the prevalence of this epidemic must decrease 

to 18.4% in 2022 [6]. In addition, based on the Indonesian 

Health Survey (SKI) in 2023, East Java experienced a 

decrease in stunting prevalence of 17.7%, which is expected 

to reach 14% by the end of 2024.  In particular, attention 

should be paid to the suitability of drinking water sources, the 

availability of adequate toilets, the condition of community 

housing, and the nutritional status of children, so that it can be 
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known which areas require special attention regarding dietary 

problems in children in balancing the consistency of reducing 

stunting prevalence [9]. 

Therefore, regional grouping in East Java was carried out 

using a clustering method based on the characteristics of the 

causes of stunting in children, so that it could help identify 

areas with different nutritional problems. Clustering is one of 

the clustering methods in data mining. Clustering is the 

collection of objects into a group so that one cluster contains 

objects that are similar and different from other objects in 

other clusters [10]. A fairly popular clustering method is 

hierarchical clustering  [11]. In hierarchical clustering, there 

is an advantage in data combination, and the creation of a 

hierarchy is that similar data will be placed in a dense 

hierarchy. In contrast, data that is not similar will be placed in 

layers far apart [12].  

Based on a previous study by Azzahrah and Wijayanto 

(2022) that grouped provinces based on maternal health 

services, a comparison was conducted between 

Agglomerative Hierarchical and K-Means. The best 

clustering method for 34 provinces in Indonesia was found to 

be the hierarchical clustering method with a similarity level 

approach in the form of average linkage and resulting in a 

total of five clusters, based on internal validation, including a 

connectivity index of 13.9, a dunn index of 0.18, and a 

silhouette index of 0.51 [13]. The agglomerative hierarchy 

also outperformed the K-Means method in the study of 

Sebriana and Hasanah (2025), who used a clustering approach 

to observe employment indicators in East Java in 2023. The 

findings showed that the hierarchical clustering method ( 

Complete Linkage ) was the most effective technique. This 

was obtained by comparing the validity values of the best 

silhouette approach (0.4317) and the largest Dunn (0.1910), 

as well as the smallest connectivity approach (7.8861) [14].  

The research by Yahya et al (2022) in the selection of the 

hierarchical cluster method in Southeast Sulawesi province 

based on the type of disease produced a cophenetic correlation 

value of 0.990, with the results of the study showing that the 

average linkage approach is the most effective clustering 

technique [15]. The research of Irwan et al (2024) comparing 

the ward linkage and complete linkage methods in analyzing 

the HDI in Indonesia showed that the Ward technique with 

five clusters produced optimum clustering based on the 

smallest standard deviation ratio, which was 0.282 [16]. 

Another study conducted by Alfirdausy et al, which compared 

three hierarchical clustering algorithms (Single linkage, 

complete linkage, and average linkage ), obtained the most 

considerable cophenetic coefficient value with a value of 

0.8105891 by the average linkage method [17]. The research 

by Meilani et al. also showed that the causes of stunting in 

Indonesia can be grouped using the centroid linkage method 

as the best hierarchical clustering method with the highest 

cophenetic result of 0.7797 [9]. 

Previous research has shown that trials of various linkage 

methods in hierarchical clustering have demonstrated that no 

single method consistently produces superior cluster quality. 

This study used a hierarchical clustering analysis to compare 

several linkage techniques — single, average, complete, 

ward, and centroid linkage to determine the most effective 

method based on the Cophenetic Correlation Coefficient and 

Silhouette Score. It is known that the five linkage techniques 

have not been directly applied in previous studies on stunting 

data in the East Java region. To improve the precision and 

interpretability of clustering results in a relevant context, this 

study helps determine a more appropriate linkage approach 

based on data features. This method allows grouping 

districts/cities in East Java Province based on similar 

characteristics that cause stunting, resulting in clusters of 

regions with relatively identical problems. Therefore, the 

researchers aim to cluster districts/cities in East Java, ensure 

that decision-makers plan strategic programs in areas 

requiring special attention regarding nutrition issues, and 

ensure that these programs are more targeted. 

 

II. METHOD 

The data comes from the 2023 Indonesian Health Survey 

(SKI) conducted by the East Java BKKBN, accessed on the 

official website https://siga.bkkbn.go.id/. The data is 

summarized by district or city (aggregated data), not 

individual data. Therefore, each row in the data represents a 

district or city with indicators related to stunting. The data 

were used in this quantitative research. The variables included 

in the data analysis were the prevalence of underweight 

toddlers (%) and the percentage of toddlers whose weight is 

below the standard for their age. This condition indicates a 

nutritional problem that can interfere with a child's growth 

and development. Families at risk of stunting refer to families 

with several factors that can increase the likelihood of 

stunting in children. These factors include economic capacity, 

maternal and child health, parental upbringing, and living 

conditions. Families without a primary source of adequate 

drinking water are the number of families who cannot access 

safe and standard drinking water, both in terms of quality and 

availability. Families without sufficient toilets are the number 

of families that do not have basic sanitation facilities such as 

clean and usable toilets. Lastly, families with uninhabitable 

homes show the number of families living in houses with 

physical conditions or facilities that do not meet basic living 

needs. 
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Figure 1. Flowchart hierarchical clustering  

The research subjects were 38 regencies/cities in East Java 

Province. The data processing method used was Google 

Colab. Using the Hierarchical Clustering method, the cluster 

data was processed using the following processes and 

analyses: 

1. Collecting input information 

2. Descriptive data analysis. 

Descriptive statistical analysis of data is carried out 

to obtain a general overview of the data used in 

descriptive statistical analysis, which includes 

minimum, average, maximum, standard deviation, and 

the quantity of data [17]. 

3. Kaiser Meyer Olkin (KMO) test 

In cluster analysis, the KMO assumption is needed 

to ensure that the sample is appropriate and accurately 

represents the population by evaluating the suitability 

of each indicator and the sample as a whole. The 

requirement is met if the KMO value is > 0.5. With the 

following formula, the KMO test can determine 

sample adequacy [9]: 

𝐾𝑀𝑂 =
∑ ∑ 𝑟𝑥𝑗𝑥𝑘

2𝑝
𝑘=1 𝑘≠𝑗

𝑝
𝑗=1

∑ ∑ 𝑟𝑥𝑗𝑥𝑘
2 + ∑ ∑ 𝑝𝑥𝑗𝑥𝑘𝑥𝑙

2𝑝
𝑘=1 𝑘≠𝑗

𝑝
𝑗=1

𝑝
𝑘=1 𝑘≠𝑗

𝑝
𝑗=1

 
(1)  

 

description: 

𝑝 = number of variables 

𝑟𝑥𝑗𝑥𝑘
2 = simple correlation between variable xj and xk 

𝑝𝑥𝑗𝑥𝑘
2 = partial correlation between variable xj and xk 

 

4. Multicollinearity Test. 

Multicollinearity is vital in cluster analysis because 

it can affect the interpretation and results of clustering, 

given that this condition causes excessive information. 

Cluster construction becomes uninformative or fails to 

distinguish various cluster members effectively if 

highly correlated variables exist. Variance Inflation 

Factor (VIF) determines the presence of 

multicollinearity. Multicollinearity problems are 

indicated by VIF numbers greater than 10. Principal 

Component Analysis (PCA) can be used to solve 

multicollinearity problems [18]. One way to determine 

the VIF value is as follows  [19]: 

𝑉𝐼𝐹 =
1

1 − 𝑅𝑗
2 

(2)  

         description: 

𝑅𝑗
2 = coefficient of determination from regressing xj on 

other independent variables 

5. Normalization 

The data in this study used the z-score for 

normalization. Normalization using the z-score 

method is a method that uses the mean and standard 

deviation of the data to produce normalized values. 

This method remains stable even when some extreme 

values or data are greater than the maximum value or 

less than the minimum value [20]. 

6. Principal Component Analysis  (PCA). 

Principal Component Analysis (PCA) is an analysis 

technique that uses linear transformation to simplify 

data. To facilitate data interpretation, its primary goal 

is to reduce the dimensionality of highly correlated 

variables [21]. Furthermore, the results of principal 

component analysis can be used for cluster analysis 

and other analytical calculations. 

7. Hierarchical Clustering Method. 

a. Single Linkage 

The distance between each observation from 

different clusters is initially measured to 

determine the (dis)similarity or distance between 

clusters. The (dis)similarity measure between 

clusters will be the shortest or minimum distance. 

The cluster with the least (dis)similarity will 

form the dendrogram. This results in a closer 

dendrogram between clusters, meaning the 

clusters are merged at smaller distances. 

This is the formula for cluster distance with 

single linkage: 
𝑑(𝐶𝑖 , 𝐶𝑗) = min

𝑥𝜖𝐶𝑖,𝑦𝜖𝐶𝑗

𝑑(𝑥, 𝑦) (3)  

description: 

𝐶𝑖, 𝐶𝑗 = cluster i dan j 

𝑥, 𝑦  = data points from different clusters 

𝑑(𝑥, 𝑦) = distance (e.g., Euclidean) between 

data points 

b. Average Linkage 
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The first step is to measure the pairwise 

distances between each observation from the 

various clusters to determine the (dis)similarity 

or distance between them. The (dis)similarity 

measure between clusters is then determined by 

calculating the average pairwise distance. The 

cluster with the least (dis)similarity will form the 

dendrogram. Clusters created using this 

technique are often neither too "loose" nor too 

"dense." 

The following formula uses average linkage to 

calculate the distance between clusters: 

𝑑(𝐶𝑖 , 𝐶𝑗) =
1

|𝐶𝑖||𝐶𝑗|
∑ ∑ 𝑑(𝑥, 𝑦)

𝑦𝜖𝐶𝑗𝑥𝜖𝐶𝑖

 (4)  

description: 

|𝐶𝑖||𝐶𝑗| = number of data points in each cluster 

c. Complete Linkage 

First, the distance between each observation 

from different clusters is measured to determine 

the (dis)similarity or distance between clusters. 

The (dis)similarity measure between clusters will 

be the most significant or the maximum distance. 

The clusters with the least (dis)similarity will 

then be combined to create a dendrogram. This 

results in "dense" clusters, further separating the 

dendrogram clusters. 

The following formula uses complete linkage 

to calculate the distance between clusters: 
𝑑(𝐶𝑖 , 𝐶𝑗) = max

𝑥𝜖𝐶𝑖,𝑦𝜖𝐶𝑗

𝑑(𝑥, 𝑦) (5)  

 

d. Centroid Linkage 

The distance between the centroids of two 

clusters is measured to calculate the 

(dis)similarity or distance between them. Here, 

the mean of the x variable is used to calculate the 

centroid. The cluster with the smallest distance 

between the centroids will form the basis for the 

dendrogram. 

The following formula uses centroid linkage 

to calculate the distance between clusters and the 

new centroid [22]: 
𝑑(𝐶𝑖 , 𝐶𝑗) = ‖𝑥̅𝑖−𝑥̅𝑗‖ (6)  

new centroid formula: 

𝑥̅𝑛𝑒𝑤 =
𝑁𝑖 𝑥̅𝑖 +𝑁𝑗 𝑥̅𝑗

𝑁𝑖 + 𝑁𝑗

 (7)  

description: 

𝑥̅𝑖−𝑥̅𝑗  = centroid vectors of cluster 𝐶𝑖 and 𝐶𝑗 

𝑁𝑖 + 𝑁𝑗 = number of data points in cluster 𝐶𝑖 

and 𝐶𝑗 

‖𝑥̅𝑖−𝑥̅𝑗‖ = euclidean distance between two 

centroids 

e. Ward Linkage 

Clusters will be created using this procedure at 

each iteration, and the sum of squares within each 

cluster will then be determined. The sum of 

squares can be understood as the total distance of 

each observation from the cluster's mean. A 

complete dendrogram will be created by 

combining the clusters that yield the smallest 

sum of squares. 

𝑆𝑆𝐸 = ∑ (∑ 𝑥𝑖𝑗
2

𝑛

𝑖=1

− (
1

𝑛
∑ 𝑥𝑖𝑗

𝑛

𝑖=1

)

2

)

𝑝

𝑗=1

 
(8)  

Description: 

𝑛 = number of data points in the cluster 

𝑝 = number of variables 

𝑥𝑖𝑗  = value of variable j for observation i 

ward’s linkage merges clusters that inimize the 

increase in SSE 

8. Cophenetic Correlation 

The cophenetic correlation coefficient in a cluster 

tree is the linear correlation coefficient between the 

cophenetic distance (obtained from the dendrogram) 

and the original distance (dissimilarity) used to form 

the tree. This value measures how well the 

dendrogram represents the variation among 

observations. Technically, the cophenetic correlation 

coefficient is calculated as the correlation between the 

elements in the cophenetic matrix (formed based on 

the distance measure and linkage method used) and the 

elements in the original distance matrix (e.g., the 

Mahalanobis distance matrix) [23]. The equation can 

be shown as follows : 

𝑟𝑐𝑜𝑝ℎ =
∑ (𝑑𝑖𝑘 − 𝑑̅)(𝑑𝐶𝑖𝑘 − 𝑑̅𝐶)𝑖<𝑘

√[∑ 〖(𝑑𝑖𝑘 − 𝑑̅)
2

] [∑ 〖(𝑑𝐶𝑖𝑘 − 𝑑̅)
2

]𝑖<𝑘 〗𝑖<𝑘 〗

 
(9)  

Description: 

𝑑𝑖𝑘 = original distance between object i and k 

𝑑𝐶𝑖𝑘  = cophenetic distance from the dendogram 

𝑑̅, 𝑑̅𝐶  = mean of original and cophenetic distances 

9. Silhouette Evaluation 

The number of clusters and the assessment of 

clustering quality can be determined using the 

Silhouette Coefficient. The number of clusters that has 

the highest average Silhouette Coefficient value or is 

closest to 1 is the ideal number of clusters [24]. 

𝑠(𝑖) = (
𝑏(𝑖) − 𝑎(𝑖)

𝑚𝑎𝑥(𝑎(𝑖), 𝑏(𝑖))
) (10)  

description: 

𝑎(𝑖) = average distance of object i to all points in the 

same cluster 

𝑏(𝑖) = minimum average distance of object i to points 

in another cluster 

𝑠(𝑖) 𝜖 [−1,1], closer to 1 indicates better clustering 

quality 

10. Interpretation of the best cluster mapping results. 

Determine the type of cluster based on the highest 

and lowest centroid values and display the ideal cluster 

results in a table and a map of East Java. 
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III. RESULTS AND DISCUSSION 

The analytical method used to group districts/cities based 

on stunting indicators is hierarchical clustering. This 

approach facilitates identifying groups of regions with 

essential characteristics related to the causes of stunting. In 

this study, the single linkage, average linkage, complete 

linkage, Ward linkage, and centroid linkage methods were 

analysed to determine the most appropriate approach.  

At this stage, we need to describe the properties of the 

variables used in the research, including the minimum, 

maximum, average, and distribution values of each variable.  
TABLE I  

STUNTING INDICATOR DATA DESCRIPTION 

Variables N Min Max Mean 
Standard 

Deviation 

Prevalence of 

Underweight 

Toddlers (%) 

38 2,8  25,7 12,88 4,73 

Families at Risk of 
Stunting 

38 744 194523 72582,23 48999,36 

Unsuitable Drinking 

Water Source 

38 68 62920 11662,53 13632,93 

Unsuitable Toilets 38 1126 217195 47594,42 44694,76 

Uninhabitable 

House 

38 3610 170519 55687,08 39362,92 

 

Based on Table I, Probolinggo Regency has the highest 

prevalence of underweight toddlers, while Situbondo 

Regency has the lowest. For the indicator of families at risk 

of stunting, the lowest number is found in Blitar City, while 

the highest is in Malang Regency. Meanwhile, Madiun City 

consistently ranks lowest on the indicators of families with 

unsuitable drinking water sources, unsuitable toilets, and 

uninhabitable housing. Conversely, Jember Regency has the 

highest number of families across all three indicators. After 

conducting descriptive data analysis, the Kaiser-Meyer-Olkin 

(KMO) test was used to determine whether the sample size 

was adequate. 
TABLE II  

KMO ANALYSIS 

KMO Overall 0.7918348752851379 

 

Table II shows the KMO value of the data at 0.7918, 

which is higher than 0.5. This indicates that the sample is 

representative, or the assumption of sample adequacy is met. 

Next, the VIF value was calculated to detect multicollinearity. 

The results are shown in Table III, with a VIF value greater 

than 10. 
TABLE III  

VIF VALUE ON STUNTING INDICATOR 

X1 X2 X3 X4 X5 

3,093 14,311 4,502 8,424 15,106 

 

Two variables, X2 (Families at Risk of Stunting) and X5 

(Families Without Adequate Toilets), have VIF values greater 

than 10. This indicates that the multicollinearity assumption 

is not met. Before conducting PCA and clustering analysis, all 

variables were transformed using the z-score standardization 

method. This standardization ensures that each variable has 

the same scale, with a mean of zero and a standard deviation 

of one. This ensures that no variable is too large or too small 

due to differences in units or value ranges, which could affect 

the analysis results. Principal component analysis (PCA) can 

be used afterwards to address the multicollinearity problem. 
TABLE IV  

MAIN COMPONENT DESCRIPTION 

Main 

Components 

Root Value of 

Characteristics 

Proportion 

(%) 

Cumulativ

e 

Proportion 

(%) 

PC1 3,475 67,68 67,68 

PC2 0,949 18,49 86,17 

PC3 0,380 7,41 93,58 

PC4 0,211 4,11 97,70 

PC5 0,117 2,29 100 

 

The percentage of variance accounted for by each principal 

component is shown in Table IV. The scree plot in Figure 2 

aims to calculate the principal components used. When the 

line reaches the second principal component, it forms the 

smallest angle (resembling a right angle). Consequently, the 

cluster analysis will be conducted using two principal 

components, PC1 and PC2, with a total explained variance of 

86.17%. 

 
Figure 2. Scree plot of the number of principal components used  

TABLE V  

PCA LOADING VALUE 

 

Table V displays the dominant variables in each principal 

component, with PC1 having four variables that yield 

significantly higher positive values. This indicates that 

variables X2 to X5 are reduced and interpreted through PC1, 

which covers environmental conditions and the risk of 

stunting. PC2 only has one dominant variable, X1 (Prevalence 

of Underweight Toddlers ). The data transformation results 

using two principal components are then displayed in Table 

VI. 

 X1 X2 X3 X4 X5 

PC1 0.205960 0.494380 0.466089 0.501962 0.493839 

PC2 0.954329 -0.233718 0.038753 -0.017237 -0.181197 
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 TABLE VI 

PCA COEFFICIENT VALUE 

No PC1 PC2 

1 -0.191087 -0.125596 

2 -0.392117 0.168603 

3 0.311033 0.100036 

... ... ... 

37 1.462094 -2.524904 

38 -1.992085 0.542469 

 

Each district/city is represented by two principal 

components (PC1 and PC2). These two elements can explain 

86.17% of the data variation. After reducing the 

dimensionality and eliminating correlations between 

variables, the data transformation results were processed for 

clustering. Several linkage methods, including single linkage, 

complete linkage, average linkage, ward linkage, and centroid 

linkage, were applied in this hierarchical clustering process. 

Figure 3 shows that the arrangement of each dendrogram 

has different distances. However, further cluster analysis 

should be conducted by comparing the cophenetic correlation 

values of the five hierarchical clustering approaches. The 

optimal approach in categorizing stunting levels in 

districts/cities is the approach with the highest cophenetic 

coefficient value. 

 

 

 

 
 

 

 

 
Figure 3. Dendrogram of each Hierarchical Clustering method  

TABLE VII 

COPHENETIC COEFFICIENT VALUE 
HC Approach Cophenetic Coefficient 

Single Linkage 0,8227 

Average Linkage 0,8505 

Complete Linkage 0,6764 

Centroid Linkage 0,8619 

Ward Linkage 0,5435 

 

Table VII shows that the  Centroid Linkage method, with a 

value of 0.8619, has the highest cophenetic coefficient among 

the five methods tested. Therefore, this method is the optimal 

clustering technique for grouping regions based on the causes 

of stunting. Furthermore, the silhouette coefficient value will 

be used to calculate the optimal number of clusters for the best 

method. 
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TABLE VIII 

SILHOUETTE COEFFICIENT VALUE 

Number of Clusters Silhouette Score 

2 0,6155 

3 0,3962 

4 0,4776 

5 0,3357 

6 0,3087 

7 0,2571 

8 0,3854 

9 0,3904 

10 0,3637 

 

Figure 4. Silhouette Score Optimal Number of Clusters  

Table VII and Figure 4 show that the optimal number of 

clusters for the centroid linkage method is 2, with the highest 

silhouette value of 0.6155. This value indicates that the 

clustering results have a pretty good level of separation. The 

silhouette value theoretically ranges from -1 to 1, where 

values closer to 1 indicate highly compact and well-separated 

clusters. Thus, this clustering result can be considered 

sufficiently good in dividing the data according to the 

characteristics of the causes of stunting in East Java. 
TABLE IX 

AVERAGE VARIABLES IN EACH CLUSTER 

Variable 
Cluster 

National 
1 2 

Environmental Conditions and 

the Risk of Stunting 
-0,172025 6,364939 1,168656 

Child Nutritional Status -0,027920 1,033055 8,764919 

 

Based on Table VI, PC1 can be called 'Environmental 

Conditions and Stunting Risk', and PC2 is called 'Child 

Nutritional Status'. The national average is used as a reference 

to classify each variable within a cluster as having a good or 

bad value. Further examination of Table VIII reveals that 

several variables within cluster 2 are higher than those outside 

cluster 1. This indicates that districts/cities within cluster 2 

have higher levels of stunting-causing characteristics, while 

districts/cities within cluster 1 have lower levels of stunting-

causing characteristics. 
TABLE IX  

RESULTS OF DISTRICT/CITY CLUSTER MAPPING 

Cluster Regency/City 

1 

Malang, Pacitan, Ponorogo, Trenggalek, 

Tulungagung, Blitar, Kediri, Lumajang, Banyuwangi, 

Bondowoso, Situbondo, Probolinggo, Pasuruan, 

Sidoarjo, Mojokerto, Jombang, Nganjuk, Madiun, 

Magetan, Ngawi, Bojonegoro, Tuban, Lamongan, 

Gresik, Bangkalan, Sampang, Pamekasan, Sumenep, 

Kota Kediri, Kota Blitar, Kota Malang, Kota 

Probolinggo, Kota Pasuruan, Kota Mojokerto, Kota 

Madiun, Kota Surabaya, dan Kota Batu 

2 Jember 

 

Table X shows that there are two clusters with the number 

of 37 regencies/cities in cluster 1 (low stunting-risk cluster), 

which include Malang, Pacitan, Ponorogo, Trenggalek, 

Tulungagung, Blitar, Kediri, Lumajang, Banyuwangi, 

Bondowoso, Situbondo, Probolinggo, Pasuruan, Sidoarjo, 

Mojokerto, Jombang, Nganjuk, Madiun, Magetan, Ngawi, 

Bojonegoro, Tuban, Lamongan, Gresik, Bangkalan, 

Sampang, Pamekasan, Sumenep, Kediri City, Blitar City, 

Malang City, Probolinggo City, Pasuruan City, Mojokerto 

City, Madiun City, Surabaya City, and Batu City. Jember 

becomes the only regency/city in cluster 2, or a high stunting-

risk cluster. 

The regencies/cities in cluster 2, namely Jember, have a 

relatively high stunting prevalence rate of 29.7% in 2023. 

This pushes this region into the high cluster group. Further 

attention is needed to address stunting in relatively high-risk 

areas to ensure more equitable stunting prevalence. Jember 

Regency is included in the high stunting category because 

indicators of poverty and poor access to basic infrastructure, 

such as families at risk of stunting, uninhabitable housing, and 

inadequate sanitation, are far from national standards. This 

phenomenon is quite natural in the geographic context of East 

Java, as Jember is a regency with a vast area, high population 

density, and uneven infrastructure distribution, which makes 

equitable distribution of basic infrastructure and nutrition 

services a significant challenge. 
 

TABLE XI  

PREVIOUS RESEARCH 
Location n 

Cluster Method 

Best 

Silhouette 

Score 

West Java 4 K-Means [25] 0.33 

A community 

health center 

2 PCA & K-Means 

[26] 
0.58 

Indonesian’s 

Provincies 

2 PCA & K-means 

[27] 
0.55  

East Java 2 Hierarchical 

Clustering (our 

research)  

0,6155 

 

Previous research at Table XI has shown that the quality of 

clustering results depends on the method used. This 

comparison demonstrates that method selection is crucial in 

forming more transparent and more representative clusters. 

Therefore, the hierarchical clustering method was chosen in 

this study because it offers a more understandable and 

interpretable cluster structure, thus supporting stunting 

analysis based on multi-variable indicators. 
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A map of East Java based on clusters is also shown in 

Figure 5. This map illustrates the distribution of districts/cities 

based on the clustering results. Cluster 1 (low cluster), shown 

in green, comprises 37 districts/cities across East Java. 

Meanwhile, Cluster 2 (high cluster), marked in red, consists 

solely of Jember District, indicating that this area has distinct 

characteristics compared to other regions, particularly 

regarding stunting risk factors. 

 

 

 
Figure 5. Map of East Java Regency/City based on clusters 

 

IV. CONCLUSION 

Based on the characteristics of stunting causes, 

regencies/cities in East Java were divided into two clusters. 

The clusters were created using the centroid linkage with the 

highest cophenetic correlation coefficient value. 

Regencies/cities with low stunting causes formed the first 

cluster, which consists of 37 regencies/cities, while those with 

high stunting causes formed the second cluster, represented 

only by Jember Regency. The prevalence of stunting was 

significantly influenced by the number of underweight 

toddlers and families at risk due to inadequate drinking water 

sources, inadequate toilets, and uninhabitable houses. This 

indicates that household environmental hygiene has a 

significant influence. The results of this categorization have 

important policy implications. Regions in the high-risk group, 

such as Jember, require greater focus on nutrition 

management programs, improving sanitation, and enhancing 

basic facilities. However, regions in the low-risk group also 

require prevention and monitoring programs to prevent future 

increases in stunting cases. Therefore, the results of this 

categorization can help local governments develop more 

effective, flexible, and locally tailored stunting management 

strategies. 
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