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Abstract 
 

Stunting is a national public health priority because it affects children's physical growth, cognitive development, and the quality of future 

human resources. To support stunting prevention efforts, it is important to identify areas with similar risk characteristics so that intervention 

programs can be implemented more effectively. This study aims to analyze the clustering of villages in Babat Regency based on stunting 

risk using the K-Means clustering algorithm. The variables used include the number of infants under two years of age, the number of 

children under five years of age, the number of pregnant women, and environmental factors represented by access to proper sanitation and 

clean water sources. A total of 21 villages were analyzed and grouped into three clusters representing high, medium, and low stunting risk. 

The clustering results showed that five villages were classified as high risk, four villages as medium risk, and 12 villages as low risk. These 

results were then compared with the original village data and showed that the clustering accurately represented the actual conditions, 

indicating that the K-Means algorithm effectively identified villages with similar stunting risk characteristics. These findings indicate that 

K-Means clustering can provide valuable information for local governments in determining intervention priorities, allocating resources 

efficiently, and improving the effectiveness of stunting prevention and management programs in Babat Regency.. 
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1. Introduction 

 Stunting is a public health issue that remains a national priority because it impacts physical growth, cognitive development, and the quality 

of future human resources. Stunting is a condition of failure to thrive in children due to chronic malnutrition, particularly during the first 

1,000 days of life [1]. According to the World Health Organization (WHO), stunting status is determined based on the height-for-age (H/U) 

index using the Z-score value, where children with a value of less than -2 standard deviations (SD) are categorized as being at risk of 

stunting [2], Indonesia remains one of the countries with the highest stunting rates in the world. According to data from the Indonesian 

Ministry of Health, the stunting rate in Indonesia reached 21.6% in 2022. 

 

Although the prevalence of stunting has decreased, reaching 24.4% in 2021, it still falls short of the WHO standard, which stipulates that 

the stunting prevalence should be less than 20% [3]. In developing countries like Indonesia, many parents are unable and unaware of how 

to provide nutritious food for their toddlers. This can result in malnutrition. A toddler's nutritional status is closely related to the parents, 

as it determines the quality of the family's offspring [4]. 

 

Clustering is an unsupervised machine learning method useful for grouping data into clusters or groups based on similarities or differences 

between the data. One machine learning method used to uncover hidden patterns or structures in data is k-means clustering [5]. K-means 

clustering is a method that can be used to group children based on similar characteristics. This method is a non-hierarchical data mining 

algorithm that divides data into groups based on the proximity between objects so that each cluster has relatively homogeneous 

characteristics [6]. 

 

The k-Means clustering algorithm is used to group data points into clusters by minimizing the distance from the nearest cluster center. The 

centroid value determines the optimal grouping of data, allowing them to be categorized into different clusters [7]. Many studies have 

raised cases at risk of stunting using various methods and there are also several studies that use the K-means clustering method which aims 

to conduct cluster analysis of sub-districts or villages at risk of stunting [8], The K-Means method is able to optimally group the stunting 

status of toddlers based on anthropometric characteristics [9], K-Means can be used to support stunting management through grouping 

based on age [10], Factors that influence stunting are height, weight and environmental factors [11]. 

 

The K-means algorithm is relevant for grouping toddler nutritional status data based on weight and height, thus facilitating the identification 

of toddler nutritional status [12]. The K-means clustering method is expected to provide a deeper understanding of population groups at 

higher risk of stunting, allowing for targeted interventions [13]. With this method, analyzed data can be systematically processed, producing 
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more accurate information that can be used in decision-making [14]. It is hoped that the results of this study will contribute to the efforts 

of the government and other policymakers to address stunting issues more effectively [15]. 

  

2. Method 

2.1. Research Stages 

This quantitative study focused on processing, measuring, and analyzing numerical data using a data mining approach, specifically the K-

Means Clustering method. The study began with advanced problem analysis by collecting data from each village in Babat sub-district. The 

collected data was then processed using the K-Means Clustering method to categorize the villages into three groups: high, medium, and 

low risk of stunting. 

 

This stage begins with data collection and then continues with the selection of attributes deemed most relevant. The next step is determining 

the number of clusters to be used, followed by iterations of the K-Means algorithm until convergence or stable results are achieved. The 

clustering results are then interpreted to identify patterns, characteristics, and important information. To facilitate understanding of the 

entire process, a flowchart system is created, as shown in the figure 1 below. 

 

 
Fig. 1: Research Flow 

2.2. Data Collection 

Data were collected from the Babat sub-district family planning office through direct observation and documentation. The research dataset 

used in this cluster analysis used 21 data sets. These data have five attributes in their processing.The attributes for clustering sub-districts 

or villages at risk of stunting are: the number of families with infants under two years old (A), the number of families with infants under 

five years old (B), the number of families with pregnant women (C), the number of families with inadequate sanitation (D), and the number 

of families with inadequate water sources (E). These attributes serve as the basis for grouping the data and calculating distances between 

data sets. Based on the above attributes, the data can be presented in Table 1. 

 
 Table 1: Village Table 
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No village name A B C D E 

1 Tritunggal 18 120 15 25 5 

2 Puncak wangi 9 25 5 0 0 

3 Patihan 10 43 9 0 0 

4 Bedahan 12 32 3 0 0 

5 Sogo 15 23 5 0 0 

6 Sambangan 9 22 9 1 0 

7 Truni 10 36 6 0 0 

8 Sumur genuk 6 20 11 2 2 

9 Kebalanpelang 8 19 9 0 1 
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Table 2: Village Table  

 

 

 

 

 

 

 

 

 

 

 

 

The initial centroid values were randomly determined from the data used in the study. The initial centroids were the cluster centers. The 

centroids were taken from data points 3, 18, and 20. The following is the initial centroid format, presented in Table 2. 

 
Table 3: Initial Centroid 

 

 

 

 

 

 

2.3. K-Means Clsutering Method 

The K-Means Clustering algorithm is a distance-based method that divides data into clusters. This algorithm is included in partitioning 

clustering, separating data into K separate regions. K-Means is a non-hierarchical data clustering method that attempts to partition existing 

data into one or more clusters. 

 

1. Allocate data points to the nearest cluster 

𝑑(𝑥, 𝑚) =∑(𝑥𝑖 −𝑚𝑖)
2

𝑛

𝑖=1

.                                     (1) 

Where : 

𝑑(𝑥, 𝑚) = is the distance between data point x and centroid m 

(𝑋𝑖) = is the data value for the i-th attribute. 

(𝑀𝑖) = is the centroid value for the i-th attribute. 

(𝑁) = is the number of attributes (variables) for which the distance is calculated. 

 

2. Recalculate the centroid 

 

𝑐𝑘=
1

Nk
∑𝑥𝑖

𝑁𝑘

𝑗=1

 
                                                               

(2) 

  

Where : 

𝑐𝑘 = is the new cluster centroid of the kth cluster 

(𝑁𝑘) = is the number of data points in the kth cluster 

𝑥𝑘(𝑗) = is the jth data point in the kth cluster 

∑ 𝑥𝑖
𝑁𝑘
𝑗=1 = is the total number of all data points in the kth cluster 

2.4. K-Means Algorithm Analysis 

At this stage, the required data is sub-district data. This sub-district data consists of five attributes and totals 21 items. This data will be 

processed and produced three clusters that are expected to assist the government in reducing stunting. 

2.5. Resut and Discussion 

The initial centroid values are randomly determined, with a value corresponding to the number of clusters. Next, calculations are performed 

using the Euclidean Distance formula. Based on the steps taken in K-Means, the initial step is to calculate the distances of the 1st, 2nd, and 

3rd data points to the initial centroid. 

 

1. Centroid Search (C1) 

a. C1(A) = (18+26+42+50+18)/5= 30,8 

b. C1(B) = (120+102+160+121+103)/5= 121,2 

No village name A B C D E 

10 Keyongan 12 28 7 1 0 

… …. … … … … … 

16 Kebalandono 18 103 10 6 0 

17 Gendogn kulon 11 27 14 2 0 

18 Bulumargi 7 22 4 4 0 

19 Karang kembang 12 28 9 0 0 

20 Terpan 8 19 5 0 0 

21 Plaosan 10 48 14 0 2 

No village name A B C D E 

C1 Patihan 10 43 9 0 0 

C2 Bulumargi 7 22 4 4 0 

C3 Terpan 8 19 5 0 0 
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c. C1(C) = (15+7+16+14+10)/5= 12,4 

d. C1(D) =(25+20+4+4+6)/5= 11,8 

e. C1(E) = (5+5+6+5+0)/5= 4,2 

 

2. Centroid Search (C2) 

a. C2(A) = (10+12+7+10)/4= 9,75 

b. C2(B) = (43+28+22+48)/4= 35,25 

c. C2(C) = (9+7+4+14)/4= 8,5 

d. C2(D) = (0+2+4+0)/4= 1,5 

e. C2(E) = (0+0+0+2)/4= 0,5 

 

3. Centroid Search (C3) 

a. C3(A) = (9+12+5+9+10+6+8+11+12+14+10+8)/12= 12 

b. C3(B) = (25+32+23+22+36+20+19+45+25+27+28+19)/12= 26,75 

c. C3(C) = (5+3+5+9+6+11+9+9+5+14+9+5)/12= 7,51 

d. C3(D) = (0+0+0+1+0+2+0+0+20+14+9+5)/12= 4,25 

e. C3(E) = (0+0+0+0+0+2+1+5+6+0+0+0)/12= 1,166 

Do the calculation continuously until the cluster remains in place or you could say the final cluster result is the same as the previous cluster 

result. The calculation results of the overall data with each cluster can be seen in Table 4. 

 
Table 4: The most stable iteration results 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

3. Result and Discussion 

At This stage aims to implement and compare the calculation results with the website-based system application, so that the results obtained 

from the application can be verified. The final results were 12 sub-districts/villages with a low risk of stunting, 4 sub-districts/villages with 

a moderate risk of stunting, and 5 sub-districts/villages with a high risk of stunting. The sub-districts/villages can be seen in Table 5. 

 

 

 

 

3.1 Results 

 

At This stage aims to implement and compare the calculation results with the website-based system application, so that the results obtained 

from the application can be verified. The final results were 12 sub-districts/villages with a low risk of stunting, 4 sub-districts/villages with 

a moderate risk of stunting, and 5 sub-districts/villages with a high risk of stunting. The sub-districts/villages can be seen in Table 4. 

 
 

 

No C1 C2 C3 Closest 

Distance 

Cluster 

1 37.0049 129.5555 187.9143 37.0049 1 

2 165.3625 72.2989 14.1468 14.1468 3 

3 107.0278 14.0401 44.5268 14.0401 2 

4 179.6117 86.6264 28.4306 28.4306 3 

5 178.147 85.0507 26.6889 26.6889 3 

6 135.7305 42.8675 16.8957 16.8957 3 

7 151.3432 58.2891 3.6007 3.6007 3 

8 135.8373 42.8675 16.3084 16.3084 3 

9 139.181 46.2615 12.9151 12.9151 3 

10 106.8483 14.1819 44.8679 14.1819 2 

… … … … … … 

16 38.5014 57.1937 115.1411 38.5014 1 

17 138.023 45.2341 14.5189 14.5189 3 

18 96,7459 6.3344 55.0935 6.3344 2 

19 136.3912 43.4468 15.7204 15.7204 3 

20 147.9762 55.2008 6.8895 6.8895 3 

21 62.7484 32.2355 90.0081 32.2355 2 
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Table 5: The Most Table Iteration Results 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

3.2 Sistem Implementasion 

 

The login page is the initial display that appears when a user first accesses a website. This page serves as the main gateway to the system, 

allowing only authorized users to proceed to the next page. Here, users are required to enter their previously registered username and 

password. This process serves to verify user identity, maintain data security, and prevent unauthorized access. If the entered data is correct, 

the user will be redirected to the system's main page, such as the dashboard. Conversely, if the username or password entered is incorrect, 

the system will deny access and require the user to re-login. Therefore, the login page plays a crucial role in maintaining security and 

controlling access to all website features. The login page can be seen in Figure 1 below: 

 

 
Fig.1: Login Page 

The dashboard page is the main page displayed after a user successfully logs into the system. This page serves as a navigation center for 

accessing various available features, such as data input and data processing results. The dashboard is designed to be simple, informative, 

and easy to use so that users can quickly understand the available functions and operate the system more efficiently. The dashboard page 

display can be seen in Figure 2. 

 

 
Figure 2: Dashboard 

 
On this page, the user enters the initial centroid value as the starting point for the clustering process. Next, the user determines the number 

of clusters, enters the amount of data to be processed, and fills in the centroid values based on the research variables. Once all data has 

been entered correctly, the user can click the Process button to begin the calculation using the K-Means method. The K-Means Process 

page display can be seen in Figure 3. 

No village name Cluster information 

1 Tritunggal C1 Tinggi 

2 Puncak wangi C3 Rendah 

3 Patihan C2 Sedang 

4 Bedahan C3 Rendah 

5 Sogo C3 Rendah 

6 Sambangan C3 Rendah 

7 Truni C3 Rendah 

8 Sumur genuk C3 Rendah 

9 Kebalanpelang C3 Rendah 

10 Keyongan C2 Sedang 

… … … … 

16 Kebalandono C1 Tinggi 

17 Gendogn kulon C3 Rendah 

18 Bulumargi C2 Sedang 

19 Karang kembang C3 Rendah 

20 Terpan C3 Rendah 

21 Plaosan C2 Sedang 



 
Journal of Artificial Intelligence and Engineering Applications  697 

 
 

 
Fig. 3: K-Means Process 

After the initial centroid values are entered, the system processes the data using the K-Means Clustering method through an iterative 

process. At each iteration, the system calculates the distances between data points, groups them into clusters, and updates the centroid 

values until optimal clustering results are achieved. The K-Means Process page display can be seen in Figure 4. 
 

 
Fig. 4: Iterasi 

3.3 K-Means Clustering  
 

The grouping results are the final output from the application of the K-Means Clustering algorithm which has gone through several stages 

of iteration until it reaches a convergent condition. Thus, the results obtained can be said to be stable and able to represent the data conditions 

more accurately. The K-Means Process page display can be seen in Figure 5. 

 

 
 

FiG.  5. Recapitulation of results 
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Based on the clustering results graph, cluster C1 (high stunting risk) consists of 5 villages, cluster C2 (moderate stunting risk) consists of 

4 villages, and cluster C3 (low stunting risk) consists of 12 villages. These results are consistent with data obtained from the Babat District 

Family Planning Office. The graphic visualization makes it easier for users to understand data distribution and interpret the clustering 

results. The graphic display can be seen in Figure 6. 

 

 
Fig. 6. Results graph 

3.4 Discussion - Example of Source Code Presentation 

 
The implementation results show that the K-Means Clustering method is able to effectively group village data based on stunting risk levels 

in Babat District. The developed web-based system allows users to perform the clustering process by specifying the number of clusters and 

the initial centroid value, resulting in the grouping of villages into three categories: high, medium, and low stunting risk. The resulting 

clustering results align with the original data obtained from the Babat District Family Planning Office, thus supporting decision-making in 

prioritizing stunting management and prevention. 

To implement this clustering process, the K-Means algorithm was integrated into a web-based application. The clustering process begins 

with determining the initial centroid value, then the system calculates the distance of each data item to each centroid using the Euclidean 

distance method. Next, each data item is assigned to the cluster with the closest distance, and the centroid value is updated based on the 

average of each cluster's members. This process is repeated until the centroid value remains unchanged or converges. The implementation 

of the K-Means Clustering calculation process in the application is presented in the following code snippet. 

Source Code 1: K-Means Clustering Analysis Process 

1  

2  

3  

4 

5  
6 

7 

8 

9 

10 
11 

12 

for ($iter=0; $iter<20; $iter++) { 

foreach ($subset as $d)  

$distances = [] 

for ($i=0;$i<$k;$i++)  

$x = $d['norm']; 

$m = $centroids[$i]; // centroid hasil update dari iterasi  

$sum = 0; 

for ($j=0;$j<8;$j++) { 

$distances[$i] = sqrt($sum); 

$minCluster = array_keys($distances, min($distances))[0]; 

$clusters[$minCluster][] = $d['norm']; 

$new_centroids[$i][$j] /= count($clusters[$i]); 

 

Compared with previous research, the proposed model's performance is consistent with previous studies that reported good K-Means 

clustering performance, The K-Means method is able to optimally group the stunting status of toddlers based on anthropometric 

characteristics [9], K-Means can be used to support stunting management through grouping based on age [10]. The K-means algorithm is 

relevant for grouping toddler nutritional status data based on weight and height, thus facilitating the identification of toddler nutritional 

status [12]. 

 

The K-means clustering method is expected to provide a deeper understanding of population groups at higher risk of stunting, allowing for 

targeted interventions [13]. With this method, analyzed data can be systematically processed, producing more accurate information that 

can be used in decision-making [14]. This finding confirms that the K-Means Clustering algorithm remains an effective method for 

grouping data based on their similar characteristics. 

4. Conclusion  

The K-Means Clustering method was successfully applied to group the stunting risk level in 21 villages in Babat District using five research 

variables, namely the number of toddlers under 2 years old, the number of toddlers under 5 years old, the number of pregnant women, the 

number of families with inadequate sanitation, and the number of families with inadequate water sources. The clustering process was 
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carried out by determining the number of clusters, determining the initial centroid, calculating the distance using Euclidean Distance, and 

iterating until stable results were obtained. 

Based on the results of the clustering process using the K-Means method, the system successfully grouped the data according to the 

groupings in the original data. The clustering results show that out of 21 villages in Babat sub-district, there are 5 villages with a high risk 

of stunting, 4 villages with a moderate risk of stunting, and 12 villages with a low risk of stunting, this has been correctly identified, so the 

clustering results are in accordance with the actual data conditions or original data. 
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