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Abstract: Stunting remains a major public health problem and poses a significant challenge to 

human resource development in Indonesia. Differences in stunting management performance 

across provinces indicate regional disparities that require systematic and data-driven analysis. 

This study aims to cluster provinces in Indonesia based on the 2022 Stunting Management 

Specific Index (IKPS) and to compare the performance of the K-Means and K-Medoids clustering 

algorithms. The study uses secondary data from the Central Statistics Agency (BPS), covering 34 

provinces and ten indicators composing the IKPS. Clustering was conducted using K-Means and 

K-Medoids algorithms. The optimal number of clusters was determined using the Elbow Method, 

while clustering quality was evaluated using the Davies–Bouldin Index (DBI). The results show 

that the optimal number of clusters is k = 5. Furthermore, the K-Medoids algorithm produces 

better clustering quality, as indicated by a lower DBI value compared to the K-Means algorithm, 

reflecting more compact clusters and clearer separation between provinces. The clustering 

results reveal distinct provincial groupings with varying stunting management characteristics, 

ranging from provinces with relatively strong and stable performance to those facing greater 

challenges related to geographical constraints and limited access to health services. Overall, this 

study demonstrates that cluster analysis is effective for identifying regional patterns in stunting 

management and can support policymakers in formulating more targeted, province-based 

strategies to improve the effectiveness of stunting prevention and intervention programs in 

Indonesia. 

Keywords: DBI, K-Means, K-Medoids, Provincial clustering, Stunting 

Introduction 
The development of a country cannot be separated from the level of welfare of its 

people. Welfare reflects the condition of a society that can meet material and non-material 
needs, including social, economic, and health aspects. The better the level of welfare of the 
people, the better the quality of a country's development. One important indicator in 
assessing the quality of human development is health, especially in vulnerable groups 
such as toddlers. Stunting remains a serious public health problem in Indonesia. Stunting 
is a condition of growth failure in children due to chronic malnutrition, which affects 
children's physical growth, cognitive development, and immune system (Faujia et al., 
2022). Children who experience stunting are at risk of having lower intelligence, being 
more susceptible to disease, and having lower productivity in the future (BPS,  2023). 
Based on data from the Ministry of Health, the prevalence of stunting in Indonesia in 2022 
reached 21.6%, a decrease of 2.8% compared to 2021. However, this figure is still far from 
the national target of 14% by 2024  (Ministry of Health, 2023). President Joko Widodo 
emphasized that achieving this target requires effective cooperation from all 
stakeholders. 
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` As a form of the government's commitment to accelerating the reduction of stunting, 
Presidential Regulation of the Republic of Indonesia Number 72 of 2021 concerning the 
Acceleration of Stunting Reduction was issued. In support of this policy, the government 
developed the Special Index for Stunting Reduction (IKPS) as an instrument for evaluating 
the performance of local governments. The IKPS is used to monitor the achievements of 
stunting reduction interventions and is also part of the fulfillment of the cooperation 
agreement between the Government of Indonesia and the World Bank through 
Disbursement Linked Indicator 8 in the Investing in Nutrition and Early Years (INEY) 
program. The IKPS was developed by the Central Statistics Agency (BPS) and the 
Secretariat of the Vice President of the Republic of Indonesia (Setwapres RI) with the 
involvement of relevant ministries/agencies and experts to ensure the accuracy of 
indicator selection, methodology, and index measurement (BPS,  2023). The differences 
in IKPS values between provinces indicate disparities in the effectiveness of stunting 
prevention in Indonesia. Therefore, a data-based analytical approach is needed to group 
provinces based on similar characteristics to support the formulation of more targeted 
policies. One approach that can be used is data mining techniques, particularly clustering. 

Clustering is the process of grouping data into a number of clusters with a high degree 
of similarity within a cluster and a low degree of similarity between clusters (Fatimah & 
Nuryaningsih, 2018). The clustering technique was first introduced by Lloyd in 1957 and 
is generally divided into hierarchical and non-hierarchical methods. Hierarchical 
clustering forms clusters through agglomerative or divisive processes and produces 
dendrograms that illustrate hierarchical relationships between objects. Although this 
method is effective for exploratory analysis and small datasets, recent studies note that 
hierarchical clustering has limitations when applied to large scale or high dimensional 
data due to its high computational complexity and the irreversible nature of clustering 
decisions(Omran et al., 2007; Xu & Tian, 2015). On the other hand, non-hierarchical 
clustering methods, such as K-Means and K-Medoids, are more suitable for large datasets 
because they are computationally efficient and allow iterative data reassignment to 
improve cluster quality. Given that the IKPS dataset consists of various indicators 
measured across provinces in Indonesia, non-hierarchical clustering provides greater 
flexibility in capturing similarities between provinces while maintaining computational 
feasibility. 

 The two most used non-hierarchical algorithms are K-Means and K-Medoids. K-Means 
groups data based on proximity to the cluster mean (centroid), giving it advantages in 
computational efficiency and speed , which has been widely reported as effective for large 
public health and socio economic datasets (Arora et al., 2016), but it is sensitive to outliers 
(Mohemad et al., 2022; Nirmal, 2019). In contrast, K-Medoids uses actual objects as 
cluster centers (medoids), making it more robust against noise and outliers, a 
characteristic that is particularly important in regional health data where extreme values 
may occur, although it requires longer computation time. The combined use of K-Means 
and K-Medoids allows this study to compare efficiency oriented and robustness-oriented 
clustering results, thereby increasing the reliability of provincial groupings used as the 
basis for targeted stunting prevention policies. 

Several previous studies have compared the performance of the K-Means and K-
Medoids algorithms. Nirmal (2019) showed that K-Medoids is superior in handling data 
containing outliers and is more stable on large-scale datasets. Meanwhile, Mohemad et al. 
(2022) found that K-Means provided the best results in document clustering with an 
accuracy rate of 78% and performed better in evaluating the average distance within 
clusters. The differences in the results of these studies show that there is no consistent 
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conclusion regarding the most optimal non-hierarchical clustering algorithm. In addition, 
most previous clustering studies have been applied to socioeconomic, global health, or 
text data, and have not specifically examined regional clustering in Indonesia based on 
the Special Index for Stunting Management. Research that integrates IKPS data with a 
non-hierarchical clustering approach to identify patterns of similarity between provinces 
is still very limited. This condition indicates a research gap related to the use of clustering 
algorithms in evaluating stunting handling policies based on composite indices.  

Based on this research gap, this study has the novelty of applying and comparing the 
K-Means and K-Medoids algorithms in clustering provinces in Indonesia based on the 
2022 Special Index for Stunting Handling (IKPS). Additionally, this study evaluates cluster 
quality using the Davies Bouldin Index (DBI) method to determine the best algorithm in 
the context of IKPS data. The results of this study are expected to provide an overview of 
provincial clustering patterns in stunting management and serve as a basis for more 
strategic and data-driven decision-making and policy formulation. 

Method 
The research method used in this study is a descriptive quantitative approach. This 

approach aims to describe and analyze the grouping patterns of provinces in Indonesia 
based on the 2022 Special Index for Stunting Management (IKPS) through a comparison 
of the K-Means and K-Medoids algorithms. The analysis process was carried out using 
statistical, mathematical, and computational methods. The data used is secondary data in 
the form of the 2022 Provincial Stunting Handling Index (IKPS) in Indonesia, obtained 
from the official website of the Central Statistics Agency (BPS). The research objects 
consist of 34 provinces in Indonesia, with each province represented by the indicators 
that make up the IKPS.  

Table 1. Research Variables for 2022 Province IKPS Data 

Variable Description 
X1 Immunization 

X2 Childbirth assistance by health workers in 
health facilities 

X3 Modern family planning 

X4 Exclusive breastfeeding 

X5 Complementary feeding 

X6 Safe drinking water 

X7 Adequate sanitation 

X8 Food consumption 

X9 Early childhood education 

X10 JKN/Jamkesda Ownership 

The clustering process was carried out using non-hierarchical algorithms, namely K-
Means and K-Medoids, to group provinces in Indonesia based on the similarity of IKPS 
indicator values. The optimal number of clusters (k) is determined using the Elbow 
method, which evaluates the relationship between the number of clusters and the sum of 
squares within clusters (WCSS). The optimal k value is identified at the point where the 
decrease in WCSS begins to stabilize, forming an elbow that indicates a balance between 
model complexity and clustering effectiveness (Herdiana et al., 2025). The clustering 
results from the two algorithms were then evaluated using the Davies Bouldin Index (DBI) 
method to assess the quality of the clusters formed. Algorithmsithm with the lowest DBI 
value is considered to produce the best cluster structure and is further analyzed to 
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interpret the characteristics of each cluster. The research variables used in this study are 
the indicators that make up the 2022 Special Index for Stunting Management (IKPS), 
which are presented in table 1. 

1. Clutering 
Clustering is one of the approaches in unsupervised learning that is widely used in 

data mining to find hidden patterns in unlabeled data (Rahman & Wijayanto, 2021). 
Clustering aims to group data objects into several clusters based on a certain level of 
similarity, so that objects in one cluster have a high level of similarity, while clusters 
have a low level of similarity (Dewi et al., 2021). This technique is widely used in 
multivariate data analysis because it provides a natural representation of the data 
structure. 

In this study, the clustering results were interpreted by comparing the average 
values of the IKPS indicators in each group to identify distinguishing characteristics 
and the level of stunting management performance at the provincial level. This 
interpretation formed the basis for drawing substantial conclusions from the 
clustering results. 

2. K-Means 
The K-Means algorithm is a non-hierarchical clustering method that is iterative and 

used to partition data into a predetermined number of clusters. This algorithm works 
by grouping data based on proximity to the cluster center (centroid), so that data with 
similar characteristics are in the same cluster, while data with different characteristics 
are grouped into other clusters (Syukron et al., 2022). The data analysis procedure 
using K-Means consists of the following steps: 
1) Randomly initializing k centroids. 
2) Calculating the distance between each data point and the centroids using 

Euclidean Distance. 
3) Assigning data points to the nearest centroid. 
4) Updating centroids based on the mean of cluster members. 
These steps are repeated iteratively until convergence is achieved, indicated by no 
change in cluster membership or centroid positions (Abbas et al., 2020). 

In the K-Means algorithm, the cluster centers are determined randomly at the initial 
stage. The clustering process is greatly influenced by the distance measurement 
method used. Some commonly used distance metrics include Euclidean Distance, 
Manhattan Distance, and Chebyshev Distance. However, Euclidean Distance is more 
commonly used because it has a high level of computational efficiency and is easy to 
interpret (Alam et al., 2019). 

3. K-Medoids 
K-Medoids is a clustering method like K-Means, but uses actual objects in the 

dataset as cluster centers (medoids) (Madbouly et al., 2022). This approach makes K-
Medoids more resistant to noise and outliers than K-Means. The K-Medoids analysis 
procedure includes: 
1) Selecting k initial medoids randomly from the dataset. 
2) Assigning each data point to the nearest medoid based on Euclidean Distance. 
3) Evaluating possible swaps between medoids and non-medoids by calculating 

changes in the cost function. 
4) Updating medoids if a swap reduces the total clustering cost. 
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This process is repeated iteratively until no further improvement is obtained (Abbas 
et al., 2020). 

The K-Medoids algorithm attempts to minimize the total distance between data 
points in a cluster and the medoid that represents it (Prahara et al., 2020). The cost 
function is defined as: 

𝐶𝑜𝑠𝑡 = ∑ ∑ 𝑑(𝑃𝑖∈𝑚𝑖𝑀𝑖
𝑃𝑖, 𝑀𝑖)      (1) 

4. Euclidean Distance 
Euclidean Distance is one of the most commonly used distance metrics in clustering 

analysis to measure the proximity between two objects in a multidimensional space 
(Cabitza et al., 2022). In distribution-based data representation, Euclidean distance is 
defined as the geometric distance between two data vectors. In the clustering process, 
this metric is used to calculate the distance between each data point and the cluster 
center to determine cluster membership (Luchia et al., 2022). The use of Euclidean 
distance in this study is justified due to its suitability for continuous numerical data 
measured on the same scale. Since all IKPS indicators are index values that have been 
normalized by the data provider and expressed on a comparable scale, data 
normalization is not necessary. The absence of normalization does not affect the 
distance calculation, as no variable dominates the clustering process due to scale 
differences. 

𝑑(𝑥𝑖 , 𝑥𝑗) = √(𝑥𝑖1 − 𝑥𝑗1)
2

+ (𝑥𝑖2 − 𝑥𝑗2)
2

+ ⋯ + (𝑥𝑖𝑛 − 𝑥𝑗𝑛)
2 

  (2) 

5. Davies-Bouldin Index 
The Davies-Bouldin Index (DBI) was introduced by David L. Davies and Donald W. 

Bouldin as an internal evaluation method for assessing the quality of clustering results  
(Mughnyanti et al., 2020). This index measures the ratio between the average intra-
cluster distance and the inter-cluster distance, thereby describing the level of cluster 
compactness and separation between clusters (Agbaje et al., 2019). In this study, DBI 
is used as the primary criterion for drawing conclusions regarding clustering 
performance. A lower DBI value indicates more compact clusters and greater 
separation between clusters, suggesting superior clustering quality. The clustering 
method that produces the smallest DBI value is considered the most appropriate for 
interpreting provincial IKPS patterns (Brito Da Silva et al., 2020). 

𝐷𝐵 =
1

𝑘
∑ 𝑅𝑖

𝑘

𝑖=0

                                                                         (3) 

  

Result and Disscusion 

Determination of the Optimal Number of Clusters 
Before applying the K-Means and K-Medoids algorithms, the optimal number of 

clusters is first determined using the Elbow Method. This method works by calculating 

the Within-Cluster Sum of Squares (WCSS) value for various numbers of clusters (K). The 

WCSS value describes the level of data variation within each cluster, the smaller the value, 

the more homogeneous the clusters are. 



Volume 9, Nomor 2, Desember 2025 

Numerical: Jurnal Matematika dan Pendidikan Matematika| 348  

 

 

Figure 1. Elbow Method 

Based on the Elbow Method graph (figure 1), the WCSS value decreases sharply from 

k = 1 to k = 5. After k = 5, the decline in WCSS tends to level off and does not show 

significant changes. This pattern forms an elbow at k= 5, which indicates that adding more 

clusters after that value no longer provides a significant improvement in cluster quality. 

Therefore, the optimal number of clusters selected is k = 5. This value is considered to 

provide a balance between model complexity and data clustering quality. The results of 

determining the number of clusters are then used as the basis for applying the K-Means 

and K-Medoids algorithm in the next stage. 

 

K-Means Clustering 
Using k = 5, the K-Means algorithm was applied to cluster the provinces based on the 

IKPS indicators. The clustering process resulted in five distinct clusters, as presented in 
table 2. 

Table 2. K-Means Clustering Result 

Cluster Province 
1 Aceh, Papua. West Java, West Nusa Tenggara,  

2 

Riau, West Sumatra, South Sumatra, 
Bengkulu, Jambi, Lampung, South 
Kalimantan, Central Kalimantan, West Java, 
West Kalimantan.  

3 

Bangka Belitung Islands, Riau Islands, DKI 
Jakarta, Central Java, Yogyakarta, East Java, 
Bali, East Nusa Tenggara, East Kalimantan, 
North Kalimantan, South Sulawesi, Southeast 
Sulawesi, Gorontalo, West Sulawesi 

4 
North Sumatra, Banten, West Nusa Tenggara, 
North Sulawesi, Central Sulawesi 

5 Maluku, North Maluku, West Papua 

To determine the characteristics and differences between clusters formed by the K-
Means algorithm, an analysis was conducted on the average of each variable in each 
cluster.  The results of the variable average calculations are presented in table 3. 
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Table 3. Average Value of the Variable using K-Means 

Variable Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5 
Immunization 38.15 64.2 79.64 66.32 61.43 
Childbirth assistance by 
health workers in health 
facilities 

82.45 85.5 94.06 89.28 62.1 

Modern family planning 36.55 73.62 60.76 67.64 45.2 
Exclusive breastfeeding 87.55 87.64 87.86 84.38 79.23 
Complementary feeding 86.35 89.94 82.11 79.66 77.57 
Safe drinking water 77.55 82.21 91.4 92.2 87.27 
Adequate sanitation 58.9 78.31 86.71 81.9 76.47 
Food consumption 60.7 81.42 78.2 89.48 49 
Early childhood education 24.15 32.71 42.85 35.76 34.6 
JKN/Jamkesda Ownership 90.5 61.25 76.21 66.3 65.8 

The results indicate that Cluster 3 has the highest average values for most indicators, 
while Cluster 1 records the lowest averages for several indicators. Cluster 4 shows 
relatively high values in access to safe drinking water and food consumption, whereas 
Cluster 5 has lower averages in food consumption and childbirth assistance in health 
facilities. Cluster 2 demonstrates moderate values across most indicators. 

 
K-Medoids Clustering 

Following the K-Means analysis, the K-Medoids algorithm was applied using the same 
number of clusters (k = 5). The resulting cluster memberships are shown in table 4. 

Table 4. K-Medoids Clustering Result 

Cluster Province 
1 Aceh 

2 

West Sumatra, Riau, Jambi, South Sumatra, 
Bengkulu, Lampung, West Java, West 
Kalimantan, Central Kalimantan, South 
Kalimantan 

3 

Bangka Belitung Islands, Riau Islands, DKI 
Jakarta, Central Java, Yogyakarta Special 
Region, East Java, Bali, East Nusa Tenggara, 
East Kalimantan, North Kalimantan, Central 
Sulawesi, South Sulawesi, Southeast 
Sulawesi, Gorontalo, West Sulawesi 

4 
North Sumatra, Banten, West Nusa Tenggara, 
North Sulawesi 

5 Maluku, North Maluku, West Papua, Papua 

Similar to the K-Means analysis, cluster characteristics were examined by calculating 
the average value of each IKPS indicator within each cluster. These results are presented 
in table 5. 

Table 5. Average Value of the Variable using K-Medoids 

Variable Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5 
Immunization 25 64.2 79.37 64 58.9 
Childbirth assistance by 
health workers in health 
facilities 

92.4 85.5 93.55 90.03 64.7 

Modern family planning 53.4 73.62 61.17 67.8 38.83 
Exclusive breastfeeding 82.4 87.64 87.49 84.9 82.6 
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Variable Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5 
Complementary feeding 95.9 89.94 81.76 80.35 77.38 
Safe drinking water 89.7 82.21 91.09 93.58 81.8 
Adequate sanitation 77.5 78.31 85.93 83.63 67.43 
Food consumption 81.7 81.42 78.33 91.83 46.68 
Early childhood education 34.2 32.71 42.75 34.35 29.48 
JKN/Jamkesda Ownership 97 61.25 75.87 65.13 70.35 

The results indicate that Cluster 3 shows consistently high average values across most 
indicators, while Cluster 5 records the lowest averages for several key variables, 
particularly food consumption and modern family planning. Cluster 1 is characterized by 
high JKN/Jamkesda ownership and childbirth assistance but low immunization coverage. 
Cluster 4 shows relatively high averages for access to safe drinking water and food 
consumption, while Cluster 2 displays moderate indicator values. 
 
Cluster Validity Comparison 

To evaluate the quality of the clustering results obtained from the K-Means and K-
Medoids algorithms, the Davies–Bouldin Index (DBI) method was used. This index 
measures the degree of similarity between clusters by considering the ratio between 
intra-cluster distance and inter-cluster distance. A smaller DBI value indicates better 
cluster quality, as it signifies more compact clusters with clearer separation. The Davies–
Bouldin Index values for each clustering method are presented in table 6. 

Table 6. Davies–Bouldin Index Result 

Method Davies–Bouldin Index 
K-Means 1.80791772 

K-Medoids 1.50359777 

The results show that the K-Medoids method yields a lower DBI value (1.5036) 
compared to the K-Means method (1.8079), indicating better cluster compactness and 
separation. 

The clustering results show significant heterogeneity among provinces in Indonesia 
in terms of stunting management performance. Based on the K-Medoids clustering 
method, which was chosen as the primary method due to its lower Davies–Bouldin Index 
value, Cluster 3 consistently represents provinces with relatively high performance on 
most IKPS indicators, including immunization coverage, births attended by trained health 
personnel, sanitation, and early childhood education. This pattern reflects a more 
established health system and stronger supporting infrastructure in these provinces. On 
the other hand, Cluster 5 emerged as the most vulnerable group, characterized by low 
food consumption, limited access to maternal health services, and weaker early childhood 
education indicators. These conditions indicate a higher risk of malnutrition and maternal 
and child health problems, highlighting the need for prioritized and intensive policy 
interventions. 

Cluster 2 represents provinces with moderate performance across most indicators, 
particularly showing relatively strong results in modern family planning and basic health 
services, but lower coverage of health insurance and early childhood education. This 
suggests that provinces in this cluster could benefit from targeted improvements in social 
protection and human development support to improve overall stunting management 
outcomes. An interesting pattern is seen in Cluster 1, which shows high JKN/Jamkesda 
coverage but low preventive health indicators, particularly immunization coverage. This 
indicates a strong reliance on curative health services rather than preventive health 
behaviors. Meanwhile, Cluster 4 shows relatively strong access to clean water and food 
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consumption, indicating better environmental resilience despite moderate performance 
on other health indicators. 

Overall, the lower DBI value confirms that K-Medoids provides a more robust and 
reliable representation of provincial inequalities in stunting management compared to K-
Means. The use of medoids as cluster centers allows for better handling of extreme 
regional characteristics and reduces sensitivity to outliers, which is particularly relevant 
for provincial-level health data. These findings provide an evidence-based foundation for 
designing cluster-specific and more targeted stunting prevention policies, in line with the 
unique characteristics of each provincial group. 

In the context of national stunting reduction programs, these findings reinforce the 
importance of differentiated policy approaches rather than uniform interventions across 
provinces. Provinces grouped within the same cluster tend to share similar structural and 
service-related challenges, indicating that cluster-based policy design may improve the 
efficiency and effectiveness of resource allocation. Furthermore, the consistency of high- 
and low-performing clusters across methods strengthens the robustness of the identified 
patterns. This supports the practical applicability of clustering analysis as a decision-
support tool in public health planning. 

Conclusion 
This study demonstrates that cluster analysis is an effective approach for identifying 

patterns of stunting management performance across provinces in Indonesia based on 
the 2022 Stunting Management Index (IKPS). The evaluation of cluster validity using the 
Davies–Bouldin Index indicates that the K-Medoids algorithm outperforms K-Means, as 
reflected by its lower DBI value, signifying more compact clusters and clearer separation. 
Using the Elbow Method, the optimal number of clusters was determined to be five, 
resulting in distinct provincial groupings that reflect varying levels of stunting 
management performance. Some clusters represent provinces with relatively strong and 
stable performance that may serve as benchmarks, while others highlight provinces with 
unique vulnerabilities and more complex challenges, underscoring the need for targeted, 
cluster-specific policy interventions. Despite these findings, this study is limited by the 
use of provincial-level secondary data and a restricted set of indicators. Future research 
is therefore recommended to employ more granular data at the district or city level, 
incorporate additional socioeconomic and health system variables, and compare K-
Medoids with other clustering techniques to further enhance the robustness and 
applicability of clustering results in supporting stunting prevention policies. 
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