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ARTICLE INFO ABSTRACT

Seywords According to the Ministry of Health of the Republic of Indonesia, key
gﬁﬁggggeﬁgzhlggahh environmental health indicators include access to safe drinking water,
Elbow Method adequate sanitation, and healthy living environments. As of 2023, only

K-Medoids Clusteri - o
edolds Llustering 10.21% of Indonesian households had access to safe sanitation, far

from the government’s 2045 target of 70%. Indonesia’s ranking at
164th out of 180 countries in the 2022 environment performance index
(EPI), with a score of 28.20 out of 100, further underscores the need
for targeted interventions. This study aims to classify Indonesian
provinces based on environmental health indicators, thereby
supporting more effective policy prioritization. The k-medoids
clustering algorithm was employed due to its robustness to outliers and
flexibility in handling mixed data types, making it well-suited for this
context. This study utilized data from 34 provinces in 2023, sourced
from the Ministry of Health. These provinces were grouped into two
clusters, with cluster 2 representing provinces with stronger
environmental health performance. The clustering results were
validated using the silhouette coefficient, confirming the quality of the
groupings. Provinces in cluster 1 require greater policy attention to
improve environmental health conditions. This study demonstrates the
potential of robust medoids-based clustering for guiding targeted
environmental health strategies in developing countries.

1. Introduction

Five main objectives of “Indonesia Emas 2045 vision are outlined in the Long-Term National
Development Plan (Rencana Pembangunan Jangka Panjang Nasional, RPJPN) 2025-2045 vision,
one of which is to enhance the competitiveness of human resources. Achieving this goal requires
improvements in various sectors, one of which is health. According to the World Health Organization
(WHO), environmental health encompasses all physical, chemical, and biological factors external to
a person, as well as the factors that can influence human behavior. The condition and management
of environmental health have the potential to impact overall health. The Ministry of Health of the
Republic of Indonesia identifies key indicators of environmental health, which include access to safe
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drinking water, adequate sanitation, and healthy districts or cities. Access to safe drinking water and
basic services is a national priority, closely linked to other developmental issues such as health,
poverty, and human development [1].

Environmental health conditions in Indonesia remain poor compared to other countries globally,
including those in Southeast Asia. This is evident in the environmental performance index (EPI)
2022 report. The EPI evaluates 180 countries based on three major pillars: climate change
performance, environmental health, and ecosystem vitality. According to the 2022 EPI, Indonesia
ranked 164th out of 180 countries, with a score of 28.20 out of 100. In Southeast Asia, Indonesia was
ranked 9th among 11 countries evaluated. In the 2020 EPI, Indonesia had a score of 37.08 and ranked
116th. This indicates a significant decline in rank from 116th to 164th [2].

Access to adequate sanitation is closely related to health and environmental conditions. A lack
of proper sanitation can degrade water quality and contribute to an increased prevalence of stunting
among children, with a correlation coefficient of 0.66 [3]. The correlation coefficient value indicates
a fairly strong positive relationship between inadequate sanitation and the prevalence of stunting.
This means that when access to sanitation deteriorates, the prevalence of stunting tends to increase.
Although it does not indicate a causal relationship, this value suggests a significant association
between the two. In Indonesia, challenges related to sanitation behavior remain significant. For
instance, the government has set a target of 0% open defecation by households by 2045. However,
as of 2023, 4.20% of households still practiced open defecation [4]. Additionally, the government
aims to achieve 100% access to safe drinking water by 2045, yet as of 2023, only 91.72% of
households had access to safe drinking water [1]. Similarly, access to safely managed sanitation
remains low. By 2045, the government targets 70% of households to have access to safely managed
sanitation. However, as of 2023, only 10.21% of households had achieved this target [5].
Furthermore, the government aims for 100% of households to reside in adequate housing by 2045.
However, as of 2023, only 63.15% of households had access to adequate housing [6]. If these
conditions persist, the 2045 targets may not be achieved, necessitating appropriate policies to address
these issues. To this end, proper grouping or segmentation is required to determine policy priorities
for each province based on its specific characteristics.

Given this gap, understanding regional differences in environmental health conditions is crucial
for effective policymaking. Each province in Indonesia faces unique challenges that require targeted
interventions rather than a one-size-fits-all approach. Therefore, proper clustering or segmentation is
necessary to determine policy priorities for each province based on its specific characteristics. Cluster
analysis is a statistical method used to identify natural groupings within a dataset, where objects
within a group share greater similarity compared to objects in other groups [7]. In general, there are
two common types of clustering algorithms: hierarchical and non-hierarchical methods [8]. Several
studies have examined the clustering of provinces in Indonesia based on environmental health
indicators, including those by various researchers [9]-[18]. These studies have extensively explored
the clustering of provinces in Indonesia using environmental health indicators. However, most of
them are limited to methods such as k-means, fuzzy c-means, and cluster ensemble, which have
certain drawbacks. Among them, k-means is known for its efficiency in clustering large datasets and
handling high-dimensional data. However, it is highly sensitive to outliers, which can significantly
affect the position of the cluster center (centroid) and lead to less accurate clustering. Meanwhile,
fuzzy c-means allows objects to belong to multiple clusters with varying degrees of membership.
However, it remains vulnerable to outliers and is less effective in handling uneven data distributions,
reducing the precision of cluster boundaries. On the other hand, cluster ensemble can enhance
clustering accuracy but often presents challenges in computational efficiency.

To address the issue of outliers, one of the most robust nonhierarchical clustering methods is k-
medoids [19]. This algorithm offers a more resilient approach by selecting actual data points as
cluster centers (medoids) rather than centroids, which are easily influenced by extreme values. As a
result, k-medoids is more resistant to outliers and produces more stable and representative clustering,
especially in datasets with many extreme values [14]. Therefore, this study aimed to implement k-
medoids clustering to group provinces in Indonesia based on environmental health indicators in 2023.
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2. Method

2.1. Data

The data used in this study consisted of environmental health indicator data from 34 provinces
in Indonesia in 2023. The data was obtained from the Profil Kesehatan Indonesia 2023 published by
the Ministry of Health of the Republic of Indonesia. The dataset can be accessed through the website
kemkes.go.id/id/profil-kesehatan-indonesia-2023 [20]. The data included 34 provinces and 8
numerical variables. A list of the variables is presented in Table 1.

Table 1. List of Variable

Variable Indicators

X1 Percentage of villages/subdistricts implementing community-based total sanitation by
province in 2023
X2  Percentage of healthy districts/cities by province in 2023

X3 Percentage of households with access to proper drinking water by province in 2023

X4  Percentage of households with access to proper sanitation by province in 2023

X5  Percentage of public places and facilities undergoing supervision according to standards by
province in 2023
X6  Percentage of food management places meeting standards by province in 2023

X7  Percentage of households living in decent housing by province in 2023
X8  Percentage of villages/subdistricts with stop open defecation behavior by province in 2023

2.2. Method of Analysis

The data analysis in this study followed several key stages to ensure accurate and meaningful
results. It began with collecting secondary data from the 2023 Indonesian health profile and
conducting exploratory data analysis to summarize the dataset, calculate descriptive statistics, and
check for any missing values. Next, data validation was performed to identify outliers. If no outliers
were found, the k-means clustering method was applied. However, if outliers were present, the k-
medoids method was used to ensure reliable clustering. The analysis also included checking for
multicollinearity using the variance inflation factor (VIF). If multicollinearity was detected,
corrective measures were taken before proceeding.

The data was then standardized to ensure all variables had the same scale, which is essential
for clustering. Clustering was conducted using the k-medoids method. The optimal number of
clusters was determined using the Silhouette method and each cluster was profiled to gain insights
into its characteristics. Finally, the results were interpreted, and conclusions were drawn to highlight
the patterns and implications of the analysis.

2.3. No Multicollinearity Assumption

Multicollinearity refers to the presence of a strong or exact linear relationship between two or
more independent variables in a regression model. It indicates that some predictors can be expressed
as a linear combination of others, which can distort the estimation of coefficients. One common
method to detect multicollinearity is by calculating the VIF. VIF quantifies how much the variance
of a regression coefficient is inflated due to multicollinearity. A VIF value near 1 suggests no
multicollinearity, while a value greater than 10 indicates a potential multicollinearity problem that
warrants further investigation [21].

1 .
VIF, = —:j=1,2,..k (1)

J

where k is the number of independent variables and R]-2 is the coefficient of determination between
the jth independent variable and the other independent variables.

2.4. Data Standardization

Features with large scales or high variability can significantly influence clustering results. Data
standardization is an essential preprocessing step to align or control variability within the dataset. Z-
score is a form of standardization used to transform a normal variable into a standard score.
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Standardized variables will have a mean of 0 and a variance of 1 [22]. The z-score standardization
formula is defined as:
z==+ @

g

where z represents the standardized value, x is the original value of the data point, p is the mean of
the data for the given variable, and o is the standard deviation.

2.5. Silhouette Method

Cluster validation indexes are often used to help determine the optimal number of k clusters
during clustering. One popular index is the average silhouette width (ASW), a simple and intuitive
tool for measuring cluster quality without relying on statistical model assumptions [23]. The
silhouette width represents the difference between the proximity of elements within the same cluster
and their distance from other clusters. The silhouette width s(i) for an entity i € I is defined as:

- b(D-a()
S(l) max (a(i),b(i)) (2)
where a(i) is the average distance of i to all other points in the same cluster and b(i) is the smallest
average distance of i to points in any other cluster [24].

2.6. Elbow Method

The elbow method is a technique used to determine the optimal number of clusters by analyzing
the percentage comparison of results, where the clusters form an “elbow” at a certain point [25]. If
the value of the first cluster compared to the second cluster creates an angle in the graph or shows
the largest decrease, then that cluster value is considered the optimal choice [26]. Clusters in the data
are identified using the within sum of squares (WSS) by minimizing the distance between points
within a cluster. WSS represents the sum of squared distances of all points within a cluster [27]. The
formula for calculating WSS is as follows:

N
WSS =¥, Ziesk Z?=1(le - ka) @

where S, represents the observations in cluster k, X ; denotes the mean of object j from the cluster
center for cluster &, and p is the total number of data dimensions [28].

2.7. Clustering

Cluster analysis is a multivariate technique with the primary goal of grouping objects based on
the similarity of their characteristics. The characteristics of objects within a cluster have a high degree
of similarity, while the characteristics between objects in one cluster and those in another cluster
have a low degree of similarity. In other words, the variability within a cluster is minimal, while the
variability between clusters is maximal. The difference between one cluster and another is measured
using a distance system [15]. The distance measure used in this study is the Euclidean distance. The
Euclidean distance is formulated as in (5).

dij = Jzzzl(xik - J/jk)2 (%)

where d;; is the distance between object i and object j, x;j is the value of object i on variable k ,
Xji 1s the value of object j on variable k , and p is the number of observed variables.

2.8. Nonbhierarchical Clustering

Nonhierarchical cluster analysis is a clustering method that determines the number of clusters
manually. The nonhierarchical cluster analysis technique is designed to group items, not variables,
into a set of K clusters. The number of clusters, K, is predetermined to initiate the clustering
procedure [29].

2.9. K-Medoids

The k-medoids method uses representative objects called medoids as the center or centroid of
clusters. This method partitions data by minimizing the total dissimilarity between each object i and
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its closest representative object. Remaining objects are grouped with the most similar representative
object and distances are calculated based on the distance between each data point [30]. The k-
medoids algorithm uses actual points within a cluster to represent the center, called the medoid. A
medoid is a point in the center of a cluster that has the smallest total distance to all the other points
in that cluster. Because medoids are more resistant to outliers and noise, they can represent the cluster
center more accurately [31]. The foundation of the k-medoids algorithm is to identify k clusters
within # objects by first randomly selecting initial objects (medoids) as representatives for each
cluster, then grouping the remaining objects with the most similar medoid. Throughout the clustering
process, the k-medoids method consistently uses medoids as reference points [32]. The steps of the
k-medoids algorithm are as follows [33].

Initialize the cluster centers equal to the number of clusters (k).

Allocate each object to the nearest cluster using the Euclidean distance, calculated using (5).
Randomly select an object from each cluster as a candidate for the new medoid.

Calculate the distance of each object in each cluster to the new medoid candidates.

The total deviation (S) is obtained by calculating the difference between the new total distance
and the old total distance. If the value of S is less than 0, an exchange of objects with cluster data
is performed to form a new set of cluster objects as the medoids.

f. Repeat steps c through e if there are still changes in the medoids. If no changes occur, the clusters
and their respective members are finalized.

o0 o

3. Results and Discussion

3.1. Descriptive Data Analysis

This study utilized environmental health indicator data from 34 provinces in Indonesia for the
year 2023. The data was obtained from the Ministry of Health of the Republic of Indonesia. A
summary of the data for each variable is presented in Table 2.

Table 2. Summary of the Variables

Variable Min Max Mean Median
X1 54.40 83.95 89.86 93.15
X2 0.00 100.00 77.39 100.00
X3 66.49 99.42 88.19 89.97
X4 43.00 96.42 82.57 83.38
X5 49.70 98.20 77.81 76.85
X6 27.70 81.50 59.93 58.50
X7 29.01 85.79 63.00 64.14
X8 30.00 100.00 67.88 68.00

The dataset revealed a few notable patterns. For example, variable X2 exhibited an unusual
concentration of values at the extreme, with a median of 100.00 but a mean significantly lower at
77.39, suggesting a potential skew towards lower values despite the high median. Similarly, X6 had
relatively low values, as the median and mean were both closer to the lower range, indicating a more
concentrated distribution at the bottom end. On the other hand, X3 and X4 exhibited strong
concentrations in the upper range, with their medians approaching 90. These patterns indicate that
while some variables are relatively evenly distributed, others exhibit distinct skews or concentrations
at specific points, offering insights into the data’s structure.

3.2. Outlier Detection

The outlier detection in this study was conducted using robust squared Mahalanobis distance, a
method that measures the distance of each data point from the center of the distribution while
considering data variability. This method identifies outliers by comparing the distance of a data point
to the overall distribution; the greater the distance, the higher the likelihood that the point is
considered an outlier. The outlier detection results are presented in Fig. 1.
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Fig. 1 Chi square Q-Q plot.

The plot in Fig. 1 shows that the red straight line represents the quantile value of 17.535. The
black points on the plot indicate nonoutlier data, while the red points represent outlier data [34]. As
indicated in the top-left corner, this dataset contained 23 nonoutlier data points and 11 outlier data
points. Therefore, the k-medoids method was used in this study, as it can effectively handle these
outliers.

3.3. No Multicollinearity Assumption

The next step involved conducting a multicollinearity test within the data. Multicollinearity
assessment was performed using the VIF values. The VIF values for each variable are presented in
Table 3 to Table 10.

Table 3. VIF for X1

Dependent Variable X2 X3 X4 XS5 X6 X7 X8
X1 2.15 2.49 243 1.50 1.19 1.80 1.90

Table 4. VIF for X2

Dependent Variable X1 X3 X4 X5 X6 X7 X8
X2 2.28 2.55 2.32 1.50 1.42 1.86 1.82

Table S. VIF for X3

Dependent Variable X1 X2 X4 XS5 X6 X7 X8
X3 3.84 3.71 1.98 1.23 1.44 1.50 1.89

Table 6. VIF for X4

Dependent Variable X1 X2 X3 XS5 X6 X7 X8
X4 441 3.98 2.34 1.38 1.72 1.88 1.95

Table 7. VIF for X5

Dependent Variable X1 X2 X3 X4 X6 X7 X8
X5 441 4.17 2.35 2.24 1.58 1.85 1.95
https://journal.uii.ac.id/ENTHUSIASTIC p-ISSN 2798-253X
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Table 8. VIF for X6

Dependent Variable X1 X2 X3 X4 X5 X7 X8
X6 3.01 3.40 2.38 2.40 1.36 1.86 1.95

Table 9. VIF for X7

Dependent Variable X1 X2 X3 X4 X5 X6 X8
X7 4.05 3.95 2.19 2.33 1.41 1.65 1.91

Table 10. VIF for X8

Dependent Variable X1 X2 X3 X4 XS5 X6 X7
X8 4.27 3.85 2.75 2.41 1.49 1.73 1.90

Based on Table 3 to Table 10, the VIF values for all variables are less than 10 (VIF < 10). Since
all VIF values are below 10, it can be concluded that there is no multicollinearity among the
environmental health indicators, and therefore, the assumption of no multicollinearity is satisfied.

3.4. Standardization

Since the variables used had different data units, the subsequent step was standardization.
Standardization is necessary to ensure that variables with differing data units have a uniform scale.
This is important to prevent variables with larger value ranges from dominating the analysis or model
results. For instance, if one variable has values in the thousands while another has values in decimals,
a machine learning model is likely to assign greater weight to the variable with a larger scale, even
if it is not inherently more important. Through standardization, all variables will have a mean of zero
and a standard deviation of one, ensuring that each variable contributes equally to the analysis. The
boxplot visualization before and after standardization can be seen in Fig. 2.

Boxplot Before Standardization Boxplot After Standardization
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Fig. 2 Boxplot before and after standardization.

Based on the boxplot visualization before and after standardization in Fig. 2, it can be observed
that the distribution of the standardized variables has become more uniform with a more consistent
scale. Before standardization, some variables had much larger value ranges than others, which could
affect the k-medoids algorithm in cluster formation. Variables with larger scales could dominate the
distance calculations between data points, making the chosen medoid more influenced by those
variables. After standardization, the data showed a more even spread, with all variables were on the
same scale. This allows the k-medoids algorithm to treat all variables equally in determining the
medoid and forming clusters.

3.5. Euclidean Distance

After the data was standardized, the next step was to calculate the distance between observations
using the Euclidean method. Euclidean distance measures the proximity between two points in a
multivariate space by calculating the square root of the sum of the squared differences between
variable values. This process results in a distance matrix that indicates how far each observation is
from one another based on the standardized features. The distance between observations is crucial in
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k-medoids, which form clusters based on the proximity between data points. In k-medoids, this
distance is used to select the medoid (the central point of each cluster) and allocate observations to
the cluster closest to the medoid. Therefore, calculating the distance between observations is a critical
step in ensuring that the clustering process is carried out accurately and by the data structure. The

result of the Euclidean distance calculation can be seen in Fig. 3.

Fig. 3 Heatmap of distances between provinces.

Based on Fig. 3, some provinces with a considerable distance are represented by dark orange,
while provinces with closer proximity are shown in blue. The white color indicates a medium level
of distance. For example, East Java and South Sumatra provinces are colored blue, indicating that
these two provinces are geographically close to each other. On the other hand, Bali and Papua
provinces are represented in dark orange, signifying a considerable distance between them.

3.6. Number of Optimal Clusters
After calculating the Euclidean distance, the subsequent step was to determine the optimal

number of clusters using the silhouette method and the elbow method. The visualization of the
optimal number of clusters can be seen in Fig. 4 and Fig. 5.
Optimal number of clusters
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Fig. 4 Optimization number of clusters using silhouette method.
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Fig. 5 Optimization number of clusters using the elbow method.

Fig. 4 shows the optimal cluster results based on the silhouette method. The recommended
optimal number of clusters, or k, is when £ = 2. This is indicated by the vertical line on the x-axis at
k= 2. The optimization using the elbow method in Fig. 5 shows a noticeable bend at k =2, indicating
that the optimal & value based on the WSS calculation is £ = 2. The calculation results from the
silhouette method and the elbow method both indicate an optimal number of clusters as k& = 2.
Therefore, in this study, the provinces in Indonesia were divided into two clusters based on
environmental health indicators for the year 2023.

3.2.K-Medoids Clustering Analysis

Based on the results of the k-medoids clustering, the researcher identified two clusters. Cluster
1 consisted of 10 provinces, while cluster 2 consisted of 24 provinces. The results of the cluster
analysis can be seen in Fig. 6 and Table 11.

Cluster plot
3-
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Fig. 6 Plot of the k-medoids clustering results.
In Fig. 6 above, the plot of the k-medoids clustering results displays two different colors

representing each cluster. Members of cluster 1 are shown in red, while members of cluster 2 are
shown in blue. The members and the number of members in each cluster can be seen in Table 11.
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Table 11. Cluster Members

Cluster Number of Provinces Provinces
1 10 Aceh, West Kalimantan, Maluku, North Maluku, East Nusa Tenggara, Papua,
West Papua, Wst Sulawesi, Southeast Sulawesi, North Sumatra
2 24 Bali, Banten, Bengkulu, D.I. Yogyakarta, DKI Jakarta, Gorontalo, Jambi, West

Java, Central Java, East Java, South Kalimantan, Central Kalimantan, East
Kalimantan, North Kalimantan, Bangka Belitung Islands, Riau Islands,
Lampung, West Nusa Tenggara, Riau, South Sulawesi, Central Sulawesi, North
Sulawesi, West Sumatra, South Sumatra

The map visualization for each cluster is shown in Fig. 7, which was generated using the QGIS
software. The red color represents provinces included in cluster 1, while the blue color represents
provinces included in cluster 2.

[ Cluster 1

B Cluster 2

Fig. 7 Visualization map for each cluster.

3.7. Cluster Profiling and Interpretation

After obtaining the cluster members, the next step was to calculate the average for each cluster,
the results of which can be seen in Table 12. These average calculations were used for data profiling,
aiming to examine the characteristics of each cluster.

Table 12. Cluster Profiling

Cluster X1 X2 X3 X4 X5 X6 X7 X8
1 77.74 3254 8570 76.64 7179 5521 5947  49.63
2 94.91 96.07 89.22 85.04 8033 61.89 6446 7548

In Table 12, the green color represents the group with high environmental health indicator
characteristics, while the yellow color indicates the group with low environmental health indicators.
Cluster 1, which has lower average values on almost all environmental health indicators, reflects a
group with environmental conditions that are less supportive of health. In contrast, cluster 2 shows
better environmental health indicators with higher values on all measured variables. This reflects that
cluster 2 is the group with higher environmental health.

Based on Fig. 7, it can be observed that the provinces in each cluster exhibit significant
geographical differences between cluster 1 and cluster 2. Cluster 1 consists of the provinces of Aceh,
West Kalimantan, Maluku, North Maluku, East Nusa Tenggara, Papua, West Papua, West Sulawesi,
Southeast Sulawesi, and North Sumatra. Geographically, Cluster 1 is predominantly located in the
eastern regions of Indonesia, including Maluku, East Nusa Tenggara, Papua, and Sulawesi, as well
as several provinces in western Indonesia, such as Aceh and North Sumatra. These areas generally
feature diverse geographical characteristics, ranging from mountainous regions and archipelagos to
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remote inland areas. Such geographical conditions often pose challenges to infrastructure
development, accessibility, and public services, including environmental health. For instance, the
presence of numerous islands and remote areas can hinder the implementation of sanitation
programs, water management, and public facility supervision.

Conversely, cluster 2 encompasses the provinces of Bali, Banten, Bengkulu, D.I. Yogyakarta,
DKI Jakarta, Gorontalo, Jambi, West Java, Central Java, East Java, South Kalimantan, Central
Kalimantan, East Kalimantan, North Kalimantan, Bangka Belitung Islands, Riau Islands, Lampung,
West Nusa Tenggara, Riau Islands, South Sulawesi, Central Sulawesi, North Sulawesi, West
Sumatra, and South Sumatra. Cluster 2 is more dominant in the western and central regions of
Indonesia. Provinces in cluster 2 generally have better infrastructure access, including transportation
networks, water distribution, and sanitation services. The geographical conditions of these regions,
such as lowland areas and easier access to economic and administrative centers, support the more
optimal implementation of environmental health programs.

The profiling results indicate significant differences between cluster 1 and cluster 2 based on
environmental health indicators. Cluster 1 represents areas with environmental conditions that are
less supportive of health. This is evident from the lower implementation of the community-based
total sanitation program (X1) and the limited number of villages/subdistricts practicing stop open
defecation behavior (X8). Additionally, the number of healthy districts/cities (X2) and community
access to proper drinking water facilities (X3) and proper sanitation (X4) are also lower compared to
cluster 2. Supervision of public facilities (X5) and food management places (X6) is also inadequate,
further compounded by substandard housing conditions (X7).

In contrast, cluster 2 represents areas with better environmental health conditions. These areas
have successfully implemented the community-based total sanitation program more broadly (X1)
and have a higher number of villages/subdistricts practicing stop open defecation behavior (X8). The
number of healthy districts/cities (X2) in cluster 2 is also more prominent, along with better access
to proper drinking water facilities (X3) and proper sanitation (X4). Moreover, supervision of public
facilities (X5) and food management places (X6) meets higher standards, and housing conditions are
more adequate (X7).

It can be observed that cluster 2 represents regions with better sanitation and environmental
management compared to cluster 1. Indicators such as the implementation of community-based total
sanitation (X1), the number of healthy districts/cities (X2), public facility supervision (X5), and the
behavior of stopping open defecation (X8) are the primary distinguishing factors. Among these, the
most significant differentiating indicator is the implementation of community-based total sanitation
(X1), where cluster 2 has implemented this program more extensively compared to cluster 1, which
remains very limited. Furthermore, the number of healthy districts/cities (X2) is significantly higher
in cluster 2, reflecting stronger efforts to create a health-supportive environment. Public facility
supervision (X5) in cluster 2 is conducted more meticulously and adheres to higher standards,
whereas in cluster 1, it remains inadequate. Another striking variable is the behavior of stopping open
defecation (X8), where cluster 2 has more villages/sub-districts adopting this practice, reflecting
better sanitation behavior and awareness. The regions within cluster 1 require enhanced attention
through well-targeted policies and strategic interventions to improve access to sanitation services,
environmental management, and the quality of public facilities. These efforts are essential to bridging
the gap and aligning the conditions in cluster 1 with the advancements achieved by Cluster 2.

4. Conclusion

The implementation of k-medoids cluster analysis to group the provinces in Indonesia was
conducted based on eight environmental health indicator variables. According to the silhouette
method, the optimal number of clusters was determined to be 2. The significant differences between
these two clusters indicate an imbalance in the distribution of environmental health across the regions
analyzed.

https://journal.uii.ac.id/ENTHUSIASTIC p-ISSN 2798-253X
e-ISSN 2798-3153



ENTHUSIASTIC 99
International Journal of Applied Statistics and Data Science

In cluster 1, the low indicator values may signal areas with environmental issues that require
more attention. Meanwhile, in cluster 2, the high indicator values reflect arecas with healthier
environments, which could serve as models or benchmarks for other regions. The government needs
to identify and provide additional attention to the areas classified in cluster 1, which have lower
environmental health indicators. For the provinces in cluster 1, various intervention programs can be
implemented, such as improving access to clean water, promoting awareness about waste disposal
and open defecation, as well as health and hygiene education campaigns. These efforts aim to reduce
the regional disparities and achieve a more equitable distribution of environmental health across all
provinces in Indonesia.
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