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Abstract: Indonesia faces significant regional health disparities due to socio-economic,
environmental, and infrastructural variations, complicating equitable resource allocation.
To address this, this study aims to classify the health vulnerability of 38 Indonesian
provinces using 2024 socio-economic and health indicators. These include the number of
hospitals, access to adequate sanitation and safe drinking water, stunting prevalence,
number of health facilities, population size, and poverty percentage. Data normalization
was performed using the z-score method to standardize variable scales and prevent
indicator dominance. By evaluating inertia decreases via the Elbow method, K-Means
clustering optimally grouped the provinces into four clusters (K=4). The results were
spatially visualized, revealing clear geographical variations: Cluster 1 represents provinces
with very good health conditions, Cluster 2 good, Cluster 3 moderate, and Cluster 4
identifies provinces requiring urgent attention. This mapping provides a comprehensive
overview of health vulnerability distribution. The findings offer crucial insights for
policymakers and stakeholders to prioritize targeted, region-based health interventions,
optimize resource allocation, and promote equitable national health development
strategies.
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1. INTRODUCING

Public health conditions in Indonesia exhibit distinct regional patterns due to variations in socio-
economic status, environmental conditions, and health infrastructure. Data from the Indonesia Health
Profile 2023 reveal significant disparities, for example in the Maternal Mortality Ratio (MMR), which
ranges from 45 to 250 per 100,000 live births, and the Infant Mortality Rate (IMR), which varies between
10 and 40 per 1,000 live births across provinces [1]. Similar disparities are observed in stunting
prevalence, where provinces such as East Nusa Tenggara (NTT) (35.1%) and Papua (34.6%) still record
high rates compared to Bali (8.0%) and DKI Jakarta (14.8%), which show relatively low prevalence [2].
Access to improved sanitation also varies widely, with provincial coverage ranging from 60% to 98%,
underscoring that equitable health development remains a serious challenge in Indonesia [1].

These differences across indicators reflect disparities in health service capacity and overall quality of
life among provinces, indicating the need for more comprehensive data-driven analytical approaches.
Health vulnerability refers to conditions in which individuals or communities face a high risk of health
disturbances due to various factors such as exposure to hazards, sensitivity, and adaptive capacity, as
defined in the vulnerability assessment literature [3], [4]. High levels of health vulnerability can have
serious implications for human development, exacerbate social inequality, and increase the economic
and social burden of a region [5]. Therefore, mapping health vulnerability across regions is an important
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step to systematically assess which areas or populations are most at risk, thereby providing a basis for
development prioritization, health system strengthening, and preparedness for potential health crises
[4], [6].

In this context, data-driven analysis capable of grouping regions with similar vulnerability
characteristics is required. Such grouping enables a comprehensive understanding of regional disparities
and supports more targeted health program planning. K-Means clustering is an unsupervised learning
technique widely used to group data based on attribute similarity. The effectiveness and popularity of
K-Means have been extensively discussed in the literature; Jain (2010) notes that K-Means remains one
of the most influential clustering algorithms over the past 50 years [7]. Furthermore, Han, Pei, and
Kamber (2012) emphasize that K-Means is well suited for data with a large number of variables and
complex structures [8]. Research by Kodinariya and Makwana (2013) also shows that K-Means is
frequently applied in vulnerability mapping and regional clustering due to its ability to provide objective
segmentation [9]. Given that the number of provinces in Indonesia is relatively limited while the
complexity of health indicators is high, K-Means is an appropriate method for this study. The clustering
results can help identify provinces with low, moderate, and high levels of vulnerability in a more
objective manner, thereby providing a foundation for more focused health policy formulation.

Several previous studies have applied K-Means clustering to health and healthcare facility data in
Indonesia. For example, a study in Bandung City used K-Means to map the distribution of health facilities
and healthcare workers, producing clusters categorized as low, medium, and high [10]. Another study
successfully clustered populations based on their health complaints using data mining techniques [11].
Furthermore, K-Means has also been implemented to optimize healthcare budgets specifically for non-
communicable diseases (NCDs) [12]. At the facility level, a study in Jakarta compared K-Means and
Fuzzy C-Means for clustering hospitals and found that both methods produced meaningful clusters with
different distributions [13]. Finally, a study at the provincial level in East Java used K-Means to cluster
regions based on disease profiles, demonstrating how clustering can help identify priority areas for
health interventions [14].

However, despite the extensive use of K-Means in the healthcare sector, most of these studies have
focused on isolated variables—such as specific diseases, localized areas, or facility distribution alone.
There remains a significant lack of research that comprehensively clusters regions on a national scale
by integrating multi-dimensional factors into a holistic health vulnerability framework. Accordingly, this
study aims to perform clustering of health vulnerability levels among Indonesian provinces using the K-
Means method in order to obtain groups of regions with similar vulnerability characteristics. The results
are expected to serve as a reference for determining health policy priorities, allocating resources, and
strengthening targeted health intervention programs across all provinces in Indonesia.

2. RESEARCH METHODOLOGY

This study uses the K-Means Clustering method with the calculation of Euclidean distance. The
limitations of this study use data from 2024. Later, the results of the grouping can be used to evaluate
policy-making related to public health. The research flow chart can be seen in Figure 1.
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Figure 1. Research Flow
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This research began by collecting data from BPS related to the variables that can be seen in Table
1. After that, normalization is carried out using z-score. Then modeling was carried out using K-Means.
The modeling results were then evaluated using the elbow method. The last step is Mapping and
Interpretation of the modeling results so that conclusions can be drawn more easily and relevant policy
recommendations are provided to the authorities.

2.1 Data Acquisition

This study uses data from BPS for 2024 on public health with variables that can be seen in Table
1. These variables are several factors that affect the public health index in Indonesia. The data is used
for 38 provinces in Indonesia. The sample data used can be seen in Table 2

Table 1. Variables Used in Modeling

ID Variable Units

1 Number of Hospitals Unit

2 Percentage of Sanitation Feasible %

3 Access to Decent Drinking Water %

4 Prevalence of Stunting %

5 Number of Health Facilities Unit

6 Population Thousand Inhabitants
7 Percentage of Poor Population %

Table 2. Sample data
Percentage Access Prevalence Number Population Percentage

Number of to of of Health (Thousand of Poor
of Sanitation Decent Stunting Facilities Inhabitants) Population
Hospitals Feasible Drinking (%) (%)
(%) Water
(%)
75 81,1 90,08 28,60 439 5626,00 12,64
211 85,73 92,94 22,00 1426 15785,80 7,19
73 72,82 86,85 24,90 250 5914,30 5,42
83 86,32 92,24 20,10 551 6811,20 6,36
9 12,61 30,64 0,00 17 1484,90 29,66

2.2 Data Normalization

The data normalization carried out in this study was using the Z-score standardization method.
Z-score is a normalization technique that converts the original value of a variable into a standard value
by subtracting the mean and dividing it by the standard deviation, resulting in a distribution with an
average of 0 and a standard deviation of 1 [8], [15]. This method is commonly used in multivariate data
processing and clustering algorithms because it is able to balance the scale between variables, especially
when the measurement units are different or have a wide range of values [16]. Z-score was chosen in
this study because K-Means is sensitive to differences in data scale; variables with a larger range can
dominate the process of calculating Euclidean distances. With Z-score normalization, all numerical
variables have a balanced proportion of influence on cluster formation [7]. The variables normalized in
this study are all numerical variables. The Z-score formula can be seen in Equation (1), while the
normalization results are presented in Table 3.

z =2 (1)

where xis the original value, u is the mean value of the variable, and ¢ is the standard deviation of the
variable.
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23 Modeling

The model used in this study is K-Means clustering. K-Means is an unsupervised learning
algorithm that aims to group data into clusters based on attribute similarity, where each data will be
placed on the cluster closest to the centroid [7], [8]. This algorithm works iteratively by updating the
position of the centroid until it reaches a convergent state. K-Means is widely used because it is simple,
computationally efficient, and able to provide clear segmentation results on large-scale data [7], [9].
The basic formula for calculating distance in K-Means is shown in Equation (2). In this study, the k-
value used is in the range of 2 to 10 to evaluate the various possible most optimal number of clusters.

/= i‘{=1 erci”x — wll? (2)
where kis the number of clusters, Ciis a dataset in the / cluster, x is the data of j, uiis the centroid of
the i cluster, ||x — ;]| is the Euclidean distance between the data and the centroid.

24 Model Evaluation
process using the K-Means algorithm to determine the most optimal number of clusters. In this

study, the determination of k values was carried out using the Elbow Method, which is a method that
evaluates changes in within-cluster sum of squares (WCSS) values or inertia in various clusters to
identify optimal points before the decline in WCSS begins to slow down significantly [16]. The main
principle of the Elbow Method is to find the k-value at the "elbow" point, i.e. the position when the
addition of clusters no longer provides a substantial decrease in inertia, so that the use of additional
clusters is considered inefficient or does not provide a significant improvement in the quality of clustering
[17]. This method is widely used in unsupervised learning analysis because it is simple, intuitive, and
does not require data labels for the evaluation process [18]. In addition, the Elbow Method has proven
to be effective in spatial and public health data analysis, especially when the variables used have
different scales and distributions, as inertia is able to capture variations in distance between data globally
[19]. The determination of the k-value using the Elbow Method is carried out by calculating the inertia
in a certain range of k, then visualizing it in the form of a curve to identify the most stable elbow point
as the best k-value [20]. The steps to calculate the EIbow method are as follows:
1. Calculate WCSS/Inertia for various k values =1,2,3,.., Amnax
2. Plot the WCSS against &
3. Look for the "elbow point", which is the point where the decline in WCSS/Inertia starts to slow

down drastically.

a. Before this point: adding clusters significantly reduces WCSS/Inertia.

b. After this point: the decrease in WCSS/Inertia is relatively small which can be said & in this

position is the optimal number of clusters.

2.5 Mapping and Interpretation Results

The mapping was carried out after modeling results were obtained using the K-Means algorithm
because the resulting cluster labels are still numerical and need to be interpreted spatially so that the
patterns of health vulnerability between regions can be understood contextually and meaningfully [21].
The interpretation stage is important to convert statistical outputs into informative geographic
information, so that the relationships between health indicators, environmental conditions, and risk
distribution can be analyzed more comprehensively and support evidence-based decision-making [22].
The mapping process was carried out by integrating the results of clustering into provincial
administrative spatial data using regional codes as a link, then visualized to display the distribution of
health vulnerability clusters between provinces [23]. This visualization helps to show the spatial patterns
of clusters, such as regions with similar vulnerability categories and areas that appear as outliers, so
that geographical characteristics and regional contexts can be analyzed in a more targeted manner [24].
Furthermore, interpretation is carried out by reviewing the average value of health indicators in each
cluster to determine the level of vulnerability of each regional group, so that the results of clustering
can be used as a basis for determining intervention priorities and formulating more targeted health
policies [25].
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3. RESULT AND DISCUSSIONS

3.1. Data Normalization

The results of data normalization using the z-score method in Table 3 show the change in the
value of each variable to a standardized scale that has a mean of zero and a standard deviation of one.
This transformation makes all variables such as the number of hospitals, decent sanitation, access to
decent drinking water, stunting prevalence, number of health facilities, population population, and
percentage of poor people can be compared equally in the next analysis. A positive z-score value, such
as 1.260 on the number of hospitals or 0.509 on access to decent drinking water, indicates that the
original value of the variable is above the population average. On the other hand, negative values such
as —0.559 in proper sanitation or —0.834 in the population indicate below-average conditions. This
pattern of value variation provides an initial indication of inequality between regions, for example, there
are areas with health facilities that are much better than other regions or there are areas that are still
lagging behind in access to basic sanitation.

Table 3. Data Normalization Results Using Z-Score
Percentage Access Prevalence Number Population Percentage

Number of to of of Health (Thousand of Poor
of Sanitation Decent Stunting Facilities Inhabitants) Population
Hospitals Feasible Drinking (%) (%)
(%) Water
(%)
-0,068 -0,003 0,264 0,990 -0,025 0,314 -0,165
1,2607029 0,308329 0,509337 0,120425 1,22698 -0,553 0,736
-0,0876 -0,559 -0,012 0,502 -0,265 -0,834 -0,139
0,010 0,348 0,449 -0,130 0,116 -0,685 -0.0598

3.2. Modeling and Evaluation

Modeling was carried out using the K-Means algorithm to classify the level of health vulnerability
in 38 provinces in Indonesia based on health and socio-economic variables. The modeling stage begins
with normalization of data using z-score to equalize the scale of variables, considering that indicators
such as the number of hospitals, stunting prevalence, and population have different ranges of values.
This normalization is important to avoid bias due to large-scale variables, as recommended by previous
research related to clustering in public health data [7], [8].

After the data is normalized, the process continues by determining the optimal number of
clusters using the Elbow Method. This method evaluates the change in the inertia value (within-cluster
sum of squares/WCSS) for various k-values, and identifies the elbow point i.e. the position when the
addition of clusters no longer results in a significant decrease in inertia [17]. Based on the results of the
inertial calculation in the range k = 2 to k = 10 visualized in Figure 2, the elbow point is most clearly
visible at k = 4, so this study determines four clusters as the most optimal configuration to describe the
level of vulnerability of the province's health.
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Figure 2. Evaluation of Modeling Results Using the Elbow Method

These results are in line with several previous studies that show that regional health data in
Indonesia generally form a cluster structure with a total of 3—4 groups. For example, research on
mapping health facilities in the city of Bandung through E-Jurnal Swadharma shows three to four clusters
that are stable in the analysis of health spaces [10]. Research in JournalShub related to provincial-level
clustering of health complaints also indicates a similar pattern, where the optimal number of clusters is
in that range [11]. This alignment shows that the diversity of health and socio-economic characteristics
between provinces tends to be divided into several distinct groups, such as low, medium, high, and very
high risk groups.

The model evaluation showed that the decrease in inertia from k = 2 to k = 3 and fromk = 3
to k = 4 was still quite significant. However, after k = 4, the decrease in inertia became much smaller
in the next k (k = 5), so the addition of clusters was considered not to provide a significant improvement
in the quality of clustering. These findings support the findings of Kodinariya & Makwana [17], who
stated that the Elbow Method is effective for determining the optimal number of clusters before the
model structure is overfitting. In addition, other literature that discusses spatial analysis and public
health also confirms that the Elbow Method is a stable and reliable approach to multidimensional data
[18], [19].

3.3. Mapping and Interpretation Results

Before the mapping process is carried out, the first step that must be prepared is a shapefile
(SHP) file which contains the administrative boundaries of all provinces in Indonesia, as many as 38
provinces. A visualization of those administrative boundaries is shown in Figure 3 as the basis for the
next data overlay. Once the baseline map is available, the analysis continues by displaying Table 4
which contains the average value of each variable in each cluster, so that the main characteristics of
each cluster can be compared more clearly.

Indonesia Provincial Boundaries Map

Figure 3. Visualization of provincial administrative boundaries in Indonesia
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Table 4 presents the average value for each variable in each cluster. Cluster C1 shows
characteristics with a relatively high number of hospitals and health facilities, supported by good access
to sanitation and decent drinking water, as well as lower poverty rates. Cluster C2 has moderate average
access to sanitation and drinking water, but the prevalence of stunting and the percentage of poor
people tend to be higher than other clusters. The C3 cluster shows quite good conditions in terms of
access to basic services and the number of health facilities, with a low poverty rate. Meanwhile, the C4
cluster displays the most disadvantaged conditions, characterized by low access to sanitation and
drinking water, a very limited number of health facilities, and a much higher poverty rate than other
clusters. This paragraph provides a clear overview of the differences in characteristics between clusters
in the context of health and demographic indicators.

Table 4. Average Grouping Results
Percentage Access t¢ Prevalence Number Population Percentage

Number of Decent of Stunting of Health (Thousand of Poor
Cluster of Sanitation Drinking (%) Facilities Inhabitants) Population
Hospitals Eligible Water (%)
(%) (%)

C1 396 82 95,75 15,86 2687 43.694, 06 8,74

C2 31,53 80,06 86,26 27,66 95,07 2524,30 14,89

Cc3 75,70 87,06 89,25 19,70 404,60 5878,16 6,40

C4 11,50 27,02 56,08 0.00 28 1488,60 28,63

Cluster Distribution Based on Indonesian Provincial Health Indicatars

Figure 4. Cluster Result Mapping Using K-Means

Figure 4 shows the spatial distribution of K-Means clustering with K=4 on provincial health
conditions in Indonesia. The pattern of cluster distribution clearly shows that most provinces are in
Cluster 3 (yellow), which describes health conditions in the "adequate" category with moderate access
to basic services. Cluster 2 (green color) is spread across various regions, especially in the eastern
region and several provinces of Sumatra, indicating relatively better health conditions. Cluster 1 (blue),
which is the "very good" category, appears in only a few provinces, especially in the southern Java
region, showing superior levels of health services and facilities. In contrast, Cluster 4 (in red) is
concentrated in the Papua region, reflecting areas that need special attention due to a combination of
low health facilities, access to sanitation, and high social vulnerability. This visualization provides a clear
spatial picture of health disparities between provinces, while reinforcing the significance of the clustering
results in identifying areas that require more intensive health interventions.

3.4. Discussion

The clustering results clearly illustrate the multidimensional nature of health vulnerability across
Indonesian provinces, validating the significant disparity in health infrastructure and socio-economic
conditions between regions. Cluster 1 (C1), predominantly in Java, demonstrates high health resilience
characterized by highly centralized health resources, abundant hospitals, and low poverty rates (8.74%).
Conversely, Cluster 4 (C4) highlights a critical level of health vulnerability, heavily concentrated in the
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Papua region, where the highest poverty rate (28.63%) directly correlates with alarmingly low access
to proper sanitation (27.02%) and a severe lack of hospitals (average 11.50). Meanwhile, Clusters 2
and 3 represent transitional vulnerabilities; although Cluster 3 shows relatively adequate basic services
and the lowest poverty rate (6.40%), Cluster 2 reveals a specific vulnerability regarding child health,
marked by the highest stunting prevalence (27.66%). These findings strongly imply that national health
policy formulation and budget allocation must be distributed equitably based on cluster needs—
prioritizing massive infrastructure and sanitation development for highly vulnerable regions (C4),
targeted nutritional and poverty alleviation programs for C2, and service quality maintenance for more
developed regions (C1 and C3).

4. CONCLUSION

This study successfully applied the K-Means algorithm to group provinces in Indonesia based on
seven health and socio-economic indicators. Through data normalization and Elbow Method analysis,
the optimal number of clusters is set to four clusters. In general, Cluster 1 shows the best health
performance with adequate facilities and low stunting prevalence, while Cluster 4 describes the most
vulnerable health conditions, especially seen in the Papua region which has a lack of health facilities,
low access to sanitation, and high poverty. Spatial visualization of the clustering results shows that there
is a fairly prominent health inequality between regions, where provinces with good and very good status
are spread unevenly, while provinces in the vulnerable category are concentrated in certain regions.
Thus, the results of this research can be an important basis for the government in formulating health
intervention programs that are more targeted, effective, and based on local needs.
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