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Abstract. Education serves as a fundamental pillar in national development, as it not only enhances individual
capacities but also improves overall social welfare. Despite this crucial role, Indonesia continues to face
disparities in both access to and quality of education among its regions, as can be seen from variations in school
participation indicators and socio-economic backgrounds. To analyze these differences, this study applied the K-
Means Clustering method to categorize provinces in Indonesia using six variables: School Participation Rate,
Net Enrollment Rate, Gross Enrollment Rate, Poverty Rate, High School Ratio, and Teacher Ratio. To identify
the most suitable number of clusters, three validation indices were utilized, namely Dunn Index, C-Index, and
Davies-Bouldin Index, with cluster counts tested from three to six. The results indicated that the best clustering
solution was five clusters, as reflected in the highest Dunn Index (0.1569), lowest C-Index (0.0321), and lowest
Davies-Bouldin Index (0.5062). The robustness of this clustering was further supported by the ratio between
within-cluster and between-cluster standard deviation (S(w)/S(b) = 0.33). Each cluster revealed unique
characteristics of education and socio-economic conditions, where Cluster 4 displayed the most favorable
outcomes with high participation and low poverty levels, whereas Cluster 5 highlighted the weakest performance
across all observed indicators.

Keywords: Davies-Bouldin index; K-Means clustering;, School participation; Socio-economic indicator;
Validation indices.

1. BACKGROUND

Education was a consciously and systematically designed process aimed at creating an
environment and learning experiences that encouraged students to develop their full potential
(Munna, 2021). It involved strengthening spiritual and religious values, self-control, character
building, cognitive development, cultivation of noble character, and the acquisition of skills
relevant to personal life and contributions to society (Turienzo, 2024). Education played a
crucial role in individual life and served as a driving force for national progress (Haleem, 2023).
It was also a strategic factor in determining success and achieving a better future (Chigbu,
2021). However, along with the advancement of time and technology, the field of education
faced various challenges, particularly in developing countries such as Indonesia. One of the
major challenges in Indonesian education was the inequality in access to and quality of
education, where disparities persisted between urban and rural areas as well as across regions

in obtaining proper educational services (Baharuddin, 2025). In addition, the quality of
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educators, the availability of infrastructure, and the utilization of technology were also critical
factors that significantly influenced the quality of education. Many teachers in remote areas
lacked adequate competencies and faced limited access to training and up-to-date information
sources (Nguyen, 2026). This situation negatively impacted the effectiveness of the teaching
and learning process in schools. Therefore, it was essential to establish indicators that can be
used to assess the quality and success of education at the national level.

One of the indicators used to measure the success of the Indonesian government in the
field of education was the School Participation Rate defined as the ratio of students within a
specific age group who were currently enrolled in education at various levels, compared to the
total population in that age group, expressed as a percentage (BPS, 2024). This measure served
as an indicator of the effectiveness of the education system and could be used to assess
educational performance in a region. However, as the level of education increased, the
participation rate tended to decrease. In addition to regional disparities in educational access
and quality, the rate might also have been influenced by economic factors. Higher levels of
education were generally associated with increased costs, which could have limited individuals
from lower economic backgrounds from continuing their education to higher levels (Batool,
2021).

To improve educational equity, regions could be grouped based on school participation
and socio-economic factors using relevant variables. This clustering aimed to identify regions
with similar characteristics in terms of school participation and socio-economic conditions,
thereby assisting the government in formulating more targeted intervention strategies,
especially in areas with low school participation rates and socio-economic status.

Cluster analysis was a data analysis method that aimed to group objects into several
clusters based on certain shared characteristics (Suraya, 2023). In the clustering process,
objects with similar characteristics were grouped into the same cluster, while objects with
differing characteristics were placed in separate clusters. This ensured that the objects within
each cluster were highly similar (homogeneous), while the clusters themselves were distinctly
different (heterogeneous) (Schroder, 2022). The degree of similarity between data points was
determined by the distance between them; smaller distances indicated higher similarity, while
larger distances reflected lower similarity (Schroder, 2022).

K-Means was a non-hierarchical clustering method used to divide n objects into & clusters
based on their similarity. The similarity among cluster members was measured based on their
proximity to the cluster’s average value (centroid) (Tabianan, 2022). The greater the similarity

between objects, the smaller the distance between them (Junhui, 2020). The Euclidean distance
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formula was used to measure proximity between each data point and the centroid (Abou-
Moustafa, 2016). Each data point was then assigned to the cluster with the nearest centroid
(Muhajir, 2018). The advantages of the K-Means method included its ability to efficiently
cluster large datasets, fast computation time, conceptual simplicity, and ease of
implementation, making it widely used across various fields (Chong, 2021).

Numerous studies examined educational disparities and regional socio-economic
differences in Indonesia. These studies typically relied on regression analysis to identify
inequalities in school participation and access to educational facilities. However, there was a
lack of research that systematically classified provinces based on school participation
indicators and socio-economic indicators. The application of K-Means Clustering in this
context remained underexplored, despite its potential to reveal hidden patterns and segment
regions with similar educational and socio-economic profiles.

Moreover, existing clustering studies in education rarely applied multi-index validation
techniques to determine the optimal number of clusters. Most previous research relied on a
limited set of cluster validation metrics, which might have affected the robustness and
interpretability of the clustering results.

Based on the identified research gaps, this study aimed to group Indonesian provinces
based on educational participation and socio-economic indicators using the K-Means
Clustering method. It classified all 38 Indonesian provinces using a comprehensive set of
indicators at the senior high school level. This study also incorporated multiple cluster validity
indices to determine the optimal number of clusters. The clustering results were expected to
produce an optimal classification solution that provided insights into provinces with similar
characteristics in terms of school participation. Furthermore, the findings served as a
foundation for policy formulation and decision-making to improve educational access and

equity across different regions.

2. THEORETICAL STUDY
Education and Socio-Economic Inequality

Education is one of the fundamental factors in national development because it can
improve the quality of human resources and promote community welfare (Munna & Kalam,
2021). However, in Indonesia, there are still gaps in access to and quality of education, both
between regions and between urban and rural areas (Baharuddin & Burhan, 2025) Indicators
such as the School Participation Rate (SPR), Pure Participation Rate (PPR), and Crude

Participation Rate (CPR) are often used to measure the achievement of educational equity.
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Economic factors, such as poverty levels, also significantly influence access to education,
where high education costs can limit opportunities for low-income communities (Batool & Liu,
2021).

Differences in teacher quality and the availability of educational infrastructure further
widen the educational gap between regions. Teachers in remote areas often face limitations in
training and access to up-to-date information, which impacts the effectiveness of the learning
process (Nguyen et al., 2024). Thus, the relationship between socioeconomic conditions and
educational achievement reveals patterns of inequality that need to be addressed through data-

driven policies.

Cluster Analysis Theory and Concepts

Cluster analysis is a statistical method used to group objects into several clusters based
on certain common characteristics (Suraya et al., 2023). The fundamental principle of this
method is to group data such that members within a cluster exhibit a high degree of
homogeneity, while clusters differ significantly from one another (Schréder & Kiko, 2022).
This approach is effective in identifying hidden patterns in complex data, making it useful for
mapping regions based on educational and socioeconomic conditions. One popular method is
K-Means Clustering, a non-hierarchical technique that divides data into k clusters based on the
distance to the centroid or center point (Tabianan et al., 2022). The clustering process is
performed by calculating the proximity of each data point to the centroid using a distance
measure, typically Euclidean Distance (Abou-Moustafa, 2016). The advantages of K-Means
include efficiency in handling large datasets, fast computation time, and simple implementation

(Chong, 2021)

3. RESEARCH METHODS
Data

The data used in this study were obtained from the Central Bureau of Statistics (Badan
Pusat Statistik/BPS) for the year 2023, covering all 38 provinces in Indonesia. The data
specifically focused on the senior secondary school age group. The variables used were as
follows: (1) School Participation Rate: measured as the proportion of the school-age population
currently enrolled in senior secondary education. A higher rate indicated better accessibility to
education. (2) Gross Enrollment Rate (GER): compared the number of students, regardless of
age, who were enrolled in senior secondary education with the total population of the official

school-age group, expressed as a percentage. A higher Gross Enrollment Rate showed broader
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access to education, though it could also include students outside the official age group. (3) Net
Enrollment Rate (NER): defined as the ratio between the total number of students enrolled in
senior secondary education who were of the official age group and the population in that same
age group, expressed as a percentage. A higher Net Enrollment Rate meant more students were
attending school at the appropriate age. (4) Poverty Rate: indicated the percentage of the
population whose income was below the poverty line, meaning they could not afford basic
needs such as food, shelter, clothing, education, and healthcare. A lower poverty rate was
considered better socio-economic conditions. (5) Teacher Ratio: referred to the number of
students per teacher in senior secondary schools. A lower teacher ratio (e.g., 50 students per
teacher) was preferable, as it allowed for better learning quality and interaction. (6) High
School Ratio: referred to the average number of students per school at the senior secondary
level. A high ratio might have indicated a shortage of high schools in a province. For example,

a ratio of 100 implied that there were 100 students per high school.

Research Design

In this study, the provinces of Indonesia were grouped using the K-Means Clustering
method. Prior to clustering, a validation test was conducted to determine the optimal number
of clusters using the Dunn Index, C-Index, and Davies-Bouldin Index. Once the optimal
number of clusters was identified, K-Means clustering was applied to group the provinces
accordingly. The final step involved comparing the clustering results by calculating the ratio
of within-cluster sum of squares (Sww)) to between-cluster sum of squares (Sp)) in order to
determine the best clustering outcome. The steps were follows (Sinaga, 2020):

Determining the optimal number of clusters using internal validation indices: C-Index,
Dunn Index, and Davies-Bouldin Index, based on their respective formulas as follows

(Fernandes et al., 2022):

Dunn Index:

The Dunn Index was calculated using the equation as shown in Equation (1):

d .
C — min 1
dmax ( )
where:

dmin: The smallest distance between objects in different clusters

dmax: The largest distance in the cluster
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Davies-Bouldin Index
The Davies-Bouldin Index was computed based on the formulation provided in Equation (2):

2

DB = %Z?:l Max;, [—d'(ii();,i;§cj)

where:

n: number of groups

d(ci, Cj): the distance between groups ¢; and ¢;

d' (cy): the distance in groups ¢y

C-Index

The C-Index using the formulation shown in Equation (3):

C — Index = 2W=min ¢ 45 €(0,1) 3)

max—S w)

Where S, denotes the sum of intra-cluster distances and computed using Equation
(4):
Sowy = Zi=r Zijeck d(Xi, %)) 4)

i<j

The minimum value of the index was used to indicate the optimal number of clusters. (1)
Randomly selected K data points as the initial centroids (cluster centers). (2) Grouping the
Objects by calculate the Euclidean distance from each data point to all centroids using the

following formula as shown in Equation (5):

d(4,B) =\/(x1—y1)2+(x2—y2)2+---+(x ) A )

Each data point is then assigned to the cluster with the nearest centroid. For each cluster,
the centroid was recalculated by taking the average position of all its members. These new
centroids were used for the next iteration. Repeated the grouping and centroid recalculation
steps. The iteration stopped when one of the following conditions was met: (a) There were no
changes in cluster membership. (b) The centroid updates were minimal (convergence is
reached). (¢) The maximum number of iterations was reached.

After obtaining the clustering results, the next step was to compare the results by using
the ratio of the average within-cluster standard deviation to the between-cluster standard

deviation, using the following formulas.
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Average within-cluster standard deviation (S,)

The average within-cluster distance was calculated using the approach outlined in

Equation (6).

1
Sew) = 2 Xk=15k (6)

Average between-cluster standard deviation (S ;)

The average between-cluster distance was derived using the method illustrated in
Equation (7).
1
Sy = [i2i=1(ik - X)Z]E (7
All data analysis and clustering procedures were conducted using R programming

language. The “diceR” packages were utilized for implementing K-Means and performing

validation the clustering results.

4. RESULT AND DISCUSSION

In cluster analysis, determining the optimal number of clusters was done using several
cluster validation indices, including the Dunn Index, C-Index, and Davies-Bouldin Index. A
higher Dunn Index value indicated a better clustering result, whereas for the C-Index and
Davies-Bouldin Index, lower values were preferred, as they indicated better cluster separation.
In this study, the number of clusters tested ranged from 3 to 6. The validation results using the
Dunn Index, C-Index, and Davies-Bouldin Index were presented in Table 1.

Table 1. Cluster validation test.

Number of Clusters Dunn Index C-Index Davies-Bouldin Index
3 0.0182 0.1463 0.6604
4 0.1569 0.0455 0.5759
5 0.1569 0.0321 0.5062
6 0.0459 0.0649 0.6225

Table 1 showed that, based on the Dunn Index using cluster counts from 3 to 6, the
optimal number of clusters was either 4 or 5, as these had the highest Dunn Index values. Using
the C-Index, the optimal number of clusters was found to be 5, since cluster 5 had the lowest
C-Index value. Similarly, using the Davies-Bouldin Index, the optimal cluster number was also
5, as it had the lowest Davies-Bouldin Index value. Based on these three validation indices, the

optimal number of clusters for the K-Means Clustering method was either 4 or 5 clusters.
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Therefore, clustering was conducted on the school participation data using both 4 and 5
clusters, and the results were compared to determine the most optimal solution. The clustering
results using 4 clusters were shown in Table 2 below.

Table 2. K-Means with 4 clusters.

Cluster Provinces
1 Aceh, North Sumatra, West Sumatra, Bengkulu, Riau Islands, Yogyakarta, Bali,
West Nusa Tenggara, East Nusa Tenggara, East Kalimantan, North Kalimantan,
Southeast Sulawesi, Maluku, North Maluku, West Papua, Southwest Papua,
Papua
2 Gorontalo, West Sulawesi
Central Papua, Highland Papua
4 Riau, Jambi, South Sumatra, Lampung, Bangka Belitung Islands, Jakarta, West
Java, Central Java, East Java, Banten, West Kalimantan, Central Kalimantan,
South Kalimantan, North Sulawesi, Central Sulawesi, South Sulawesi, South
Papua

[98)

Table 2 presented the clustering result using 4 clusters. As shown, Cluster 1 included
16 provinces, Cluster 2 included 1 province, Cluster 3 included 2 provinces, and Cluster 4
included 17 provinces. The distribution indicated an imbalance in grouping the provinces
because some clusters, such as Cluster 2 and Cluster 3, consisted of only one and two provinces,
which could have reduced the interpretability and stability of centroids in the smaller clusters.
Subsequently, the clustering results using five clusters were presented in Table 3.

Table 3. K-Means with 5 clusters.

Cluster Provinces

1 Aceh, East Nusa Tenggara, East Kalimantan, Maluku, North Maluku, West Papua,

Southwest Papua, Papua

2 Jambi, South Sumatra, Lampung, Bangka Belitung Islands, Jakarta, West Java,
Central Java, East Java, Banten, West Kalimantan, Central Kalimantan, South
Kalimantan, North Sulawesi, Central Sulawesi, South Sulawesi, Southeast
Sulawesi, South Papua
Gorontalo, West Sulawesi
4 North Sumatra, West Sumatra, Riau, Bengkulu, Riau Islands, Yogyakarta, Bali,

West Nusa Tenggara, North Kalimantan

5 Central Papua, Highland Papua

W

Table 3 showed the clustering result using 5 clusters, with Cluster 1 consisting of 8
provinces, Cluster 2 of 18 provinces, Cluster 3 of 2 provinces, Cluster 4 of 9 provinces, and
Cluster 5 of 2 provinces. Compared with the four-cluster solution, the five-cluster solution
reduced the heterogeneity within the largest groups and produced a more balanced distribution
of provinces among clusters, while still retaining a few small clusters, such as Cluster 3 and

Cluster 5, that captured outlying provincial profiles.
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To evaluate the clustering performance, the ratio of within-cluster sum of squares (Sw))
to between-cluster sum of squares (S)) was calculated for both solutions. The Sw)/Sw) ratios
for 4 and 5 clusters were presented in Table 4.

Table 4. Goodness of the cluster method.

Number of Clusters Sw)/Swmv)
4 0.52
5 0.33

As shown in Table 4, the Sw)/Sw) ratio for 4 clusters was 0.52, while the ratio for 5
clusters had a significantly lower value of 0.33. A lower Sw)/Sw®) ratio indicated better
clustering performance, as it reflected more compact clusters and greater separation between
clusters [15]. Therefore, the 5-cluster solution was determined to be the most optimal clustering
result. Taken together with the validation indices (Table 1), these results supported the selection
of five clusters for substantive interpretation and policy insights. The characteristics of each
cluster were shown in Table 5.

Table 5. Cluster characteristics.

Cluster School Net Gross Poverty High Teacher
Participation Enrollment  Enrollment Rate School Ratio
Rate Rate Rate Ratio
1 78.71 94.36 66.59 14.39 150.20 7.46
2 72.71 85.55 61.68 8.27 357.30 13.95
3 72.39 87.93 61.66 12.29 383.50 138.63
4 82.04 94.34 72.00 7.53 381.57 14.31
5 51.87 58.96 41.22 28.63 256.37 16.49
Lowest Highest

Table 5 showed the characteristics of each cluster, including the average values of
School Participation Rate, Net Enrollment Rate, Gross Enrollment Rate, Poverty Rate, High
School Ratio, and Teacher Ratio. The provinces in cluster 1 exhibited relatively good school
participation, particularly with a very high Net Enrollment Rate (NER) of 94.36, indicating that
a large proportion of school-age children (senior high school level) were enrolled in the
education system. The poverty rate in this cluster was categorized as moderate compared to
other clusters, suggesting that there were still groups of people whose income fell below the
poverty line. The student-to-school ratio and student-to-teacher ratio in cluster 1 were the
lowest, at 150.20 and 7.46, respectively. The student-to-teacher ratio in this cluster was notably

low, with only seven students per teacher. This could have indicated two possibilities: the
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availability of adequate teaching resources and facilities, or a relatively small number of
students enrolled in schools.

Provinces in Cluster 2 had moderate average values for School Participation Rate, Net
Enrollment Rate, and Gross Enrollment Rate, indicating that a significant portion of school-
aged children were either not enrolled or were not attending the appropriate level. The poverty
rate in this cluster was low, but the high school ratio was relatively high, suggesting that
existing schools might have been overburdened, with an average of over 350 students per
school. The teacher ratio remained reasonably low.

Cluster 3 showed similar patterns to Cluster 2 in terms of School Participation Rate,
Net Enrollment Rate, and Gross Enrollment Rate. However, the poverty rate was relatively
high at 12.29%. Notably, Cluster 3 had the highest high school and teacher ratios, at 383.50
and 138.63, respectively. This indicated limited educational resources and an excessive teacher
workload, that each teacher was responsible for an extremely high number of students. This
likely hampered the quality of teaching and learning.

Cluster 4 had the highest School Participation Rate, Net Enrollment Rate, and Gross
Enrollment Rate values, as well as the lowest poverty rate. These indicated excellent
educational and socio-economic conditions. However, this cluster suffered from a high high
school ratio (381.57), indicating a potential shortage of schools despite otherwise favorable
conditions.

Cluster 5 had the lowest values across all educational indicators (School Participation
Rate, Net Enrollment Rate, and Gross Enrollment Rate) and a high poverty rate of 28.63%,
reflecting significant economic vulnerability. The high school and teacher ratios in this cluster
were in the medium range. The low educational participation rates and high poverty suggested
that provinces in Cluster 5 faced serious challenges in accessing education, likely due to limited
access, inadequate facilities, lack of qualified educators, and economic hardship.

These findings aligned with several previous studies cited in the Introduction.
Baharudin and Burhan (Nguyen, 2024), found that teachers in rural areas faced challenges in
infrastructure and access to resources, yet remained adaptive to policy changes. This supported
the present study's finding that provinces with low school participation tended to have low
socio-economic indicators, suggesting that limited access to quality education was linked to
regional disparities in resources and development. Similarly, Xu (2024) highlighted how digital
transformation in rural China was hindered by low digital literacy and inadequate
infrastructure. These challenges reflected similar conditions observed in Indonesian provinces

with low socio-economic scores, where limited access to educational and technological
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facilities likely contributed to low participation rates. Furthermore, Batool (Batool & Liu,
2021) emphasized the influence of socio-economic variables on higher education participation
in Pakistan, identifying government expenditure and unemployment as critical factors. This
was consistent with the results of the present study, which showed that socio-economic
indicators—particularly poverty and education spending—played a significant role in shaping
school participation patterns. By clustering provinces based on these variables, the study
offered a regional classification that extended previous regression-based findings and revealed
broader patterns of educational inequality across Indonesia.

The distribution of provinces in Indonesia based on the optimal clustering result, which

used five clusters, was shown in Figure 1.

Figure 1. Cluster of provinces in Indonesia.

Figure 1 illustrates the distribution of provinces in Indonesia based on the clustering
results using five clusters. Provinces in dark brown belonged to Cluster 1; brown represented
Cluster 2; cream represented Cluster 3; purple represented Cluster 4; and dark blue represented
Cluster 5. From the figure, it could be seen that Cluster 3 had the fewest members. Meanwhile,
the cluster with the most members was Cluster 2, followed by Cluster 4, as shown on the map

where provinces in these two clusters were spread across various regions in Indonesia.

5. CONCLUSION

The study found that the optimal clustering was achieved with five clusters using the K-
Means method, supported by multiple validation indices (Dunn Index, C-Index, and Davies-
Bouldin Index) and the smallest S(w)/S(b) ratio. This addressed the research gap in
systematically grouping regions by educational and socio-economic indicators. Cluster 1 was

characterized by good senior secondary participation and moderate poverty but low school and
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teacher ratios. Cluster 2 showed moderate education access, low poverty, but high student-to-
school ratios. Cluster 3 combined moderate education access with high poverty and very high
student-to-school and student-to-teacher ratios. Cluster 4 reflected strong education and
economic conditions, although still school shortages persisted. Finally, Cluster 5 represented
the most disadvantaged group, with the lowest educational indicators and highest poverty.
These findings highlighted clear disparities, from provinces with strong participation and low
poverty to those with severe educational and economic disadvantages. By revealing these
hidden regional patterns, the study proposed a clustering-based framework to better target
educational interventions, revealing regional groupings that can inform equitable,
geographically sensitive policies in Indonesia. Future research was recommended to
investigate contextual factors within clusters, evaluate educational quality beyond quantitative
ratios, and conduct focused studies on disadvantaged regions to uncover structural barriers and

guide targeted interventions.
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