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This study aims to analyze the graduation rate of senior high school
education in 34 Indonesian provinces during the period 2015-2023 and
identify patterns of educational disparities between regions. To achieve the
objectives, this study applies a neural network to predict education
completion patterns based on historical data, then the prediction results are
analyzed using K-means clustering technique utilizing the elbow method to
select the ideal number of clusters. The clustering results show three
categories of provinces based on education completion rates: high, medium,
and low. The provinces with high completion rates, generally, supported
with good education infrastructure and effective policies, while the medium
category faces challenges in resource distribution, but still potentially
improve. In contrast, the low category suffers from limited access,
geographical constraints, and socio-economic disparities. This research
contributes to education policy-making by offering a machine learning-based
approach to understanding education disparities between regions. The new

insight offered by this study lies in the integration of neural network and K-
means clustering in mapping education completion rates to support strategies
for improving access and quality of education in Indonesia.
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1. INTRODUCTION

Education is the main foundation of the Indonesian country in creating a smart and civilized society
[1]. However, this education sector is still plagued by complex problems, especially the inequitable
distribution of education, which hinders access to quality education for all levels of society [2], [3]. Based on
Law Number 21 of 2003. According to the National Education System, education refers to a purposeful and
systematically designed effort to build an environment and learning process that encourages learners to be
active and interact in developing their potential. The purpose of this education is to form students to develop
spiritual strength, self-regulation, intelligence, commendable character, and competencies essential for
oneself, the community, the nation, and the country [4], [5].

Increasing complexity of global challenges [6], such as climate change, poverty, and social
inequality [7]. Therefore education has a strategic role as the main instrument in shaping and increasing the
capacity of human resources and empowering the community to contribute to building and realizing social
welfare without inequality [8]. Through education, humans not only acquire knowledge, but also skills,
critical thinking and awareness to adaptively face the global dynamics.

The senior high school education level is an important and decisive phase in the educational journey
of students [9]. Senior high school is a crucial step for students towards higher education and employment
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[10], [11], Therefore, students at the senior high school level must be equipped with basic knowledge, critical
thinking skills, and cognitive and affective skills to face various challenges after they complete the senior
high school level [12]. Contextually, it is important to ensure that senior secondary education is equally
accessible to all people in Indonesian provinces with no disparities in facilities, quality of teaching and
learning, or learning opportunities [13]. The data from the Central Bureau of Statistics or Badan Pusat
Statistik (BPS) shows that the completion rate of senior high school education in 34 provinces during
2015-2023 experienced significant disparities. Geographical and socio-economic factors are the main
obstacles, especially in remote, border and underdeveloped areas. This disparity affects the quality and
quantity of high school graduates, and hampers equitable human resource development in Indonesia [14].

Education equity is not only served as an effort to ensure justice for all learners, but also a
fundamental element in creating balanced human resource development throughout Indonesia. This
inequality in educational, social and economic access has a significant negative impact on the quality and
quantity of high school graduates [15]. By ensuring sustainable education equity, every province in
Indonesia has the potential to produce high school graduates who not only excel in quality, but also
increase in quantity. This equity will contribute to the strengthening the local economy in each province
and support national economic growth holistically. In addition, the graduate students will have adequate
competencies to face the dynamics and challenges of global competition, thus being able to contribute
significantly to nation building.

Along with the rapid enhancement of technology, the application of machine learning is increasingly
widespread in various sectors and applications [16]. Machine learning is a branch of artificial intelligence
(AI) that enables information systems to automatically learn patterns, relationships, and characteristics in
data without requiring explicit programming instructions [17]. With these capabilities, machine learning is
able to generate new knowledge, train algorithms, identify relationships, and recognize hidden patterns that
have not been previously detected [18]. The patterns and relationships discovered through this process can be
used to analyze new and unknown data, enabling more accurate predictions and supporting efficient and
adaptive process optimization [19].

This study aims to analyze the graduation rates of high school students in various provinces in
Indonesia through a machine learning approach, by integrating the neural network method to predict
graduation rates and the K-means clustering algorithm to group provinces based on completion patterns
during the period 2015-2023. K-means is known as one of the oldest and most widely used partitioning
methods [20]. This algorithm has been the object of extensive study with various developments in the
literature and applied in various substantive fields [21]. This method allows the process of grouping data
based on the similarity of certain characteristics [22]. This study provides a more systematic picture of the
pattern of education equity and inequality in each province. The findings are expected to serve as a scientific
basis in formulating strategic policies to support equitable access to education and improve the quality of
senior secondary school graduates. In addition, the results of this study also contribute to strengthening
national competitiveness through the development of human resources that are more adaptive and
competitive in the midst of global dynamics.

2. METHOD

This study analyzes the completion rate of senior high school education in 34 provinces in Indonesia
in the period 2015-2023 using data from BPS. This study is conducted in two phases, the are data preparation
stage and the clustering stage, as shown in Figure 1. The data preparation stage is carried out in several
stages, namely collecting raw data, cleaning data to eliminate errors or irrelevant data, filtering data,
combining all data, and converting data to suit the needs of the analysis. Further data analysis was conducted
by combining machine learning neural network method and K-means clustering, to achieve a thorough
comprehension of the pattern of graduation or completion of education at the high school level. This
integrated approach provides a robust framework for understanding regional differences and patterns
of educational outcomes, especially high school completion rates in Indonesia. Figure 1 shows the stages of
data analysis.

2.1. Data

This research utilizes a dataset containing data on the percentage of completion or graduation rates
of senior high school students in 34 provinces in Indonesia, presented in Table 1. This data is sourced from
the BPS and covers the period 2015-2023. The initial stage was carried out by processing and preparing the
data using RStudio software before further analysis was carried out by performing several stages, namely
collecting raw data, cleaning data to eliminate errors or irrelevant data, filtering data, combining all data, and
converting data to suit the needs of the analysis. The analysis was conducted to identify graduation patterns
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and educational trends in each province, which contributes to a detailed analysis of the determinants affecting
students success rate in completing senior secondary education. The following is the data on the percentage

(%) of senior high school completion rates from provinces in Indonesia from 2015 to 2023 in Table 1.

Data Preparation

Proses Initiation

Clustering Data

Calculating the percentage of senior high
school student graduation in 2015-2023

by province
Data structure
Identification ‘
predicting trends in education completion
* rates using Neural Network
Analysis data ¢
Clustering using
K-Means
‘ Data Filtering ‘4_‘ Data Scaling | algorithm
‘ Data Combination ’—D Data Conversion |_ End
Figure 1. Flowchart of data analysis
Table 1. Student pass percentage data
2015 2016 2017 2018 2019 2020 2021 2022 2023

Aceh 68.16 7446 70.64 70.68 6996 70.07 7436 70.67 74.46
Sumatera Utara 59.54 69.69 67.16 6834 6521 7039 7281 77.16 74.43
Sumatera Barat 58.04 6497 608 6534 6032 67.11 70.06 6596 68.64
Riau 5728 62.12 619 6371 5878 66.62 6894 6691 67.79
Jambi 49.05 605 5827 66.06 56.87 63.66 6451 6585 66.62
Sumatera Selatan 489 5537 5415 6394 5823 6542 672 67.07 64.81
Bengkulu 5594 6431 6257 5886 61.47 6273 6246 64.88 63.41
Lampung 40.6  47.62 48775 5489 5487 57.59 60.09 6242 64.54
Kep. Bangka Belitung 43.46 53.84 5155 55.01 53.84 56.74 6398 66.87 68.96
Kep. Riau 6528 7593 8355 8286 78.14 78.65 81.07 7393 7897
Jakarta 741 7474 7825 8348 8435 85.67 8498 8771 88.1
Jawa Barat 48.53 55.03 4832 61.04 5746 6356 64.89 67.05 6647
Jawa Tengah 43.86 4459 51.52 55,62 49.79 5582 599 5875 5835
DI Yogyakarta 80.77 7995 8553 8196 8454 8799 90.12 8792 89.69
Jawa Timur 52.04 55.13 599 6248 57774 63.53 6633 6687 68.65
Banten 5295 60.83 59.87 6754 5694 6424 669 66.02 70.07
Bali 69.08 73.65 7462 78.67 6452 74838 7586 76.59 76.51
Nusa Tenggara Barat 51.83 55.01 59.1 52.6 57.6  64.66 65.71 61 63.66
Nusa Tenggara Timur 3778 48.95 4144 4341 4385 50.65 44.88 3847 43.46
Kalimantan Barat 35.69 3569 427 47.66 4929 5523 5427 584  55.58
Kalimantan Tengah 4728 5242 5648 5347 5001 60.77 61.04 61.88 63.93
Kalimantan Selatan 4485 5291 56.75 61.09 5952 63.05 63.59 67.81 6835
Kalimantan Timur 67.56 66.76 67.72 68.73 64.74 71.63 74.26 74 73.63
Kalimantan Utara 47.64 586 5743 5822 61.1 6777 623 54.8 59.5
Sulawesi Utara 555 7233 6746 70.02 67.58 73.79 68.56 66.66 67.57
Sulawesi Tengah 45.84 61.79 62.73 53.84 52 57.68 61.16 53.73 55.69
Sulawesi Selatan 50.85 59.56 63.82 56.86 06097 6622 6943 6832 6741
Sulawesi Tenggara 61.52 67.12 67.75 67.67 6426 6828 70.65 6597 68.28
Gorontalo 44.67 50.79 553 5239 50.87 5535 53.73 4512 46.19
Sulawesi Barat 39.29 5345 56.17 37.65 482 56.6 5622 55.18 54.79
Maluku 58.59 72.87 7358 6642 67.82 70.55 68.12 72.08 75.01
Maluku Utara 57.12 6487 65.14 60.07 59.13 6652 6695 67.1 64.61
Papua Barat 5524 56.12 62.81 6047 5095 6149 59.08 57.07 59.99
Papua 28.23 35.69 33.82 29.56 2744 3092 3295 39.01 395

2.2. Neural network

Neural network is used to predict trends in education completion rates based on historical data. This
method was chosen because it has the ability to capture non-linear patterns and complex relationships
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between variables. The neural network model is trained using a dataset that includes education indicators,
such as graduation rates in each province. The model used is a multi-layer perceptron (MLP) with several
hidden layers optimized to capture complex relationships between variables. The prediction results from this
neural network provides an estimation of the education graduation or completion rate, which used as the
basis for the clustering process using K-means. The output of this model allows for more specific analysis in
clustering provinces based on the educational patterns identified through the predictions generated. To assess
the accuracy and effectiveness of the neural network model, validation was conducted using four main
metrics, namely mean squared error (MSE), root mean squared error (RMSE), mean absolute error (MAE),
and R-squared (R?) [23].

2.2.1. Mean squared error
MSE measures the average of the squared difference between the actual value (Y7) and the predicted
value (yi). The smaller the MSE value, the better model predicts the data with minimal error.

1
MSE = - Yim Yi— (1

2.2.2. Root mean squared error

RMSE is an error measure that quantifies the variation between forecasted and true values. RMSE is
determined by applying the square root to the MSE. A smaller RMSE value indicates that the model has a
low prediction error rate.

RMSE = \MSE 2

2.2.3. Mean absolute error

MAE is a measure of the average absolute error of the actual value (Y7) and the predicted value (yi).
MAE measures how large the average difference is between the predicted value and the actual value,
regardless of the direction of the error (positive or negative). The smaller the MAE value, the better the
model is at making predictions.

1
MAE = =1 |Yi — yil 3

2.2.4. R-squared

R? is a statistical metric used to assess the extent to which the model can explain variability in the
actual data (Y7). R? values fall within the range of 0 to 1, where a value approaching 1 indicates that the
model is getting better at explaining data variation.

2_q_Z0iy)?
R 1 T(¥i-yi)? @

2.3. K-means clustering

K-means clustering serves to classify provinces based on similar educational characteristics. The
K-means clustering method is used because of its ability to efficiently group provinces based on the
similarity of initial centroid values of educational characteristics [24], [25], because it is able to evaluate
changes in the total within-cluster sum of squares (WSS) value against various numbers of clusters. The
elbow method is used to determine the optimal number of clusters by balancing intra-cluster variability
and optimal model complexity, when the decrease in WSS starts to slow down significantly. The selection
of the number of clusters aims to achieve a balance point between clustering accuracy and model
complexity, so that the analysis results are more representative and the data can be interpreted properly
into fixed groups [26].

2.4. Relevance of neural network and K-means clustering

This data analysis combines neural network and K-means clustering as they have significant
relevance in education analysis. Neural network is used to model the complex relationships between
various educational factors, with its ability to capture non-linear patterns allowing for more accurate
prediction of educational completion rates. The model applied is a MLP with optimized hidden layers to
improve prediction accuracy. After obtaining prediction results from the neural network. K-means
clustering method is applied to group provinces based on similar educational characteristics [27]. This
approach allows the identification of provincial clusters with homogeneous patterns of education
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completion [28]. So that it can be the basis in formulating educational policies that are more targeted [29].
Neural network acts as a prediction tool that captures complex relationships in the data, while K-means
clustering groups provinces based on the prediction results, allowing for more systematic and in-depth
analysis [30]. The combination of these two methods not only improves the accuracy in projecting
education trends, but also provides a clearer mapping of areas based on education characteristics, thus
supporting data-driven decision-making more optimally.

3. RESULTS AND DISCUSSION

This study applies the neural network and K-means clustering methods to analyze the graduation
rate of senior high school education in 34 provinces of Indonesia during the period 2015-2023. The data used
is sourced from the BPS and includes the main variables in the form of the percentage of education
completion each year. These variables are used as a representation of the level of educational success in
various provinces throughout the study period.

At the initial stage of the analysis, a data normalization process was carried out using the Z-score
scaling method. This step aims to equalize the scale between variables so that no variable has a dominant
influence on clustering results. The scaling process is used in the neural network to improve the stability of
model learning and ensure the activation function works optimally [31]. In addition, scaling is also applied to
K-means clustering so that the clustering of provinces based on the pattern of education completion rates can
be done objectively, taking into account the equal distribution of the data [32].

The results of the neural network analysis are visualized through a model structure that describes
the relationship between the input data in the form of annual graduation scores (2015-2023) and the output
in the form of graduation. The weights between neurons that represent the impact of individual variables
on the predictive outcome results. The following are the results of the neural network visualization using
RStudio in Figure 2.

MMXVII
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Error: 0.003331 Steps: 262

Figure 2. Neural network results

Based on the neural network results above, the model consists of two hidden layers that
progressively process input data in the form of annual graduation rates (2015-2023) into output in the form of
graduation rates. The weights between neurons, as shown in Figure 2, reflect the level of contribution of each
input variable to the prediction result [33]. The visualized neuron activations show how the model learns
complex patterns of relationships, including non-linear patterns that cannot be captured by conventional
analysis methods. The implemented neural network model shows a high level of accuracy in predicting
education completion patterns. The model validation results were conducted using four main evaluation
metrics, namely the MSE of 0.0001936, which indicates a very small prediction error rate after 262 iterations.
In addition, the RMSE of 0.0139 and the result of the MAE of 0.0100 indicate that the model has a good
performance in reducing the prediction error. Furthermore, the R? value of 0.662 provides information that
the model is able to explain 66.2% of data variability, while the rest which influenced by other factors not
included in the model. Additionally, the overall error value of 0.003331 listed in the analysis results confirms
the stability of the model during the training process. Thus, the neural network validation results confirm that

Data-driven clustering and prediction of high school graduation rates in ... (Muhammad Salman Arrosyid)



3776 O ISSN: 2252-8938

the model can effectively identify the relationship between historical variables and education completion
rates, thus supporting the validity of the model in making predictions.

The next step in this research aims to identify the optimal cluster count based on the neural network
prediction results used in performing K-means clustering. Cluster analysis is a method in unsupervised
learning that seeks to divide data into specific groups, ensuring that elements within a cluster have
homogeneous properties, while differences between clusters are made as clear as possible [34]. To achieve
this goal, the elbow method is applied, a visual approach that illustrates the relationship between the number
of clusters and the total WSS wvalue. The graphs generated by the elbow method provide guidance in
identifying the most statistically and interpretatively optimal number of clusters. Figure 3 shows the number
of clusters generated.

Elbow method for optimal clusters
4001 «

3001
2001 N

100

Total Within Sum of Square

1 2 3 4 5 6 7 8 9 10
Number of clusters k

Figure 3. Optimal number of clusters

Based on the resulting elbow method graph, it can be seen that the total WSS value decreases
sharply from k=1k, k=2k, and k=3k. After k=3k, the decrecase in WSS value becomes slower and
insignificant. This pattern indicates that the use of three clusters is the optimal choice, as the number of
additional clusters after 3k does not provide a significant improvement in reducing within-cluster variation.
Therefore, the optimal number of clusters chosen in K-means clustering analysis is three clusters, which
provides a balance between the model's performance in representing data variation and the complexity of the
model formed.

K-means algorithm is an algorithm with partitioning [35], because K-means method requires
determining the number of clusters at the beginning of the process, the algorithm starts by setting an initial
centroid value that will serve as the center point for each group [36]. The K-means algorithm requires a
definite number of clusters to be determined before the clustering process can be performed [37], because
the initial positions of the cluster centers can vary, this may lead to inconsistent clustering outcomes for
the data. This clustering aims to present a nuanced perspective of the differences and similarities between
provinces related to high school graduation rates, which can be used to understand regional dynamics more
comprehensively. The following is the result of clustering provinces using the K-means algorithm shown
in Figure 4.

Based on Figure 4, which presents the outcomes of the clustering analysis performed with the
K-means algorithm clustering method, the three clusters formed are visualized with different symbols and
colors to facilitate interpretation. This visualization shows the distribution of provinces based on the level
of high school completion in each province. Dimension 1 (90.5%) and dimension 2 (4.5%) represent the
principal components resulting from dimension reduction using the principal component analysis (PCA)
method, which covers a total of 95% of the data variability. Each point on the graph represents the position
of each province in the dimension space. The following is an interpretation of the data based on the
clusters formed.

Cluster one (red), which consists of most provinces such as Central Java, East Java, and North
Sumatra, has moderate levels of education completion. Provinces in this cluster face a number of
challenges, including variations in education accessibility, inequality in infrastructure, limited resources
and the need to improve teaching quality. Nevertheless, this cluster has a great opportunity to improve
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education performance through more targeted policies and infrastructure development that supports
equitable access to education.

The second cluster (green) includes provinces with low education completion rates, such as Papua,
East Nusa Tenggara (NTT), and West Sulawesi, which face significant challenges such as difficult
geographical access, lack of education facilities and stark socio-economic disparities. These challenges
require strategic interventions such as improving education accessibility in remote areas, developing
supportive infrastructure and reducing disparities between regions. The cluster findings provide important
insights into the variations in education performance in Indonesia, which can inform the formulation of
data-driven education policies to improve the quality and equity of education nationwide.

The third cluster (blue) includes provinces with high education completion rates, such as DKI
Jakarta and DI Yogyakarta. Provinces in this cluster have excellent access to education, adequate
infrastructure and effective implementation of education policies. These factors enable the provinces in this
cluster to consistently achieve education performance above the national average.

Province-based clustering
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Figure 4. Visualization of K-means algorithm results

4. CONCLUSION

This study examines the graduation rate of senior high school education in 34 provinces in
Indonesia from 2015-2023 by utilizing a combination of neural network and K-means clustering methods.
The neural network model showed superior ability in predicting education completion rates with a MSE of
0.0001936, reflecting its ability to capture non-linear relationships from historical data. The resulting
predictions were then used in a K-means clustering analysis to group the provinces into three main clusters:
high, medium, and low completion rates. The combined approach of neural network and K-means clustering
provides a comprehensive picture of education disparities in Indonesia. The findings of this study offer a
strong basis for data-driven policy making to improve education quality and reduce disparities among
provinces in Indonesia. Future research by including additional variables is expected to broaden the analysis
and strengthen policy recommendations that are more targeted.
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