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This research explores the use of clustering techniques to analyze student
admission data at Yala Rajabhat University, Thailand, aiming to enhance
recruitment strategies and understand student profiles. Employing K-means,
Hierarchical Clustering, and Density-based spatial clustering of applications
with noise (DBSCAN), the study groups admission data based on factors
like educational institution, geographic location, and program chosen. The
methodology incorporates normalization and principal component analysis
(PCA) to ensure data quality, while the Elbow Method determines the
optimal number of clusters for effective data segmentation. The davies-
bouldin index (DBI) evaluates the clustering configurations, ensuring that
clusters are well-separated and cohesive. The results reveal distinct student
profiles that can inform targeted marketing and improve recruitment
strategies. This study not only provides strategic insights into student
recruitment but also contributes to the literature on the use of data science in

educational settings, highlighting the transformative impact of advanced
analytics on institutional effectiveness. The research emphasizes the
importance of data-driven approaches in adapting to the changing dynamics
of student admissions and the competitive landscape of higher education.
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1. INTRODUCTION

Higher education institutions in Thailand face a critical challenge due to declining birth rates and
increased competition among universities [1], [2]. Traditional methods of student recruitment, such as mass
marketing, career fairs, and school visits, are proving ineffective in attracting the right students. This
situation necessitates a data-driven approach to analyzing student admission patterns, enabling universities to
optimize recruitment strategies and resource allocation.

One key method for improving university admissions is clustering analysis, which can segment
students based on various attributes such as geographical background, academic performance, and
institutional preference. Recent literature supports using methods like K-means clustering to segment student
populations based on various demographic and academic variables, allowing universities to identify distinct
groups within their applicant pools for targeted engagement [3]-[15].

Advanced clustering techniques, including hierarchical clustering and density-based spatial
clustering of applications with noise (DBSCAN), have effectively handled diverse student admission
datasets. Unlike K-means, which are sensitive to cluster shape and size, DBSCAN is particularly useful for
detecting arbitrary-shaped clusters and outliers, making it valuable for complex student data segmentation.
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Feature selection is vital in optimizing clustering performance, especially in student admission analysis.
Recent studies have proposed various feature selection techniques to enhance clustering outcomes, ensuring
that only the most relevant attributes are retained for analysis.

Moreover, effective data preprocessing techniques such as data cleaning, normalization, and
dimensionality reduction are critical in improving the accuracy and reliability of clustering results. Principal
component analysis (PCA) is widely applied as a dimensionality reduction technique, helping streamline
high-dimensional student admission data while preserving key information. These preparatory steps ensure
that clustering models produce actionable and interpretable insights, supporting data-driven decision-making
in higher education institutions.

Following a thorough review of relevant literature and research studies, several investigations have
explored the application of clustering techniques alongside various datasets to enhance student admission
analysis. These studies have demonstrated the effectiveness of clustering methods in segmenting student
populations based on academic and demographic attributes. Table 1 [16]-[30] (in Appendix) provides a
comprehensive summary of these findings, highlighting key methodologies and results from prior research.

Several studies have explored data mining techniques in education, particularly in student
performance prediction and dropout analysis. However, gaps remain in applying clustering techniques for
admission data analysis, as prior studies predominantly focus on predicting student academic performance
rather than optimizing student recruitment strategies. Additionally, few research efforts have compared
multiple clustering techniques such as K-means, DBSCAN, and Hierarchical Clustering within real student
admission datasets. Moreover, the lack of proper validation metrics, such as the davies-bouldin index (DBI),
limits the ability to determine the most effective clustering approach for student segmentation. Given these
gaps, there is a pressing need to investigate advanced clustering approaches for student admission data to
enhance decision-making processes in higher education institutions.

This research makes the following key contributions to the field of student admission data analysis
and clustering:

—  Develop a novel clustering framework integrating PCA for feature selection and DBI for validation to
improve clustering accuracy and interpretability.

— Conducts a comparative evaluation of clustering techniques, including K-means, DBSCAN, and
Hierarchical Clustering.

—  Applies clustering techniques to admission data from Yala Rajabhat University to provide practical
insights for recruitment and academic planning.

—  Supports data-driven decision-making in university admissions by facilitating targeted recruitment
strategies based on well-defined student clusters.

The remainder of this paper is organized as follows: Section 2: Methodology — Describes data
collection, preprocessing, and feature selection using PCA. It explains clustering techniques, including K-
means, DBSCAN, and Hierarchical Clustering, and introduces the DBI for clustering validation. Section 3:
Results and Analysis — Presents clustering results, evaluates performance using DBI scores, and visualizes
clustering outcomes. Section 4: Discussion — Interprets findings, assesses clustering performance, and
explores its practical applications in student admissions. Section 5: Conclusion and Future Work —
Summarizes key research findings, discusses study limitations, and proposes directions for future research.

2. METHOD

This section describes the research methodology used to analyze and cluster student admission data
at Yala Rajabhat University. The data was preprocessed, clustered, and evaluated for optimal segmentation.
The methodology follows a systematic approach, as illustrated in Figure 1.

The following application of the data mining clustering model on analyzing and clustering students
who choose to Study at Yala Rajabhat University as follows:

2.1. Data collection

Student admission history data was collected from the Educational Services Division, Office of the
President, Yala Rajabhat University. The dataset comprises records from the academic years 2019-2023,
totaling 13,435 data entries. Key attributes include sex, religion, hometown province, school, school plan,
grade point average (GPA), program, and faculty. To ensure privacy, all identifying information was
anonymized. The data was extracted from institutional databases to maintain accuracy and integrity.
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2.2. Data preprocessing

Data preprocessing ensures the dataset is clean, structured, and formatted correctly for clustering
analysis. This step involves nominal data encoding, cleaning, and standardization to improve processing
efficiency and consistency.

2.2.1. Nominal data encoding

Nominal data encoding is essential for converting categorical variables into numerical formats
suitable for clustering algorithms. This study's categorical variables, such as school type, province, and study
plan, were transformed using numeric codes. This conversion allowed algorithms to process the data
efficiently without misinterpretation due to categorical values.

2.2.2. Data cleaning

Data cleaning involves removing duplicate records, handling missing values, and resolving
inconsistencies. Attributes such as sex and religion were omitted to reduce noise and enhance the relevance
of clustering. The dataset was further examined for outliers and erroneous entries, which were either
corrected or removed based on established preprocessing criteria. The refined dataset is summarized in Table 2,
showing encoded and cleaned attributes.

Table 2. Nominal data encoding and cleaned dataset
No SchCode SchProCode SchTypeCode SchPlanCode GpaxCode Program  Facultycode

1 1 95 11 1 3 2 1
2 1 95 11 2 4 2 1
3 3 91 1 2 3 2 1
4 4 94 1 2 3 2 1
5 5 96 11 2 3 2 1
6 6 94 11 2 4 2 1
7 7 95 11 2 3 2 1
8 8 91 11 2 4 2 1

2.2.3. Data standardization

Standardize the data to ensure that all numerical variables are brought to a uniform scale, which may
also involve encoding categorical variables. This standardization process entails transforming the data by
subtracting the mean and dividing it by the standard deviation. This step is crucial to mitigate biases that could
arise when variables with larger scales disproportionately affect the outcomes of the clustering algorithm.

2.2.4. Determining the number of clusters

Identifying the optimal number of clusters for K-means and hierarchical clustering algorithms using
the Elbow Method [22], [31]. The value of k Identifies the optimal number of clusters that best represent the
underlying patterns in the data [22]. Implement methods like the EIbow Method, which involves plotting the
sum of squared distances from each point to its assigned center and choosing the point where improvements
become marginal.
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2.3. Feature selection

Feature selection enhances clustering accuracy by reducing dimensionality and retaining only the
most relevant attributes [25]. PCA was applied to identify the key features contributing to variance in the
dataset [26]. This widely used dimensionality reduction technique transforms high-dimensional data into a
lower-dimensional space while preserving as much variance as possible [27]. In the context of student
admission data analysis, PCA helps select the most important features contributing to clustering, ensuring
efficient data processing and improved cluster quality [28]. By applying PCA, this study effectively
identified the most important student attributes contributing to meaningful clustering. The method reduced
data dimensionality, improved clustering accuracy, and facilitated better segmentation of students for
targeted admission strategies [28].

2.4. Clustering
Three clustering techniques were applied to segment the student admission data: K-means, DBSCAN,
and Hierarchical Clustering. Each algorithm provides distinct advantages, allowing for comprehensive analysis:

2.4.1. K-means clustering

K-means clustering is one of the most widely used unsupervised machine learning algorithms for
partitioning a dataset into K distinct, non-overlapping clusters. It is particularly effective for well-separated
and spherical clusters, making it a popular choice in educational data mining, including student admission
analysis. The algorithm minimizes intra-cluster variance while maximizing inter-cluster separation, ensuring
that data points within a cluster are more similar than those in different clusters [16], [23].

2.4.2. DBSCAN

DBSCAN is a density-based clustering algorithm that groups together data points that are closely
packed while identifying points that lie in low-density regions as outliers [23]. Unlike K-means, which
require specifying the number of clusters beforehand, DBSCAN automatically determines the number of
clusters based on data distribution [32]. This makes it especially effective for datasets with clusters of
arbitrary shape and varying densities, including student admission data, where student groups may not have
clear, spherical distributions [24].

2.4.3. Hierarchical clustering

Hierarchical Clustering is a powerful unsupervised machine learning technique used to group
similar data points into a tree-like structure, known as a dendrogram [23]. Unlike K-means and DBSCAN,
which require predefined parameters for the number of clusters, Hierarchical Clustering forms a hierarchy of
nested clusters, allowing flexibility in cluster selection at different levels. This method is particularly useful
in student admission analysis, as it helps universities identify relationships between student groups based on
academic backgrounds, geographical regions, and program choices. By visualizing the clustering process as a
tree, institutions can explore student similarities at various levels of granularity [24].

2.5. Model evaluation

Model evaluation using the DBI measures how similar an object is to its own cluster compared to
other clusters, ensuring a good clustering configuration. The DBI evaluates clustering quality by assessing
both the compactness and separation of clusters, measuring how well they are distinct from each other and
compact within themselves [29], [32]. It calculates the average similarity ratio between each cluster and its
most similar neighboring cluster, considering both the intra-cluster distance (the average distance between
points within the same cluster) and the inter-cluster distance (the distance between the centroids of different
clusters). A lower DBI value indicates better clustering performance, characterized by compact clusters that
are well-separated from each other, while a higher DBI value suggests poorer clustering with overlapping and
less distinct clusters [29], [30]. This index is particularly useful for comparing different clustering results and
determining the optimal number of clusters within a dataset, making it a valuable tool for analyzing and
validating clustering algorithms.

2.6. Tool and data visualization

The Python programming language was used extensively for data preprocessing, clustering, and
analysis due to its powerful libraries such as Pandas for data manipulation, Scikit-learn for machine learning
algorithms, and Matplotlib for data visualization. Clustering algorithms, including K-means, Hierarchical
Clustering, and DBSCAN, were implemented in Python to segment the student data into meaningful clusters.
Looker Studio was utilized to create comprehensive visual representations of both the descriptive analysis
and the clustering results.
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The analysis included data cleaning, standardization, and PCA to prepare data for clustering.
We employed K-means, Hierarchical, and DBSCAN algorithms, evaluating clustering quality with the DBI.
This methodological framework ensures a robust analysis and a clear understanding of data patterns and
facilitates precise marketing and strategic planning.

3. RESULTS

The thorough analysis and clustering of student admission data at Yala Rajabhat University have
produced key insights that are set to enhance the university's recruitment strategies and student engagement.
This section details the results and discussion of using various clustering algorithms—K-means, Hierarchical
Clustering, and DBSCAN—to categorize admission data by educational institution, geographic location, and
chosen programs. These methods have successfully highlighted various student profiles, which are clearly
illustrated through figures and tables, showcasing the effectiveness of the clustering process.

3.1. Descriptive analysis

This section provides a general overview of the student population at Yala Rajabhat University from
the academic years 2019 to 2023, which includes a total of 13,435 students. The breakdown by faculty is
detailed in Table 3. Having established a clear understanding of the overall student demographics and
preferences, we now focus on a more detailed examination through clustering analysis. By applying various
clustering algorithms, we aim to uncover distinct student profiles that can further inform strategic planning
and recruitment efforts.

According to Table 1, the Faculty of Humanities and Social Sciences has the highest enroliment,
followed by the Faculty of Management Sciences, the Faculty of Science, Technology, and Agriculture, and
the Faculty of Education. Most students originate from the southern region, particularly the southern border
provinces. Yala Province has the highest number of students, followed by Pattani, Narathiwat, Songkhla,
Satun, and other provinces, as depicted in Table 4. The majority of students previously attended
Thamwittayamulniti School in Yala Province, followed by Darussalam School in Narathiwat Province, and
other noted institutions listed in Table 5. Currently, Yala Rajabhat University offers 54 different programs.
The most popular program students choose is the Bachelor of Political Science, followed by the Bachelor of
Laws, Bachelor of Accounting, and Management program, as detailed in Table 6.

Table 3. Number of students by faculty (2019-2023)

No Faculty Number  Percentage
1 Faculty of Humanities and Social Sciences 5,213 38.80

2 Faculty of Management Sciences 3,669 27.31

3 Faculty of Science, Technology and Agriculture 2,301 17.13

4 Faculty of Education 2,252 16.76

Table 4. Students’ school provinces (2019-2023)

No Province Number Percentage
1 Yala ,4996 37.19
2 Pattani ,3785 28.17
3 Narathiwat 27,54 20.50
4 Songkla 630 4.69
5 Stul 544 4.05
6 Other 726 5.40

Table 5. Top 10 previous educational institutions of students (2019-2023)

No School name Province Number  Percentage
1 Dhammavidya Mulniti School Yala 785 5.84
2 Darussalam School Narathiwat 501 3.73
3 Yala Community College Yala 478 3.56
4 Narathiwat Community College Narathiwat 445 331
5 Drun Satsana Witthaya Pattani 429 3.19
6 Pattani Community College Pattani 356 2.65
7 Yala Vocational College Yala 280 2.08
8 Attarkiyah Islamiah School Satul 264 1.97
9 Yala Patdung Pracha Vocational College Yala 258 1.92
10 Phatthana Witthaya Yala 225 1.67
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Table 6. Top 10 most popular programs (2019-2023)

No Program Number Percentage
1 Bachelor of Political Science 1,160 8.63
2 Bachelor of Laws 1,134 8.44
3 Bachelor of Accounting 1,027 7.64
4 Management 883 6.57
5 Early Childhood Care and Development 819 6.10
6 Business Computer and Digital Technology 683 5.08
7 Community Development Innovation 486 3.62
8 English Language 440 3.28
9 Early Childhood Education 350 2.61
10 Public Administration and Law 338 2.52

The initial descriptive analysis provides an overview of the student demographics and preferences at
Yala Rajabhat University (Tables 3-6). Most students originate from the southern region, particularly Yala,
Pattani, and Narathiwat provinces. Having established a clear understanding of the overall student
demographics and preferences, we now turn our focus to a more detailed examination through clustering
analysis. By applying various clustering algorithms, we aim to uncover distinct student profiles that can
further inform strategic planning and recruitment efforts.

3.2. Clustering results

The following section presents the results obtained from applying clustering algorithms to the
student admission data. This analysis aims to identify distinct groups within the student population based on
factors such as educational institution, geographic location, and chosen programs.

3.2.1. Clustering performance evaluation

Determining the optimal number of clusters for K-means and hierarchical clustering algorithms
using the Elbow Method. The Elbow method was used to determine the most appropriate number of clusters
(k). The value of k=6 Figure 2 shows the result of the elbow method.

Table 7 presents the DBI for both K-means and hierarchical clustering algorithms using 6 clusters.
Additionally, it specifies the 'eps’ and 'minds' parameters for the DBSCAN algorithm as 0.2 and 300,
respectively.

The Elbow Method

60000 -
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40000 +
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30000 A
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1 2 3 4 5 6 7 8 9 10
Number of clusters

Figure 2. Elbow method to determine the most appropriate number of clusters

Table 7. DBI for clustering quality

PCA dt&—_'r%cé?r(]:f db_index of_l-éierarchical d%_ér;cz:ezlc\)lf
(K=6) (K=6) (eps=0.2, min_samples=300)
PCA2  0.7468 08165 19797
PCA3 08933 1.1621 21455
PCA4 08805 1.0347 13915
PCA5 10838 1.1928 1.0503

Table 7 compares the DBI for K-means and hierarchical clustering algorithms, both using 6 clusters,
and specifies the ‘eps' and 'minds' parameters for DBSCAN as 0.2 and 300, respectively. The table shows DBI
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values across different principal component analyses (PCA2, PCA3, PCA4, and PCAD5), highlighting the
clustering quality for each algorithm. The results indicate that K-means generally have lower DBI values than
hierarchical and DBSCAN clustering, suggesting varying clustering effectiveness depending on the algorithm
and the number of principal components used. Figures 3-5 displays scatter plots visualizing the clustering

results obtained from K-means, hierarchical, and DBSCAN clustering algorithms.
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K-means Clustering creates distinct and well-separated clusters, effectively organizing the data into
uniform groups. This indicates that K-means is highly suitable for this dataset, particularly beneficial for data
where clear, defined groupings are needed, and the clusters are generally spherical and consistent in size.
Hierarchical Clustering offers a more detailed perspective of the data structure, with clusters that blend
gradually, providing a deeper understanding at various levels of detail. This approach could be beneficial for
deciphering complex relationships within the student population, though it may not delineate clusters as
sharply as K-means. DBSCAN successfully detects dense clusters and outliers, which is ideal for data
featuring irregularly shaped clusters or different densities. However, the appearance of noise and blurred
cluster boundaries may hinder DBSCAN's effectiveness in cases where precise segmentation is necessary or
if the dataset lacks notable density differences.

The clustering analysis identifies distinct groups within the student population, each defined by
unique demographic and academic characteristics. The results indicate that K-means clustering is highly
effective for this dataset, providing well-structured and meaningful student groupings. The following section
presents a detailed analysis of the K-means clustering results.

3.2.2. K-means clustering results

Analyzing student admission data from Yala Rajabhat University from 2019 to 2023 from over
13,435 students, the study highlights the distribution of students across various faculties and their
geographical origins. The findings indicate that most students enroll in faculties such as Humanities and
Social Sciences, Management Sciences, Science, Technology and Agriculture, and Education. The regional
analysis reveals that most students come from the southern region of Thailand, particularly from the
provinces of Yala, Pattani, and Narathiwat. This regional preference emphasizes the local demographic's
affinity for Yala Rajabhat University, potentially driven by proximity and cultural familiarity. Furthermore,
the popularity of specific programs, such as Political Science, Law, and Accounting, highlights targeted
academic interests within the student body. These insights are crucial for the university’s strategic planning,
enabling tailored recruitment strategies and optimized resource allocation. By aligning academic offerings
with student preferences, Yala Rajabhat University can enhance educational outcomes and student
satisfaction, thereby reinforcing its position in the competitive educational landscape.

This analysis of Clustering Students Admission Data at Yala Rajabhat University Thailand chose
the K-means algorithm due to its highest clustering performance. It was found that it could divide the
students into 6 groups as follows:

—  Cluster 0: Has 1,629 students, accounting 12.10% from schools under the Office of the Private
Education Commission located in Yala Province, with 1,453 students, making up 89.20%, Yala
Province with 736 students, accounting for 45.18%, Pattani Province with 471 students, representing
28.91%, Narathiwat Province with 310 students, representing 19.03%, and Satul Province with 91
students, comprising 3.44%. The students have completed a study plan in Science and Mathematics
with an average grade level of Medium (1.6 - 2.4). The top five programs chosen at Yala Rajabhat
University are Bachelor of Public Administration, with 1,160 students, accounting for 8.63%; Bachelor
of Laws, with 1,134 students, making up 8.44%; Bachelor of Accountancy, with 1,027 students,
representing 7.64%, Management again with 883 students, accounting for 6.57%, and Early Childhood
Care and Development with 819 students, comprising 6.10%.

—  Cluster 1: Contains 3,305 students, accounting for 24.60% from various educational institutions, as
shown in Table 8. These educational institutions are in various provinces, as shown in Table 9.

Most students have completed the Vocational Certificate program, with 1,270 students accounting
for 38.43%, and the Science and Mathematics plan, 1,021 students, accounting for 30%, with an average
grade level of Good (2.5 - 3.4). The top five programs chosen at Yala Rajabhat University are shown in Table 10.

Table 8. Previous educational institutions for student cluster 1

No Educational institutions Number Percent
1 Secondary Educational Service Area 1,255 37.97
2 Vocational College 625 18.91
3 Office of the Private Education Commission 399 12.07
4 Industrial Community Education College 354 10.71
5 Technical College 252 7.62
6 Community College 183 5.54
7 Department of Learning Encouragement 137 4.15
8 Other 100 3.02

Total 3,305 100
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Table 9. Provinces of educational institutions in cluster 1
No  Educational institutions  Number  Percent

1 Yala 1,301 39.36
2 Pattani 934 28.26
3 Narathiwat 724 21.91
4 Songkla 158 4.78
5 Satul 47 142
6 Other 141 4.27
Total 3,305 100

Table 10. Top five programs in cluster 1

No Educational institutions Number  Percent
1 Bachelor of Accounting 584 17.67
2 Business Computing and Digital Technology 463 14.01
3 Management 447 13.53
4 Bachelor of Laws 373 11.29
5 Bachelor of Public Administration 302 9.14

Located in Yala Province, with 1,453 students, making up 89.20%, Yala Province with 736 students,
accounting for 45.18%, Pattani Province with 471 students, representing 28.91%, Narathiwat Province with
310 students, representing 19.03%, and Satul Province with 91 students, comprising 3.44%. The students
have completed a study plan in Science and Mathematics with an average grade level of Medium (1.6 - 2.4).
The top five programs chosen at Yala Rajabhat University are Bachelor of Public Administration, with 1,160
students, accounting for 8.63%; Bachelor of Laws, with 1,134 students, making up 8.44%; Bachelor of
Accountancy, with 1,027 students, representing 7.64%, Management again with 883 students, accounting for
6.57%, and Early Childhood Care and Development with 819 students, comprising 6.10%.

—  Cluster 2: Has 3,921 students, accounting for 29.20% of schools under the Office of the Private Education
Commission, with 3,893 students making up 99.29%, Secondary Educational Service Area with 24
Students representing 4.61%. These educational institutions are in various provinces, as shown in Table 11.

Table 11. Provinces of educational institutions in cluster 2
No  Educational institutions  Number  Percent

1 Yala 1,579 40.27
2 Pattani 1,204 30.71
3 Narathiwat 831 21.19
4 Satul 206 5.25
5 Songkla 82 2.09
6 Other 19 0.49
Total 3,921 100

Most students have completed the Science and Mathematics plan, with 3,225 students, accounting
for 82.25%); the Arts and Languages plan, 405 students, accounting for 10.33% and the Arts and Mathematics
plan, 288 students, accounting for 7.35% with an average grade level of Good (2.5 - 3.4). The top five
programs chosen at Yala Rajabhat University as shown in Table 12.

—  Cluster 3: Contains 2,094 students, accounting for 15.60% from various educational institutions, as
shown in Table 13.

Table 12. Top five programs in cluster 2

No Educational institutions Number Percent
1 Bachelor of Public Administration 279 7.12
2 Accounting 262 6.68
3 English 237 6.04
4 Bachelor of Laws 200 5.10
5 Public Health 170 4.34

Table 13. Previous educational institutions for student cluster 3

No Educational institutions Number Percent
1 Office of the Private Education Commission 1,818 86.82
2 Secondary Educational Service Area 240 11.46
3 Other 37 1.72

Total 2,094 100
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These educational institutions are in various provinces, as shown in Table 14. Most students have
completed the Science and Mathematics plan, with 1,870 students, accounting for 89.30%, and the Arts and
Languages plan, with 127 students, accounting for 6.06% with an average grade level of Best (3.5 — 4.0). The
top five programs chosen at Yala Rajabhat University as shown in Table 15.

Table 14. Provinces of educational institutions in cluster 3
No Educational institutions  Number Percent

1 Pattani 739 35.29
2 Yala 673 32.14
3 Narathiwat 411 19.63
4 Satul 174 8.31
5 Songkla 66 3.15
6 Other 31 1.48
Total 2,094 100

Table 15. Top five programs in cluster 3

No Educational institutions Number  Percent
1 Early Childhood Education 306 14.61
2 Mathematics 171 8.17
3 English and Educational Technology 159 7.59
4 Islamic Studies Teaching 158 7.55
5 General Science 147 7.02

—  Cluster 4: Contains 477 students, accounting for 3.60% from various educational institutions, as shown
in Table 16.

Table 16. Previous educational institutions for student cluster 4

No Educational institutions Number _ Percent
1 University in Thailand 180 37.74
2 Secondary Educational Service Area Vocational College 168 35.22
3 Office of the Private Education Commission 52 10.22
4 Department of Learning Encouragement 32 6.71
5 Other 45 9.44

Total 3,305 100

These educational institutions are in various provinces, as shown in Table 17. Most students have
completed the Bachelor's degree, with 188 students accounting for 39.41%, the Science and Mathematics
plan, 112 students accounting for 23%, and others with an average grade level of Good (2.5 - 3.4). The top
five programs chosen at Yala Rajabhat University as shown in Table 18.

Table 17. Provinces of educational institutions in cluster 4
No  Educational institutions  Number  Percent

1 Bangkok 112 23.48
2 Songkla 82 17.19
3 Mukdahan 61 12.79
4 Nakhon Si Thammarat 24 5.03
5 Pattani 23 4.82
6 Yala 16 3.35

Other 159 33.34

Total 477 100

Table 18. Top five programs in cluster 4

No Educational institutions Number  Percent
1 Bachelor of Laws 212 44.44
2 Bachelor of Public Administration 34 7.13
3 Teaching Science, Mathematics, and Computer 30 6.29
4 Management 26 5.45
5 Educational Administration 25 5.24
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—  Cluster 5: Contains 2,009 students, accounting for 15.00% from various educational institutions, as
shown in Table 19.

Table 19. Previous educational institutions for student cluster 5

No Educational institutions Number  Percent
1 Community College 1,223 60.88
2 University in Thailand 244 12.15
3 Secondary Educational Service Area 172 8.56
4 Office of the Private Education Commission Industrial Community Education College 88 4.38
5 Vocational College 84 4.18

Other 198 9.85
Total 2,009 100

These educational institutions are in various provinces, as shown in Table 20. Most students have
completed the Vocational Certificate program, with 1,270 students accounting for 38.43%, and the Science
and Mathematics plan, 1,021 students, accounting for 30%, with an average grade level of Good (2.5 - 3.4).
The top five programs chosen at Yala Rajabhat University as shown in Table 21.

Table 20. Provinces of educational institutions in cluster 5
No Educational institutions Number Percent

1 Yala 691 34.40
2 Narathiwat 474 23.59
3 Pattani 414 20.61
4 Songkla 206 10.25
6 Other 224 11.15
Total 2,009 100

Table 21. Top five programs in cluster 5

No Educational institutions Number  Percent
1 Bachelor of Accounting 584 17.67
2 Business Computing and Digital Technology 463 14.01
3 Management 447 13.53
4 Bachelor of Laws 373 11.29
5 Bachelor of Public Administration 302 9.14

In summary, while DBSCAN provides valuable insights into identifying noise and handling clusters
of arbitrary shapes, its higher DBI values in this analysis indicate that it may not be the optimal choice for
clustering the given student admission data. Hierarchical clustering performs better but is still outperformed
by K-means, which consistently achieves the lowest DBI values. Therefore, K-means is the most suitable
clustering algorithm for this application. These clustering outcomes significantly affect Yala Rajabhat
University's recruitment and engagement strategies. Understanding the distinct characteristics of each student
cluster enables the university to tailor its marketing approaches, scholarship offerings, and academic
programs to better meet the specific needs and preferences of different student groups.

3.3. Discussion

The application of clustering techniques has provided valuable insights into student admission
patterns [23], [25]. K-means clustering has demonstrated its effectiveness in segmenting students into distinct
groups based on admission characteristics, ensuring well-defined clusters [29]. DBSCAN has been
particularly useful for identifying outliers and handling variations in density, making it a suitable choice for
datasets with irregular cluster distributions [28]. Hierarchical Clustering has further contributed to structuring
relationships among student groups, allowing for a hierarchical representation of student segmentation. The
DBI has validated that K-means produces the most well-separated and cohesive clusters, reinforcing its
reliability in clustering analysis [29]. These findings suggest that clustering techniques can optimize student
recruitment strategies by identifying key admission trends and patterns, enabling data-driven decision-
making in higher education institutions [23].

A deeper analysis of these findings indicates that clustering techniques offer practical advantages
beyond simple segmentation. For instance, K-means clustering enables universities to identify student groups
with similar academic performance trends, allowing for personalized academic interventions. DBSCAN, by
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effectively handling noise and outliers, can reveal hidden trends in student enrollment, potentially identifying
at-risk students who do not fit standard clustering patterns. Additionally, Hierarchical Clustering provides an
intuitive way to explore relationships among student subgroups, which can be particularly beneficial for
institutions seeking to understand long-term enrollment behaviors. By combining these techniques,
universities can gain a holistic understanding of student demographics, leading to targeted recruitment and
retention strategies.

Beyond recruitment, these clustering methods significantly affect curriculum development, resource
allocation, and student support services. Institutions can use clustering insights to design targeted academic
programs that align with the strengths and needs of different student groups. Additionally, clustering can help
universities allocate financial aid and scholarships more effectively by identifying students who may require
additional support based on their academic and socioeconomic backgrounds. Furthermore, integrating
clustering with predictive analytics could assist in forecasting student dropouts, enabling early interventions
and improved academic guidance.

This study aligns with previous research findings, demonstrating that K-means is highly efficient for
structured datasets, while DBSCAN excels in detecting irregular patterns [25]. Unlike prior studies that
primarily focused on a single clustering technique, this research presents a comparative evaluation of
multiple clustering methods, enhancing its applicability in real-world student admission analysis. The
integration of PCA for feature selection has further improved clustering accuracy by reducing dimensionality
while retaining key features [28]. PCA also facilitates improved interpretability of clustering results by
highlighting the most influential factors in student admission data. However, a key limitation of this study is
its reliance on data from a single university, which may impact the generalizability of the findings. Future
research should explore larger and more diverse datasets to validate these results and extend the applicability
of clustering techniques in higher education data analysis [29]. Additionally, further research could
investigate the impact of different feature selection techniques on clustering performance, providing a more
nuanced understanding of their effectiveness.

This research contributes to the growing field of educational data mining by demonstrating how
clustering techniques can enhance student admissions analysis [23]. The study highlights the importance of
data-driven decision-making in university recruitment and academic planning. Despite these contributions,
some questions remain unanswered, such as the potential integration of clustering with predictive models to
forecast student success. Future studies should explore hybrid models that combine clustering with predictive
analytics to offer deeper insights into student behavior and academic outcomes. Additionally, investigating
how clustering results evolve over multiple academic years could provide universities with dynamic insights
into changing student demographics and enrollment patterns, further enhancing decision-making processes in
higher education.

4. CONCLUSION

This study has demonstrated the effectiveness of clustering techniques in analyzing student
admission data at Yala Rajabhat University. By employing K-means, DBSCAN, and Hierarchical Clustering,
we successfully segmented students into distinct groups based on key admission characteristics. The results
indicate that K-means provided the most well-defined clusters, DBSCAN effectively identified outliers, and
Hierarchical Clustering allowed for a structured understanding of relationships among student groups. Using
the DBI confirmed the clustering validity, reinforcing the importance of selecting the right algorithm for
student data segmentation.

The insights gained from this study can significantly contribute to improving recruitment strategies,
academic planning, and student support services. Universities can leverage clustering outcomes to develop
targeted recruitment campaigns, allocate resources efficiently, and personalize student engagement
initiatives. Moreover, applying PCA enhanced clustering accuracy by reducing dimensionality while
retaining critical information, ensuring data-driven decision-making in higher education institutions.

Despite its promising findings, this study has some limitations. The analysis was conducted using
data from a single university, which may limit the generalizability of the results. Future research should
explore the application of clustering techniques across multiple institutions to assess the consistency of the
findings. Additionally, integrating predictive models with clustering could provide deeper insights into
student success and retention, offering a more comprehensive framework for academic planning and policy-
making.

In conclusion, the study underscores the transformative potential of clustering techniques in student
admission analysis. By adopting advanced analytics, universities can enhance their strategic decision-making
processes, improve student outcomes, and adapt to the evolving educational landscape. Future studies should
investigate hybrid models that combine clustering with predictive analytics to offer deeper insights into
student behavior and academic outcomes.
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Table 1. Summary of studies on clustering techniques and their results
Study Methodology/Findings
Li et al. [16] This paper examines the use of clustering technology, particularly the KMEANS algorithm, to analyze student

Muttagien et al.
[17]

Kasri and Jati
[18]

Rahman
etal.19]

Christopher and
Edward [20]

Onumanyi et al.
[21]

Ghifari and Putri
[22]

Chapin et al.
[23]

Varna et al. [24]

Santosa et al.
[25]

Papaioannou
etal. [26]

Zhang and Peng
[27]

Kim et al. [28]

behavior at educational institutions. It highlights how this approach helps segment students into groups for
targeted analysis and improved educational management.
Explore the application of the K-means clustering algorithm to enhance the student admission process at

Mulawarman University by analyzing data such as GPA, study period, and administrative obedience. The study
successfully segments students into different clusters, enabling the university to identify and prioritize new

student admissions from feeder schools that historically contributed well-performing students. This
methodological approach aims to optimize recruitment strategies and improve the quality of incoming students
based on analyzed characteristics. The article's author utilizes data mining techniques, specifically K-means
clustering, to analyze factors influencing university admissions. By clustering students based on characteristics
like high school GPA and place of residence, the study aims to develop a model to assist in understanding and
improving the admission strategies of a university in Southern Thailand. The effectiveness and efficiency of the
model are evaluated through clustering data, helping the university align its recruitment activities with the
competitive demands of the educational sector.

Combine the K-means clustering algorithm with Simple Additive Weighting (SAW) to optimize university
marketing strategies. This combination helps to identify the best locations and strategies for university promotion
based on clustering student data, thereby allowing for more targeted and cost-effective marketing approaches.
Focus on developing a course recommendation system for students using K-means clustering and association rule
mining. The system utilizes the popularity of courses to generate recommendations, improving course selection
for students based on the demand and relevance of the courses. This approach aims to streamline educational
pathways and enhance student satisfaction by aligning course offerings with student preferences and career
objectives.

Explore using data mining techniques to enhance understanding of student behaviors and academic performance
in educational environments. It employs decision trees, association rules, and K-means clustering to evaluate data
from newly admitted students, aiming to refine educational strategies and enhance student support through the
insights derived from the analysis. A challenge with the K-means clustering algorithm is that it does not
inherently specify the optimal number of clusters. To overcome this, the Elbow method can effectively determine
the best number of clusters.

Develop an automatic method to determine the optimal number of clusters in a dataset using an improved elbow
detection method. This approach helps to automate the selection of cluster numbers for the K-means algorithm,
enhancing the accuracy and efficiency of clustering analyses across various data types.

Developed an innovative method for clustering courses based on student grades using the K-means algorithm,
enhanced by the Elbow Method for precise centroid determination. This approach aims to optimize course
offerings by identifying which ones consistently yield higher average grades, thereby assisting educational
planners and administrators in decision-making processes at educational institutions.

Develop methods for clustering students' admission data using K-means, hierarchical, and DBSCAN algorithms.
Explore how these clustering techniques can help segment students based on their admission data to improve
decision-making in academic settings. The study demonstrates the effectiveness of these methods in creating
meaningful groupings that can aid universities in optimizing their admissions strategies.

Discuss a framework that combines DBSCAN and K-means clustering algorithms to analyze the behavioral
patterns of students from a university in Beijing. The framework utilizes real-time, unbiased behavioral data to
efficiently identify anomalous and mainstream student behaviors. This clustering approach provides valuable
insights for educational institutions to enhance student management and support services by aligning them more
closely with the detected behavioral patterns.

Use feature selection as part of their methodology to enhance the predictive modeling of students' GPAs.
Specifically, they select features based on their relevance to academic performance, such as high school status,
location, entrance test scores, and English proficiency. This selection is crucial for effectively clustering students
into groups with high and low GPA predictions, enabling more tailored and strategic interventions in the
admission process.

Discusses an advanced method for feature selection using parallel computing approaches to enhance the K-means
clustering algorithm. This study focuses on reducing the computational time required for feature selection by
implementing parallelization techniques. The authors explore different parallelized feature subset selection (FSS)
method variations and evaluate their performance on several datasets. The goal is to efficiently manage large
datasets by maintaining or improving classification accuracy while significantly reducing execution times. This
approach is particularly beneficial when large amounts of data must be processed quickly, as it optimizes data
analysis accuracy and speed.

Enhance the traditional K-means approach by embedding a feature selection mechanism to identify the most
relevant features for clustering. This integration not only improves the robustness of the clustering process to
outliers and noise but also facilitates the discovery of non-linear structures in the data, thereby enhancing the
overall effectiveness of the clustering. This method allows for more precise and meaningful clustering by
focusing on essential features, thus optimizing the K-means algorithm's performance and interpretability.

Proposed a hybrid Student Dropout Prediction (SDP) model combining XGBoost and CatBoost to improve the

precision and recall of university dropout predictions. The model achieved a high precision score of 0.963 and
outperformed existing models in recall and F1-score. To analyze the reasons for dropout, the authors applied
PCA for dimensionality reduction and K-means clustering, categorizing the causes into four groups:
“Employed,” “Did Not Register,” “Personal Issue,” and “Admitted to Other University.” The SDP system
enhanced the efficiency of counseling services by accurately identifying high-risk students and providing insights
for personalized support.
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Table 1. Summary of studies on clustering technigues and their results (continue...)
Study Methodology/Findings
Idrus et al. [29] Explores the effectiveness of different distance measurement techniques in clustering analysis. It focuses on
evaluating cluster formation using the K-means and Davies-Bouldin Index (DBI) to determine the optimal cluster
configuration. The research examines various distance measures, including Mixed Euclidean Distance,
Generalized Divergence, Squared Euclidean Distance, and Mahalanobis Distance, applied to data from villages
with primary school facilities in Indonesia. The study underscores the importance of selecting appropriate
distance measures for improving clustering accuracy and highlights the practical implications of using clustering
techniques for educational and infrastructural analysis.
Cui et al. [30] Uses the HYSPLIT model to generate 72-hour backward air trajectories over Qingdao from 2015 to 2018, then
applies three clustering methods—K-means, Hierarchical Clustering, and Self-Organizing Maps (SOM)—to
analyze pollutant source pathways. The clustering results are compared using four internal evaluation metrics:
DBI, SC, CH, and I index. The findings show that height data contribute little information, so two-dimensional
data are sufficient. Among the methods, SOM and K-means perform better than Hier and the default HYSPLIT
clustering. The DBI and | index are effective for selecting the optimal number of clusters, with DBI being the
preferred choice.
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