Journal of Applied Informatics Research Vol 01 No 01 (2025) pp. 21~29

Journal of Applied Informatics Research

Fakultas Vokasi, Kampus Unesa 1, Ketintang, Surabaya, Indonesia
Website: https://journal.unesa.ac.id/index.php/jair/ | E-mail: jair@unesa.ac.id

Student Clustering Based on Subject Grades: A K-Means
Approach to Clustering Study Groups

Rosita', Fitria?

L2Department of Informatics Management, Universitas Negeri Surabaya, Indonesia
Irositarosita@unesa.ac.id, *fitriafitria@unesa.ac.id

ARTICLE INFORMATION ABSTRACT

Article history: Student clustering based on academic scores is a strategic approach to

Received July 25, 2025 improve learning effectiveness in vocational educ.atlon. Thls study

. implemented the K-Means algorithm to group Vocational High School
Revised July 29, 2025 . . .

Accepted July 30, 2025 (SMK) students into three main clusters: Guidance Group (low

’ scores), Potential Group (medium scores), and Excellence Group

(high scores). The data used included scores from 12 subjects in the

Keywords: Computer Network and Telecommunication Engineering expertise
Clustering; program. The analysis results showed that clustering was able to
K-Means; identify student learning patterns and provide recommendations for
Vocational education; appropriate learning strategies for each cluster. Cluster 1 requires
Personalized learning intensive guidance, Cluster 2 can be directed to academic challenges,

and Cluster 3 requires enrichment programs to optimize its potential.
This study shows that data-driven approaches, such as clustering,
provide significant benefits in supporting personalized learning and
preparing students for the needs of the workforce.

1. INTRODUCTION

Education is one of the main components in improving the quality of human resources. This is in line with the
goals of the 2030 Agenda for Sustainable Development [1], particularly Goal 4, which aims to ensure inclusive
and equitable quality education and support lifelong learning for all. In the context of vocational education, one
of the main challenges is designing effective learning strategies to encourage student development in accordance
with the needs of the world of work. Vocational education focuses not only on mastering theory, but also on
practical skills that prepare students to face the dynamics of the world of work. This education emphasizes
technical and practical skills, while developing cultural human competencies in local, national, and global
contexts, so that students are ready to directly enter the world of work [2], [3].

To meet these needs, a data-driven approach is needed that can accurately identify student characteristics, so
that educators can develop learning strategies that suit the needs of each learning group. In recent years, advances
in big data technology have had a major impact on the world of education, especially in the aspect of monitoring
and improving the quality of teaching which is now increasingly being applied [4], [5]. Clustering, as one of the
data analysis techniques, has been proven to have an important role in supporting educational development. The
K-means algorithm, which is one of the unsupervised learning methods, is widely used to group data based on
sample similarities by separating them into several different clusters [6]. The K-means method functions to group
data points into certain clusters based on their similar characteristics, where the number of clusters, namely k, is
determined by the user [7].

Research conducted by [8] shows that the K-Means algorithm can be used to classify students based on specific
performance categories, such as excellent, good, and poor. The results of this study prove that clustering not only
helps in analyzing student performance, but also supports improving the quality of teaching through the
implementation of more targeted strategies. Similarly, a study conducted by [9] found that combining the K-Means
algorithm with regression methods was able to identify factors that influence school dropout and predict dropout
rates with a high degree of accuracy. This shows that clustering-based analysis has the ability to reveal deep
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insights into student learning patterns. The results of these studies confirm that clustering has great potential for

use in personalized learning, especially in understanding student patterns and needs through data analysis.
Approaches such as clustering can help analyze students based on their grade patterns. This research aims to:

1. Grouping students based on their grades across 12 subjects using K-Means

2. Providing educators with insight into student groups that require a more personalized learning approach

In addition, this study identified three main clusters for use in the student learning group category, namely as
follows:
e Cluster 1: Students with low scores are placed in the guidance group category
e Cluster 2: Students with high scores are placed in the superior group category
e Cluster 3: Students with superior scores are placed in the potential group category

Multidimensional data from student grades will be processed to identify distinct learning patterns in each
cluster. The primary contribution of this research is its focus on the context of vocational education, where learning
is designed to meet the specific needs of the workplace. Through the analysis of learning patterns in each cluster,
this research is expected to serve as a reference for educators in providing specialized attention to specific student
groups.

Thus, this research not only enriches the literature on the application of the K-Means algorithm in education
but also provides practical benefits in improving the quality of learning at the vocational education level. The
implementation of this cluster-based learning strategy is expected to help students reach their maximum potential
according to the identified learning categories, thus better preparing them and helping educators design effective
teaching strategies and data-driven classroom policies.

This article is structured as follows: Section 2 provides a literature review; Section 3 describes the data,
methods, and concepts used; Section 4 presents the results and discussion; and finally, Section 5 concludes.

2. RELATED WORK

Various previous studies have shown that clustering in education provides various benefits, especially in
supporting personalized learning. By grouping students based on similar grade patterns or characteristics,
educators can develop more effective and targeted learning strategies. For example, [10] used machine learning
technology to analyze teaching in university classes by utilizing multidimensional data, such as student
attendance, academic performance, and grades. This study applied cluster analysis and association rule mining
techniques, which were proven effective in improving the quality of teaching in the classroom. [11] also used
various clustering methods, such as K-means, DBSCAN, Hierarchical, and Affinity Propagation Clustering, to
group teaching strategies and classroom policies. In addition, research [9] found that the K-Means algorithm,
when combined with regression methods, was able to effectively identify factors causing dropout and predict
student dropout rates with good accuracy.

A study conducted by [8] used the K-Means algorithm (KMA) to analyze student performance reports, which
successfully classified students into three performance categories: excellent, good, and poor. Through cluster
analysis of student grades over four semesters, this study significantly improved the accuracy of grade prediction
as well as the quality of teaching. Meanwhile, a study by [12] utilized the KMA algorithm to cluster student heart
rate data, with the aim of evaluating teaching effects through analyzing changes in student emotions. The results
of this study provide important insights into how to assess teaching quality. Furthermore, a study conducted by
[13] developed a teaching reform evaluation methodology using the K-Means algorithm to cluster teaching effects,
involving 26 Euclidean distance-based evaluation indicators. The study demonstrated that the K-Means algorithm
is effective for data classification in an educational context.

This research aligns with previous studies that emphasize the benefits of clustering in education for
personalized learning. The main contribution of this research is its specific application to Vocational High School
students majoring in Computer Network Engineering and Telecommunications, utilizing multidimensional data
from 12 subjects. Not only focusing on dividing students into specific clusters, this research will also provide an
analysis of student learning patterns in each cluster, which is expected to serve as a reference for educators in
designing more effective learning strategies. Thus, in addition to enriching the literature related to the application
of K-Means in education, this research also provides practical benefits in improving the quality of learning at the
vocational education level.
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3. RESEARCH METHODS

To address the research objectives, the researchers used the data presented in Section 3.1. Section 3.2 provides
a brief overview of the analytical methods used, which are then combined as described in Section 3.3. Finally,
Section 3.4 explains the visualizations used.

3.1. Data

The data used in this study are the results of collecting student scores from 12 subjects taught in the Computer
Network Engineering and Telecommunications expertise program at Rajasa VVocational High School Surabaya.
These subjects include (1) Islamic Religious Education, (2) Pancasila Education, (3) Indonesian, (4) English, (5)
Local Content in Regional Languages, (6) Mathematics, (7) History, (8) Science Project, (9) Physical Education,
Sports, and Health, (10) Informatics, (11) Fine Arts, and (12) Basic Computer Network Engineering and
Telecommunications. The research sample consisted of 35 tenth grade students where these scores reflect their
academic performance in the even semester of the 2020/2023 academic year. This data was then analyzed to
identify certain patterns or groupings of students into three categories to help educators in identifying groups of
students who require special attention.

3.2. K-Means Clustering

One method frequently used in data analysis is clustering, which aims to group objects based on their similar
characteristics. In this context, K-Means is the most well-known and widely used clustering technique due to its
simplicity of implementation and flexibility in various data analysis cases. Clustering, in general, is a method for
dividing objects in a dataset into several groups or clusters that have similarities [14]. Meanwhile, K-Means is
one of the most popular and easy-to-implement unsupervised machine learning techniques [15], [16], [17], [18],
[9]. The K-means algorithm begins by randomly selecting a number of initial clusters or groups along with their
centroid values, then iteratively minimizing the total distance between each point and its respective cluster
centroid, and grouping them [19], [20].

3.3.  Concept of K-Means Clustering Algorithm
3.3.1. Inisitialize the initial centroid

In this study, we collected grade data from 35 students across 12 subjects, divided into three categories, or
k = 3 clusters. Therefore, in the initial centroid initialization step, three centroids were randomly selected from
the data.

3.3.2. Calculate the distance between each data point and the centroid to determine the closest cluster
In this step, calculate the distance using the Euclidean distance from each data point to each centroid.

3.3.3. Assign Data Points to the Nearest Centroid
Each data point is placed into a cluster based on its closest centroid. By calculating this distance, temporary
clusters can be determined.

3.3.4. Update Centroid
Update the centroid position for each cluster by calculating the average value of the data included in that
cluster.

3.3.5. Repeat until the cluster is stable

After the centroids are updated, recalculate the distances between the data and the centroids, adjust the
cluster assignments if necessary, and update the centroids. Repeat this step until the cluster assignments or centroid
positions no longer change. Repeating steps 3.3.3 and 3.3.4 is done until convergence is achieved, convergence
occurs when the centers stop showing substantial changes or when a predetermined maximum number of
repetitions is reached, so that the algorithm produces k final clusters, by placing each data point into the cluster
corresponding to the nearest centroid [21].

4. RESULT AND DISCUSSION
4.1. Student Grouping Results

The application of the K-means Clustering method produces the number of main clusters with the centroid
showing the average profile for each group. As shown in Figure 1, the graph shows the WSS (Total Within-Cluster
Sum of Squares) value on the vertical axis and the number of clusters k on the horizontal axis. It can be seen that
the WSS value decreases drastically between k = 1 to k = 3. At k = 3, the decrease in WSS begins to plateau (no
longer significant), this point is called the elbow point. After k = 3, the decrease in WSS is not significant even
though the number of clusters increases. Based on the Elbow Method graph, 3 clusters is the most optimal number.
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This is in accordance with the research objective to group students into Guidance Groups (Remedial), Potential
Groups, and Superior Groups. In accordance with the specified parameters (centers = 3), the data has been grouped
into 3 clusters. From the analysis results, the cluster size is obtained, namely in cluster 1 there are 5 students,
cluster 2 there are 22 students and cluster 3 there are 8 students. Furthermore, from this analysis, the average

variable in each cluster is also known, as shown in Table 1.
Jumlah Klaster dengan Elbow Method
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Figure 1 Number of Clusters with EIbow Method

Based on Table 1, the average of each variable in each cluster (Cluster Means) shows that Cluster 1 has a
significant negative value in almost all subjects. This indicates that students in Cluster 1 have lower-than-average
scores, thus requiring additional guidance or remedial work. Cluster 2 has positive values in almost all subjects,
indicating that students in this cluster have high performance and are included in the superior group. Meanwhile,
Cluster 3 has varied scores, with some subjects still below average but not extreme. This indicates that students
in this cluster have average performance (potential) and need to strengthen the focus on weaknesses.

Table 1. Average of Each Variable in Each Cluster

Subjects | Cluster 1 (Bimbingan) | Cluster 2 (Unggul) | Cluster 3 (Potensial)
PAI -1.32 0.35 -0.14
PNCSL -2.03 0.51 -0.13
BIN -1.68 0.57 -0.55
BING -.1.69 0.50 -0.32
MTK -.1.69 0.48 -0.27
BDAE -1.88 0.39 0.09
SJRH -1.15 0.63 -1.00
IPAS -2.04 0.54 -0.21
PJOK -1.62 0.30 0.17
INF -1.42 0.36 -0.10
SNRP -1.53 0.62 -0.75
KEJUR -1.56 0.37 -0.04

In measuring the variation of data in each cluster, the Within-cluster sum of squares shows the results of
measuring the variation of data in each cluster, namely cluster 1 obtained 58.03, cluster 2 obtained 72.88, and
cluster 3 obtained 33.56. In addition, between_ss or total _ss = 59.7%. This means that 59.7% of the variation in
the data can be explained by the division into 3 clusters. With a percentage of 59.7%, it can be said that the
grouping is quite informative and the quality of the grouping can be considered quite good. The following in table
2 are the results of cluster grouping.
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Table 2. Group Results Based on Clusters

ID Cluster Cluster Label

Siswa 1 2 Unggul
Siswa 2 1 Bimbingan
Siswa 3 2 Unggul
Siswa 4 3 Potensial
Siswa 5 2 Unggul
Siswa 6 3 Potensial
Siswa 7 2 Unggul
Siswa 8 3 Potensial
Siswa 9 1 Bimbingan
Siswa 10 2 Unggul
Siswa 11 3 Potensial
Siswa 12 2 Unggul
Siswa 13 1 Bimbingan
Siswa 14 2 Unggul
Siswa 15 2 Unggul
Siswa 16 2 Unggul
Siswa 17 2 Unggul
Siswa 18 2 Unggul
Siswa 19 3 Potensial
Siswa 20 3 Potensial
Siswa 21 2 Unggul
Siswa 22 1 Bimbingan
Siswa 23 3 Potensial
Siswa 24 2 Unggul
Siswa 25 2 Unggul
Siswa 26 3 Potensial
Siswa 27 2 Unggul
Siswa 28 2 Unggul
Siswa 29 2 Unggul
Siswa 30 2 Unggul
Siswa 31 2 Unggul
Siswa 32 1 Bimbingan
Siswa 33 2 Unggul
Siswa 34 2 Unggul
Siswa 35 2 Unggul

The visualization of the K-Means Clustering results in Figure 2 shows that the data is grouped into three
clusters marked with different colors, namely cluster 1 marked in red with a circle symbol, cluster 2 marked in
green with a triangle symbol, and cluster 3 marked in blue with a square symbol. Cluster 1 is located on the right
and appears to have a fairly large area but has fewer members than the other clusters. This indicates that the
variation of the data in this cluster is higher. Cluster 2 has a more elongated area with a fairly dense data
distribution. This cluster appears to have the largest number of members compared to the other clusters. Cluster 3
is located in the middle with a smaller area, indicating that the data in this cluster is more concentrated and has
lower variation. The centroid of each cluster is also shown as a larger symbol in each cluster. This centroid
represents the average position of cluster members in the visualized dimension. The horizontal axis Dim1 shows
that 64% of the data variation is explained by this dimension. Meanwhile, the vertical axis Dim2 shows that 8.1%
of the data variation is explained by this dimension.
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Visualisasi Klaster Siswa dengan Centroid
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Figure 2. Visualization of Clustering Results

Based on the visualization results, it can be concluded that clustering successfully divided the data into three
groups with separate distributions and clear centroids. Cluster 1 has greater internal variation, while Cluster 3
appears more compact. Most of the data variation can be explained by the first dimension (Diml), which
dominates the explanation of total variation.

4.2. Clustering for Vocational Education
4.2.1. The relationship between value patterns and clustering
a. Students in Cluster 1 (Guidance Group)

Students in this cluster had significantly negative scores in almost all subjects, indicating low performance
compared to the average. This cluster had the fewest members, at 5 students, but had quite high data variation
with a Within-Cluster Sum of Squares (WSS) of 58.03. Students in this cluster require additional guidance or
remedial programs to improve their understanding of the material and basic skills. Recommended learning
approaches include more structured instruction, the provision of supporting modules that facilitate understanding
of basic concepts, and intensive mentoring through peer tutors or support teachers. Furthermore, it is important to
provide additional motivation to students in this cluster to increase their motivation in the learning process.

b. Students in Cluster 2 (Superior Group)

This cluster comprises 22 students, the largest among the other clusters. Students in this group have positive
grades in almost all subjects, demonstrating superior and consistent academic performance. This cluster has a
dense data distribution with a WSS of 72.88, reflecting a group of students who are actively engaged and ready
to accept more complex learning challenges. Recommended approaches include providing accelerated programs,
participation in academic and non-academic competitions, and opportunities to lead collaborative projects in class.
Furthermore, students in this cluster can also be directed to contribute as mentors or peer tutors to students in
other clusters, which not only helps other students but also improves their leadership skills.

c. Students in Cluster 3 (Potential Group)

Students in this cluster have varying scores, with some subjects performing below average, but not extremely
so. This cluster consists of eight students with lower internal variation than other clusters (WSS of 33.56). Students
in this group show significant potential for growth with appropriate intervention, particularly in strengthening
weaknesses in specific subjects. This group requires enrichment programs designed to maximize their potential.
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Enrichment programs can include project-based learning activities, specific skills training relevant to industry
needs, or academic challenges designed to broaden horizons and enhance problem-solving skills. By providing
additional support in the form of enrichment programs, students in this cluster can develop further and achieve
higher academic performance.

4.2.2. Opportunities for application in learning strategies

The results of this clustering provide valuable insights for educators in designing more adaptive and data-
driven learning strategies. The clustering results can be implemented in various ways, including:
a. Create a More Personal Teaching Plan

Clustering allows educators to understand the specific needs of each group of students based on their grade
patterns. With this information, educators can develop more personalized and relevant teaching plans. For
example, guidance group or cluster 1 focuses on developing a remedial learning program specifically designed to
help students grasp basic concepts that are still difficult. The teaching plan should be more intensive with an
individual or small group approach. Meanwhile, the superior group or cluster 2 challenges students through
technology-based projects, problem-based learning (PBL) activities, or advanced skill development to maximize
their potential. Finally, the potential group or cluster 3 provides additional learning that focuses on reinforcing
concepts in subjects where students are still weak and encouraging exploration to develop potential.

b. Developing an Evaluation Strategy Based on Specific Needs

Learning evaluation can be tailored to the needs of each cluster. For students in the guidance group or cluster
1, regular formative evaluations are implemented, providing quick and clear feedback so they can correct mistakes
early. For students in the superior group or cluster 2, evaluation strategies can include project-based assessments,
collaborative assignments, or challenging academic competitions to gauge deeper understanding. For the potential
group or cluster 3, a combination of formative and summative evaluations can be used to monitor student progress
and identify areas for further improvement.

c. Allocating Learning Resources Effectively

The implementation of clustering allows schools and educators to allocate learning resources, such as time,
teaching staff, and learning aids, more effectively. Students in guidance group or cluster 1 prioritize teacher time
allocation, more interactive teaching media, and additional supporting resources such as remedial modules and
tutorial-based technology. Students in the superior group or cluster 2 allocate more complex learning resources
such as access to technology simulations, digital laboratories, and more challenging enrichment materials.
Meanwhile, students in the potential group or cluster 3 can focus resources on boosting student learning motivation
by providing additional training, group tutoring, and the use of technology that facilitates in-depth concept
exploration.

4.3. Limitations and Implications

This study has several limitations that should be considered. First, the sample size was relatively small,
involving only 35 students, so the results may not be widely generalizable to a larger population. This small sample
size may also affect the reliability of the statistical analysis and clustering results. Second, this study only used
academic grades as the basis for clustering, without considering other factors that also influence learning, such as
student motivation, learning behavior, attendance levels, or psychosocial conditions. These factors could provide
more comprehensive insights into the dynamics of student learning. Third, the K-Means algorithm used in this
study has inherent limitations, such as its inability to handle non-linear data or clusters with unbalanced sizes and
shapes. Furthermore, the algorithm's clustering results are highly dependent on the initial centroid initialization,
which could potentially produce suboptimal solutions if initialization is performed randomly.

The implications of this research underscore the importance of using multidimensional data in personalized
learning, particularly in the context of vocational education. By considering various aspects of the data, including
academic grades, motivation, practical skills, and even non-academic indicators such as interests and career
inclinations, this data-driven approach can help educators design learning strategies that are more adaptive and
relevant to individual students' needs. For further development, it is recommended that future research utilize
more sophisticated methods, such as fuzzy clustering algorithms, which are capable of handling data with unclear
or overlapping cluster boundaries. Furthermore, the use of artificial intelligence-based methods, such as artificial
neural networks or decision tree algorithms, can help identify more complex patterns in the data and provide more
accurate and robust results.

27



Journal of Applied Informatics Research Vol 01 No 01 (2025) pp. 21~29

5. CONCLUSION

This study successfully applied the K-Means algorithm to group students based on their academic scores into
three clusters with unique characteristics. This clustering provides valuable insights for personalized learning
strategies in vocational education. Students in the Guidance Cluster require intensive approaches, such as
additional tutoring or remedial programs. Students in the Potential Cluster require reinforcement in specific
subjects through project-based learning or specialized training programs. Students in the Excellence Cluster can
be optimized through acceleration programs and involvement in collaborative projects. The results of this study
support the importance of using multidimensional data to understand student needs and design more adaptive
learning strategies.

ACKNOWLEDGEMENTS

The author would like to express gratitude to all parties who supported this research. The author especially
extends appreciation to Surabaya State University, particularly the Faculty of Vocational Studies and the Diploma
4 Informatics Management Study Program, for the facilities provided during the system design and testing
process. The author also thanks fellow lecturers who assisted in the preparation of this article. It is hoped that the
results of this research will contribute positively to the development of vocational classes in the future.

REFERENCES

[1]  United Nations. (2015). Transforming our world: The 2030 agenda for sustainable development.
A/RES/70/1 (21 October 2015). (Accessed 27 November 2024)

[2] L. Clarke, C. Winch, Vocational Education, first ed., Routledge, London, 2007
https://doi.org/10.4324/NOE0415380607

[3] P. Sudira, TVET Abad XXI Filosofi, Teori, Konsep, Dan Strategi Pembelajaran Vokasional, 2016, 0274.

[4] W. Xiong, A strategic analysis of improving the quality of english teaching in colleges and universities,
Rev. Educ. Theory 3 (2) (May 2020) 83—86, https://doi.org/10.30564/ret.v3i2.1617

[5] Y. Sun, M. Jiang, An evaluation model for the teaching reform of the physical education industry, Discrete
Dyn. Nat. Soc. 21 (9) (Oct, 2021) 1-7, https://doi.org/10.1155/2021/7147554

[6] S. Xu, An Apriori algorithm to improve teaching effectiveness, IPJE 16 (5) (Jan, 2020) 792-799,
https://doi.org/10.23940/ijpe.20.05.p13.792799

[7] Abdullahi, M. R., Lu, Q., Hussain, A., Tripura, S., Xu, P., Wang, S. (2024). Location optimization of EV
charging stations: A custom K-means cluster algorithm approach. Energy Reports journal,
https://doi.org/10.1016/j.egyr.2024.09.075

[81  S. Dewi, S. Defit, Y. Yuhandri, Akurasi pemetaan kelompok belajar siswa menuju prestasi menggunakan
metode K-means, JSIT 12 (6) (Sep, 2021) 28-33, https://doi.org/10.37034/jsisfotek.v3i1.98

[9] Lima, M., Soares, W.L., Silva, I., Fagundes, R., 2020. A combined model based on clustering and
regression to predicting school dropout in higher education institution. Int. J. Comput. Appl 176, 1-8.

[10] S. Li, T. Shi, J. Kuang, Exploration and practice of informatization means in the quality supervision of
college classroom teaching, J. Phys.: Conf. Ser. IOP Publish. 1345 (4) (Jun, 2019) 3242,
https://doi.org/10.1088/1742-6596/1345/4/042032

[11]  Trivedi, S., Patel, N., 2020. Clustering students based on virtual learning engagement, digital skills, and e-
learning infrastructure: Applications of k-means, dbscan, hierarchical, and affinity propagation clustering.
Sage Science Review of Educational Technology 3, 1-13.

[12] H. Helmi, M. Zuraini, W. Ismail, R. Hendradi, A. Justitia, Students activity recognition by heart rate
monitoring in classroom using k-means classification, J. Inf. Sci. Eng. 6 (1) (Apr, 2020) 4654,
https://doi.org/10.20473/jisebi.6.1.46-54

[13] L. Sun, J. Hong, The exploration and practice of a new evaluation system of undergraduate classroom
teaching quality in wuniversities, Int. J. Front. Sociol. 3 (14) (Oct, 2021) 47-51,
https://doi.ore/10.25236/1JFS.2021.031410

[14] Sirait, K., Nababan, E.B., etal., 2017. K-means algorithm performance analysis with determining the value
of starting centroid with random and kd-tree method, in: Journal of Physics: Conference Series, IOP
Publishing. p. 012016.

[15] Ahlawat, R., Sahay, S., Sabitha, S., Bansal, A., 2016. Analysis of factors affecting enrollment pattern in
indian universities using k-means clustering, in: 2016 International Conference on Information Technology
(InCITe)-The Next Generation IT Summit on the Theme-Internet of Things: Connect your Worlds, IEEE.
pp. 321-326.

28


https://doi.org/10.4324/NOE0415380607
https://doi.org/10.30564/ret.v3i2.1617
https://doi.org/10.1155/2021/7147554
https://doi.org/10.23940/ijpe.20.05.p13.792799
https://doi.org/10.1016/j.egyr.2024.09.075
https://doi.org/10.37034/jsisfotek.v3i1.98
https://doi.org/10.1088/1742-6596/1345/4/042032
https://doi.org/10.20473/jisebi.6.1.46-54
https://doi.org/10.25236/IJFS.2021.031410

Journal of Applied Informatics Research Vol 01 No 01 (2025) pp. 21~29

[16] Raval, U.R,, Jani, C., 2016. Implementing & improvisation of k-means clustering algorithm. International
Journal of Computer Science and Mobile Computing 5, 191-203.

[17] Sari, 1., Maseleno, A., Satria, F., Muslihudin, M., 2018. Application model of k-means clustering: insights
into promotion strategy of vocational high school. International Journal of Engineering & Technology 7,
182-187.

[18] Davari, M., Noursalehi, P., Keramati, A., 2019. Data mining approach to professional education market
segmentation: a case study. Journal of Marketing for Higher Education 29, 45-66.

[19] Cui, M., et al., 2020. Introduction to the k-means clustering algorithm based on the elbow method.
Accounting, Auditing and Finance 1, 5-8.

[20] Syakur, M., Khotimah, B., Rochman, E., Satoto, B.D., 2018. Integration k-means clustering method and
elbow method for identification of the best customer profile cluster, in: IOP conference series: materials
science and engineering, IOP Publishing. p. 012017.

[21] Z. Chen, et al., The teaching strategy of socio-political education by deep learning under educational
psychology, Front. Psychol. 13 (2022) 910677

AUTHOR BIOGRAPHY

Rosita is a lecturer in the Department of Informatics Management, Surabaya State University,
Indonesia. She earned a Bachelor of Education (S.Pd.) from Surabaya State University in
Information Technology Education. She also earned a Master of Education (M.Pd.) from
Surabaya State University in Vocational Technology Education. Her primary research interests
are the Development of Computer-Based Learning Media and Innovative Technology-Based
Learning Models. She can be contacted via email at rositarosita@unesa.ac.id.

Fitria is a lecturer in the Department of Informatics Management, Surabaya State University,
Indonesia. She earned a Bachelor of Education (S.Pd.) from Makassar State University in
Informatics and Computer Engineering. She earned a Master of Education (M.Pd.) from
Makassar State University in Technology and Vocational Education. She also earned a Doctorate
(Dr.) from Makassar State University in Vocational Engineering Education. Her primary
research interests are the Development and Implementation of Online Learning Models. She can
be contacted via email at fitriafitria@unesa.ac.id.

29



