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ABSTRACT 
Purpose – This study aims to compare the performance of K-Means and 
DBSCAN algorithms in clustering vocational high school students’ learning 
outcomes in the Network Administration subject to support data-driven 
educational decision making. 
Methods – A quantitative experimental approach was employed using 
secondary academic data from vocational students. The variables analyzed 
included final examination scores, midterm examination scores, assignments, 
attendance, attitudes, and learning activities. Clustering was conducted using K-
Means and DBSCAN algorithms implemented through data analysis software. 
Cluster quality and separation were evaluated using silhouette coefficients to 
assess the effectiveness of each algorithm in grouping student learning 
outcomes. 
Findings – The results show that K-Means produces relatively stable and 
interpretable clusters when student performance data exhibit more uniform 
distributions. In contrast, DBSCAN demonstrates stronger capability in 
handling noisy data and identifying students with extreme performance levels 
as outliers. Both algorithms successfully reveal meaningful patterns in student 
learning outcomes, but differ in their sensitivity to data distribution and noise. 
Research limitations – This study is limited to a single vocational subject and 
one institutional context, which may restrict the generalizability of the findings 
to other vocational domains. 
Originality – This study provides empirical evidence on the comparative 
performance of partition-based and density-based clustering algorithms using 
multi-indicator learning outcome data in vocational education. 
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INTRODUCTION 

The rapid development of information and communication technology has significantly increased the 

use of data across various sectors, including education, fundamentally transforming how educational 

institutions operate and manage information. Advances in digital systems have enabled schools and 

other educational organizations to systematically collect, store, and manage large volumes of data 

related to academic performance, learning activities, and student behavior in an increasingly 

integrated manner (Baig et al., 2020; Gros & García-Peñalvo, 2023). The widespread implementation 

of learning management systems, digital assessment platforms, and electronic academic records has 

contributed to the emergence of data-rich educational environments in which data are no longer 

used solely for administrative reporting but also as a strategic resource for improving educational 

quality and effectiveness (Aldowah et al., 2020; Daniel, 2020; Fenglei Ma et al., 2025; Picciano, 2022).  

This transformation has strengthened the reliance on data analysis methods to support data-driven 

decision making at institutional, instructional, and policy levels. In the context of education in 

Indonesia, the utilization of data has become an essential component of efforts to enhance learning 

quality, accountability, and transparency. As the volume of available data continues to grow, 

particularly data related to student learning outcomes, academic achievement, and learning 

behaviors, there is an increasing need for analytical techniques capable of identifying meaningful 

patterns, trends, and relationships that can generate actionable insights to support educational 

improvement and informed decision making (Dutt et al., 2023; Luqman Ibrahim & Mohammed, 

2022). One analytical approach that has gained considerable attention in response to these needs is 

data mining, which enables the extraction of useful and previously unknown information from large, 

complex, and heterogeneous datasets. Through data mining, hidden structures, associations, and 

patterns that are not readily observable through conventional statistical analysis can be uncovered 

and interpreted, making it particularly suitable for analyzing complex educational data (Narang et 
al., 2024; Romero & Ventura, 2023). In educational contexts, data mining techniques have been 

widely applied to analyze multiple dimensions of student learning, including academic achievement, 

learning behavior, and engagement, with clustering algorithms playing a crucial role in grouping 

students based on similarities across academic and non-academic characteristics to support a deeper 

understanding of student diversity and learning patterns and to inform more targeted instructional 

strategies (Utomo, 2023). 

The application of clustering techniques is particularly relevant in Vocational High Schools (Sekolah 

Menengah Kejuruan or SMK) in Indonesia, where the goals, structure, and learning processes of 

education differ substantially from those of general secondary education. Vocational education is 

designed to equip students with practical skills, technical competencies, and professional attitudes 

that are aligned with labor market demands, emphasizing the integration of theoretical knowledge 

with hands-on practical application. However, SMKs face substantial challenges in improving 

learning quality, including heterogeneous student backgrounds, variations in prior academic ability, 

differences in motivation and learning styles, and the complexity of aligning instructional content 

with industry requirements (Irnanda et al., 2025; Safii et al., 2021). These conditions make it difficult 

to apply uniform instructional approaches that can effectively address the diverse needs of all 

students. In this context, the effective use of student data becomes increasingly important as a basis 

for understanding learning conditions and supporting instructional improvement. The utilization of 

data mining methods in SMKs is therefore viewed as a strategic approach to supporting evidence-

based decision making and improving learning quality in vocational education, as it allows educators 

and school administrators to analyze student data systematically and objectively to identify patterns 

that may not be visible through traditional evaluation methods (Salman et al., 2025). Vocational 

schools generate a wide range of student-related data that can be leveraged for analytical purposes, 

including midterm and final examination scores, assignment results, attendance records, classroom 
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participation, attitudes, and levels of learning activity. When analyzed collectively, these academic 

and non-academic variables provide a more comprehensive representation of student performance 

that extends beyond academic outcomes alone and supports the identification of meaningful learning 

patterns and student profiles (Divayana & Adiarta, 2024; Oyelade et al., 2020; Shahiri et al., 2022). 

Numerous studies have demonstrated the potential of clustering algorithms in educational data 

analysis by showing their ability to group students based on similarities across multiple criteria and 

to reveal patterns that are not easily identified through traditional analytical approaches. Clustering 

algorithms such as K-Means and DBSCAN have been shown to be effective in grouping students based 

on both academic and non-academic variables, thereby supporting educational decision making by 

providing data-driven insights into student performance and learning behavior (Hasibuan et al., 

2024). Despite this demonstrated potential, the application of clustering techniques in vocational 

education remains relatively limited, particularly in studies that focus on specific vocational subjects 

such as Network Administration. In educational data mining, various clustering algorithms are 
available, each with distinct assumptions and analytical characteristics. K-Means is widely used due 

to its simplicity and computational efficiency but requires the number of clusters to be specified in 

advance and is sensitive to outliers, whereas DBSCAN applies a density-based approach that enables 

the identification of irregular cluster shapes and the detection of noise in datasets with uneven 

distributions (Rahman et al., 2025). Previous studies examining the application of these algorithms 

in educational contexts have often focused on general datasets, such as school dropout data, or lower 

levels of education, and have frequently relied on relatively small or homogeneous datasets, limiting 

their applicability to vocational education contexts that involve more complex and multidimensional 

data structures (Enjelika et al., 2025; Utomo, 2023). 

The application of K-Means and DBSCAN to SMK student data is therefore especially important due 

to the multidimensional and complex nature of vocational education variables, which include 

academic performance indicators, behavioral attributes, attitudes, and levels of student activity that 

differ in scale and distribution. These characteristics increase the complexity of clustering analysis 

and highlight the need for a careful evaluation of algorithm performance when applied to vocational 

school data. Understanding how different clustering algorithms perform under these conditions is 

essential for selecting appropriate analytical methods and for ensuring that clustering results 

accurately reflect student learning patterns. Consequently, a systematic comparison of K-Means and 

DBSCAN in the context of SMK student data, particularly within subject-specific learning 

environments such as Network Administration, is necessary to address existing research gaps and to 

support the development of more personalized, effective, and data-informed learning strategies in 

vocational education. 

 
METHOD 

This study aims to compare the performance of two clustering algorithms, namely K-Means and 
DBSCAN, in grouping the learning outcomes of vocational high school students in the subject of 
Network Administration based on several variables, such as final exam scores, midterm exam scores, 
assignments, attitude, and activity. This study uses a quantitative approach with an experimental 
research design. An experimental design was chosen because it allows researchers to evaluate and 
compare the clustering results produced by both algorithms based on data collected from students. 
In addition, this study aims to measure the effectiveness of each algorithm in grouping students 
based on their learning outcomes, as well as to compare the accuracy and stability of the clustering 
results. 
The data used in this study is secondary data obtained from the academic records of vocational high 
school students in the Network Administration subject. The data included final exam scores, midterm 
exam scores, assignments, attitude, and activity given by teachers during one semester. The data 
collection method used was documentation, where the necessary data was taken directly from the 
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school's academic archives containing records of student exam scores and evaluations. All of the data 
was then analyzed to determine the grouping patterns that could be found using the two selected 
algorithms. 
The population in this study was all vocational high school students enrolled in the Network 
Administration course during that semester. The sample used in this study was 100 students taken 
from several classes using stratified sampling techniques to ensure that each class category (e.g., 
classes with high, medium, and low grades) was represented in the sample. The stratified sampling 
technique was used to minimize bias in sample selection and to ensure that different class 
characteristics were reflected in the sample taken. This sample selection was important so that the 
research results could be generalized to a wider population. 
The instruments used in this study were data analysis software, namely Orange for the 
implementation of the K-Means and DBSCAN algorithms. In addition, for data validation and 
reliability, descriptive statistical tests, such as mean and standard deviation, were used to examine 
the distribution of student learning outcomes data before the clustering process. Furthermore, 
reliability testing was conducted using a stability test technique, which involved comparing the 
clustering results obtained in different experiments with the same data. This was important to ensure 
that the model built could produce consistent and reliable results. 
The data analysis techniques used for this study are clustering analysis using the K-Means and 
DBSCAN algorithms. The K-Means algorithm will be used to group student data based on the 
variables mentioned above, namely final exam scores, midterm exam scores, assignments, attitude, 
and activity. The DBSCAN (Density-Based Spatial Clustering of Applications with Noise) algorithm 
will be used as a comparison because this algorithm is capable of identifying clusters with uneven 
density and can handle data with noise or outliers. The results of these two algorithms will be 
evaluated using the silhouette score metric, which measures how well each data point is in a cluster 
that suits it.  
To test the hypothesis, a comparison was made between the clustering results produced by K-Means 
and DBSCAN in terms of stability, accuracy, and ability to identify patterns in the data. The testing 
was conducted using inferential statistical tests, such as the t-test, to compare the average cluster 
values between the two algorithms. The significance level used was 0.05, which means that the 
statistical test results were considered significant if the p-value obtained was less than 0.05. The 
software used for data analysis was Orange. 

 

Figure 1. Research Framework 

RESULTS AND DISCUSSION 

The K-Means clustering analysis divided 172 students into two main clusters based on attendance, 

attitude, activity, assignments, midterm exams, and final exams, with grouping primarily determined 

by total score consistency. Students in Cluster C1 included those categorized as “Low,” such as Faiza 

Hudriyah with a total score of 485 and a silhouette score of 0.57342, indicating relatively focused 

clustering of lower-performing students, while other students such as Febry Yuni Usman in the same 
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cluster achieved higher total scores of 540 and were classified as “Medium,” reflecting a more 

balanced performance range between 505 and 550. These results indicate that K-Means effectively 

grouped students according to relatively uniform performance levels, although some clusters 

remained broad and heterogeneous due to variations in data density, a characteristic commonly 

observed when K-Means is applied to datasets with mixed distributions (Xu & Tian, 2015). In 

contrast, the DBSCAN algorithm demonstrated a different clustering behavior by leveraging data 

density to identify groups and isolate noise, making it more suitable for educational data with high 

variability. For instance, Muhammad Fikri R with a score of 497 was identified as an outlier, 

illustrating DBSCAN’s ability to separate students with performance patterns that deviate 

substantially from the majority and to handle noise and outliers more effectively than K-Means in 

diverse educational contexts. 

Table 1.  K-Means 
STUDEN

T NAME 

Cluste

r 

Silhouett

e 

GROUPIN

G 

ATTENDANC

E 

ATTITUD

E 

ACTIVIT

Y 

TAS

K 

Uts Ua

s 

Tota

l 

Faiza 

hudriya

h 

C1 0.57342 Low 90 70 80 80 80 85 485 

Ferdy 

pradana 

arwanto 

C1 0.592928 Low 80 80 80 80 80 85 485 

Ghina 

putri 

anjani 

C1 0.543808 Low 90 20 80 90 10

0 

85 465 

M rasyah C1 0.557295 Low 70 20 100 100 10

0 

85 475 

Muh. 

Helmi 

C1 0.584584 Low 80 70 80 80 80 85 475 

Cluster 2 

(sedang) 

          

Febry 

yuni 

usman 

C2 0.529231 Medium 90 60 100 100 10

0 

90 540 

Imbran 

gunawa

n 

C2 0.564721 Medium 100 80 80 80 80 85 505 

Ita 

purnam

a sari 

harahap 

C2 0.565401 Medium 70 100 100 100 80 85 535 

Kharin 

nur 

hikmah 

C2 0.579622 Medium 90 70 80 100 80 85 505 

M arif 

rahmat 

C2 0.598091 Medium 90 90 90 80 80 85 515 

Cluster 3 

(tinggi) 

          

M 

syahrul 

C3 0.591753 Medium 70 100 100 80 80 90 520 
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M. Aqsan 

qadri 

C3 0.565401 Medium 70 100 100 100 80 85 535 

M. Yusri C3 0.594199 Medium 80 100 80 80 80 85 505 

Muh 

raditya 

adha 

C3 0.560747 Medium 70 100 100 100 80 90 540 

Muh 

ridwan 

C3 0.502971 Medium 95 95 92 85 81 10

0 

548 

 

DBSCAN produces more dense clusters with fewer outliers, and these clusters tend to be more 
homogeneous than those produced by K-Means. In a study by Cahapin, Malabag, Santiago, Reyes, 
Legaspi, and Adrelas (2023), it was found that DBSCAN is very effective in detecting more complex 
patterns in educational data, especially for students with extreme scores. In their study, DBSCAN 
helped map student data that might have been overlooked by other clustering methods, and similar 
findings were observed in this study, where students with significantly different scores could be 
clearly identified. However, DBSCAN also has challenges in terms of determining the right 
parameters, which can affect the final results of the clustering (Cahapin et al., 2023). 
 

Table 2. DBSCAN 

STUDENT 

NAME 

Cluste

r 

Cor

e 

GROUPIN

G 

ATTENDANC

E 

ATTITUD

E 

ACTIVIT

Y 

TAS

K 

Ut

s 

Ua

s 

Tota

l 

Andi fachri 

keyza 

aqiela 

C1 1 Medium 100 80 100 100 85 58 523 

Muhamma

d asrul 

C1 1 Medium 100 100 60 100 85 84 529 

Achmad 

yani 

mansyur 

C1 1 Medium 100 100 80 100 85 84 549 

Adinda C1 1 Medium 100 100 80 100 85 84 549 

Afnan 

naufal 

C1 1 Medium 100 100 80 100 85 72 537 

Cluster 2 

(sedang) 

          

Agung 

wicaksono 

C2 1 Medium 100 100 80 100 85 76 541 

Ahmaed 

farizhi c1 

C2 1 Medium 100 100 80 100 85 84 521 

Achmad 

wicaksono 

C2 1 Medium 100 100 90 100 85 84 545 

Muhamma

d razak c1 

C2 1 Medium 100 100 85 100 85 90 570 

Karya 

kardimov 

C2 1 Medium 100 100 75 100 85 70 530 

Cluster 3 

(tinggi) 

          

Achmad 

yani 

mansyur 

C3 1 Medium 100 100 80 100 85 84 545 

Cinta dwi 

kurnia 

C3 1 Medium 100 100 85 100 85 90 590 

Bima dwi 

santoso 

C3 1 Medium 100 100 80 100 85 90 550 
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Rama 

ananda 

tirta 

C3 1 Medium 100 100 75 100 85 80 540 

Muhamma

d fadhly 

C3 1 Medium 100 100 80 100 85 70 530 

 

From the comparison between K-Means and DBSCAN, it can be concluded that both algorithms have 
their own strengths and weaknesses. K-Means is superior in terms of grouping students based on the 
uniformity of their scores, and can provide more stable results when the data distribution is 
relatively even. However, K-Means tends to have difficulty handling data that contains a lot of noise, 
which is a major problem in many groupings in educational data. Meanwhile, DBSCAN excels at 
identifying isolated students or those with very high or low performance, but tends to produce 
smaller clusters with more noise or unclustered data (Hooshyar et al., 2023). 
The analysis shows that although both methods produce similar results in terms of cluster division 
based on academic performance, DBSCAN has an advantage in handling data with more noise and 
outliers. Students with very high or low performance, who may not be grouped well in K-Means, are 
clearly identified by DBSCAN as outliers. These results are consistent with the findings by DeFreitas 
and Bernard (2015), which show that DBSCAN is more effective in situations where data has an 
uneven distribution or contains many anomalies (DeFreitas & Bernard, 2015). 
Related research on the use of K-Means and DBSCAN in educational data clustering shows results 
consistent with these findings. Omer, Mohammed, Awadallah, Abrar, and Shah (2022) explain that K-
Means is very useful in clustering data that has a uniform and clear distribution, but can lose detail 
when the data contains noise or anomalies. Conversely, Nafuri, Zani, Zainudin, Rahman, and Aliff 
(2022) found that DBSCAN can cluster data better when dealing with students with extreme scores 
or uneven distributions, such as in the context of educational data that is full of performance 
variations (Fawzia Omer et al., 2022; Mohamed Nafuri et al., 2022). 
 

CONCLUSION 

This study demonstrates that clustering techniques can be effectively applied to analyze student 
learning outcomes in Vocational High Schools (SMK) by incorporating both academic and non-
academic variables, including attendance, attitudes, activity levels, assignments, midterm exams, and 
final exams. The findings indicate that both K-Means and DBSCAN are capable of grouping students 
based on learning performance patterns; however, each algorithm exhibits distinct characteristics 
that influence clustering outcomes. K-Means performs well in datasets with relatively uniform 
distributions by producing stable and interpretable clusters that reflect general performance levels, 
making it suitable for identifying broad categories of student achievement. Nevertheless, its 
sensitivity to noise and outliers limits its effectiveness when applied to heterogeneous educational 
data. 
In contrast, DBSCAN demonstrates a stronger ability to handle noisy data and to identify students 
with extreme performance levels by treating them as outliers rather than forcing them into 
predefined clusters. This capability allows DBSCAN to provide a more nuanced representation of 
student performance diversity, which is particularly valuable in vocational education contexts 
characterized by varied student backgrounds and learning behaviors. Overall, the results suggest that 
the choice of clustering algorithm should be aligned with the characteristics of the dataset and the 
analytical objectives. For SMK learning data that are multidimensional and heterogeneous, DBSCAN 
offers advantages in capturing irregular patterns, while K-Means remains useful for generating 
general performance groupings. These findings contribute to the application of educational data 
mining in vocational education and support the development of more data-informed and targeted 
instructional strategies. 
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