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Abstract− Student achievement assessment in educational institutions is often conducted manually by relying on average scores 

or class rankings, making the results less objective and unable to represent students’ overall academic conditions. This study aims to 

implement the K-Means Clustering algorithm to classify student achievement using academic performance indicators. The dataset 

consists of 10 student records with four variables: average score, examination score, attendance percentage, and assignment score. The 
research stages include data collection, data validation, Min-Max normalization, initial centroid selection, Euclidean Distance 

calculation, cluster formation, centroid updating, and interpretation of clustering results. The number of clusters was set to K=3, 

representing high, medium, and low achievement categories. The results show that Cluster C1 consists of 4 students with high 

achievement, Cluster C2 consists of 3 students with medium achievement, and Cluster C3 consists of 3 students with low achievement. 
The final centroid values indicate that Cluster C1 has the strongest academic performance, while Cluster C3 requires more intensive 

academic support. These findings demonstrate that K-Means Clustering can classify student achievement objectively and support data-

driven educational decision-making, academic guidance, and targeted learning strategy development. 
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1. INTRODUCTION 

The rapid development of information technology has brought significant changes in various fields, including 

education. One positive impact of this development is the availability of large amounts of data that can be used to improve 

the quality of the learning process and decision-making[1]. Student academic data, such as grades, attendance, and 

activity, are invaluable sources of information when processed using appropriate methods[2]. However, in reality, many 

educational institutions have not utilized this data optimally, so the important information contained therein cannot be 

utilized to its full potential[3]. Student achievement assessment is an important aspect in the world of education. Student 

achievement not only reflects academic ability but also serves as the basis for determining various policies, such as 

awarding awards, determining development programs, and evaluating learning methods[4]. However, the process of 

assessing student achievement is often still carried out conventionally, namely by looking at average grades or class 

rankings. This approach tends to be simplistic and is less able to describe the actual conditions, because it does not 

consider various other factors that influence student achievement as a whole[5]. 

Furthermore, subjectivity in assessment is also a fairly common problem. Determining the categories of high-

achieving students is often influenced by individual perceptions, resulting in less objective and consistent results[6]. On 

the other hand, the increasing amount of student data also presents challenges for schools in conducting manual 

analysis[7]. This makes the decision-making process less effective and potentially results in inappropriate policies[8]. To 

address these issues, a data-driven approach is needed that can systematically process and analyze data. One approach 

that can be used is data mining[9]. Data mining is the process of extracting patterns or important information from large 

data sets using specific techniques[10]. In the educational context, data mining can be used to identify student achievement 

patterns, group students based on specific characteristics, and support more accurate and objective decision-making[11]. 

One popular method in data mining is the K-Means Clustering algorithm. This method is used to group data into 

several clusters based on the level of similarity between the data[12]. K-Means works by determining a number of cluster 

centers (centroids), then grouping the data based on the closest distance to the centroid. This process is carried out 

iteratively until optimal clustering results are obtained[13]. The advantage of the K-Means method is its ability to process 

large amounts of data with a relatively fast and simple process[14]. In this study, the K-Means Clustering algorithm was 

used to analyze student achievement data with the aim of grouping students into several categories, such as high, medium, 

and low achievers[15]. This grouping is based on various relevant attributes, such as academic grades, attendance levels, 

and student activeness in learning activities. By using this approach, it is hoped that the clustering results can provide a 

clearer and more objective picture of the condition of student achievement[16]. 

The application of the K-Means Clustering method to student achievement data analysis has several benefits[17]. 

First, this method can help schools understand student characteristics more deeply. Second, the clustering results can be 

used as a basis for designing more effective and targeted learning strategies. Third, this method can also help determine 

policies related to awarding and coaching programs for students who require special attention. Furthermore, this research 

is expected to encourage the use of data mining technology in education, particularly in academic data management. With 

a data-based analysis system, decision-making can be carried out more quickly, precisely, and objectively. This will 

certainly have a positive impact on improving the overall quality of education. 
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Therefore, this research is crucial to optimize the use of student academic data through the application of the K-

Means Clustering algorithm. The results of this study are expected to not only contribute to the development of science 

but also provide practical benefits for educational institutions in improving the quality of data management and decision-

making. Therefore, analyzing student achievement data using the K-Means Clustering method is a relevant and effective 

solution to address the challenges of data management in today's digital era. 

2. RESEARCH METHODOLOGY 

2.1 Research Stages  

The approach used in this study is a quantitative approach with data mining methods. This quantitative approach 

was chosen because this study focuses on processing numerical data in the form of student achievement scores, which are 

analyzed mathematically and statistically. Furthermore, this study also uses an unsupervised learning approach, as there 

are no initial category labels in the student data. The categories of high-achieving students will be formed automatically 

through a grouping process using the K-Means Clustering algorithm. 

 

 

 

 

 

 

 

 

Fig 1. Research Framework 

The research framework describes the flow of activities from the initial to the final stages of the research. In general, these 

stages include: 

1. Starting the Research 

The initial stage involves determining the topic, identifying research needs, and formulating the objectives to be 

achieved. 

2. Problem Identification 

Examining issues related to student achievement assessment, which is still manual, subjective, and not based on data 

analysis. 

3. Literature Review 

Collecting references related to data mining, clustering, and the K-Means algorithm, as well as relevant previous 

research as a theoretical basis. 

4. Data Collection 

Collecting student achievement data, such as academic grades, attendance, and learning activity from valid sources. 

5. Data Preprocessing 

Performing data cleaning, attribute selection, and normalization to prepare the data for processing. 

6. Data Preprocessing 

The K-Means algorithm is implemented through the following stages: 

a. Initial Centroid Selection  

Initial centroids are selected randomly from the normalized dataset. 

b. Distance Calculation 

The Euclidean Distance formula is used to calculate the distance between each data point and centroid. 

𝑑(𝑥,𝑦) = √𝛴ⅈ=1
𝛱 (𝑥ⅈ − 𝑦ⅈ)2 

where: 

d(x,y) = distance between data point and centroid 

xi = data value 

yi = centroid value 

7. Implementing the K-Means Clustering Algorithm 

a. Determining the initial centroid 

b. Calculating the distance between data (Euclidean Distance) 

c. Grouping data into the closest cluster 
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d. Updating the centroid until convergence 

8. Clustering Results Analysis 

Interpreting the student clustering results based on the characteristics of each cluster. 

9. Clustering Results Evaluation 

Assessing the quality of the clustering results to ensure that the formed clusters are representative. 

10. Results Implementation 

Using the clustering results as a basis for determining high-achieving student categories and supporting decision-

making. 

11. Conclusions and Recommendations 

Drawing conclusions from the research results and providing recommendations for further research development. 

12. Finished 

 

2.2 Dataset Description 

The dataset used in this study was obtained from academic records of students at a private secondary school. The 

data consist of 10 student records collected from the school academic administration database during one academic 

semester. Four variables were selected as clustering attributes, namely Average Score, Examination Score, Attendance 

Percentage, and Assignment Score. These variables were chosen because they represent both academic achievement and 

learning participation. The dataset was anonymized to protect student privacy by replacing student names with 

identification codes (S1–S10). Prior to clustering, the data were validated to ensure completeness and consistency. No 

missing values were found in the dataset. Subsequently, Min-Max Normalization was applied to transform all variables 

into the same scale range between 0 and 1 before performing the clustering process. 

2.3 Data Normalization 

Since the variables have different scales, Min-Max Normalization was applied using: 

𝑥′ =
𝑥−𝑥𝑚𝑖𝑛

𝑥𝑚𝑎𝑥−𝑥𝑚𝑖𝑛
          (2) 

Description: 

x = original value 

xmin = minimum value 

xmax = maximum value 

This transformation scales all attributes into the range of 0–1. 

3. RESULT AND DISCUSSION 

This section presents the results of data processing and discusses the implementation of the K-Means Clustering 

algorithm for classifying student achievement based on academic performance indicators. The analysis was conducted 

using student academic data consisting of four main variables: average score, examination score, attendance percentage, 

and assignment score. These variables were selected because they represent both academic achievement and student 

participation in the learning process. The clustering process was carried out through several stages, including data 

preparation, normalization, initial centroid selection, distance calculation, cluster formation, centroid updating, and 

interpretation of the final clustering results. 

3.1 Research result 

The dataset used in this study consists of 10 students identified using codes S1 to S10. Each student has four academic 

performance indicators: average score, examination score, attendance percentage, and assignment score. These indicators 

were used as input variables in the K-Means Clustering process. The initial dataset is presented in Table 1. 

Table 1. Initial Dataset Used in This Study 

 

No Name Average Exam 
Attendance  

(%) 
Assignment 

1 S1 85 88 95 90 

2 S2 78 80 90 82 

3 S3 60 65 80 68 

4 S4 92 94 98 95 

5 S5 70 72 85 75 
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No Name Average Exam 
Attendance  

(%) 
Assignment 

6 S6 88 90 96 92 

7 S7 55 58 75 60 

8 S8 76 78 88 80 

9 S9 65 68 82 70 

10 S10 90 92 97 94 

Before the clustering process was performed, the minimum and maximum values of each variable were identified. These 

values were required for the normalization process because the variables used in the dataset have different value ranges. 

The minimum and maximum values for each variable are shown in Table 2. 

Table 2. Minimum and Maximum Values 

Variabel Min Max 

Average 55 92 

Exam 58 94 

Attendance 75 98 

Assignment 60 95 

The data were then normalized using the Min-Max Normalization method to transform all variables into the same scale 

range between 0 and 1. This step was necessary because the K-Means algorithm uses distance-based calculation, and 

variables with larger numerical ranges may dominate the clustering result if normalization is not performed. The 

normalization results are presented in Table 3. 

Table 3. Normalization Results 

Name Average Exam Attendance Assignment 

S1 0.81 0.83 0.87 0.86 

S2 0.62 0.61 0.65 0.63 

S3 0.14 0.19 0.22 0.23 

S4 1.00 1.00 1.00 1.00 

S5 0.41 0.39 0.43 0.43 

S6 0.89 0.89 0.91 0.91 

S7 0.00 0.00 0.00 0.00 

S8 0.57 0.56 0.57 0.57 

S9 0.27 0.28 0.30 0.29 

S10 0.95 0.94 0.96 0.97 

The normalized data show that students with values closer to 1 have stronger academic performance, while students with 

values closer to 0 have weaker academic performance. For example, S4 obtained a normalized value of 1.00 in all 

variables, indicating that this student achieved the highest score in average, exam, attendance, and assignment indicators. 

In contrast, S7 obtained a normalized value of 0.00 in all variables, indicating that this student had the lowest performance 

among the analyzed data. After the normalization process, the K-Means Clustering algorithm was implemented by 

determining the number of clusters. In this study, the number of clusters was set to K = 3, representing three categories 

of student achievement: high achievement, medium achievement, and low achievement. The initial centroids were 

selected from the normalized dataset to represent each performance category. The initial centroid selection is shown in 

Table 4. 

Table 4. Initial Centroid Selection 

Cluster Student Average Exam Attendance Assignment 

C1 (High) S4 1.00 1.00 1.00 1.00 

C2 (Medium) S2 0.62 0.61 0.65 0.63 

C3 (Low) S7 0.00 0.00 0.00 0.00 

The next stage was calculating the distance between each student and each centroid using Euclidean Distance. Each 

student was assigned to the cluster with the closest centroid value. After all students were grouped, the centroid values 

were updated based on the average value of the members in each cluster. This process was repeated until there was no 

change in cluster membership or until the centroid values became stable. The final grouping results are presented in Table 

5.  

Table 5. Grouping Results 
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Name Cluster Category 

S1 C1 High 

S2 C2 Medium 

S3 C3 Low 

S4 C1 High 

S5 C2 Medium 

S6 C1 High 

S7 C3 Low 

S8 C2 Medium 

S9 C3 Low 

S10 C1 High 

Based on Table 5, the 10 students were successfully classified into three achievement categories. Students S1, S4, S6, 

and S10 were grouped into Cluster C1 as high-achievement students. Students S2, S5, and S8 were grouped into Cluster 

C2 as medium-achievement students. Meanwhile, students S3, S7, and S9 were grouped into Cluster C3 as low-

achievement students. The distribution of students in each cluster is shown in Table 6. 

Table 6. Cluster Distribution 

Cluster Category Amount 

C1 High 4 

C2 Medium 3 

C3 Low 3 

Table 6 shows that the high-achievement cluster consists of four students, while the medium-achievement and low-

achievement clusters consist of three students each. This result indicates that the student performance data are not 

homogeneous. There are clear differences in academic performance among students based on the four indicators used in 

the analysis. The final clustering result is summarized in Table 7. 

Table 7. Final Clustering Result 

Cluster Category Students Total 

C1 High S1, S4, S6, S10 4 

C2 Medium S2, S5, S8 3 

C3 Low S3, S7, S9 3 

The final centroid values obtained after the clustering process reached convergence are presented in Table 8. These 

centroid values represent the average characteristics of each cluster based on the four academic performance indicators. 

Table 8. Final Centroid Values 

Cluster Average Exam Attendance Assignment 

C1 88.75 91.00 96.50 92.75 

C2 74.67 76.67 87.67 79.00 

C3 60.00 63.67 79.00 66.00 

The centroid values in Table 8 show clear differences among the three clusters. Cluster C1 has the highest centroid values 

in all indicators, with an average score of 88.75, examination score of 91.00, attendance rate of 96.50, and assignment 

score of 92.75. These values indicate that students in this cluster have strong academic performance, high discipline in 

attendance, and good consistency in completing assignments. Therefore, Cluster C1 can be interpreted as the high-

achievement group. 

Cluster C2 has moderate centroid values, with an average score of 74.67, examination score of 76.67, attendance rate 

of 87.67, and assignment score of 79.00. Students in this cluster show acceptable academic performance, but their scores 

are still lower than those in Cluster C1. This cluster can be interpreted as the medium-achievement group. Students in this 

category have the potential to improve if they receive proper academic guidance, learning motivation, and monitoring 

from teachers. 

Cluster C3 has the lowest centroid values, with an average score of 60.00, examination score of 63.67, attendance 

rate of 79.00, and assignment score of 66.00. These values indicate that students in this cluster experience academic 
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difficulties compared with students in the other clusters. Low attendance and assignment scores may contribute to weaker 

academic performance. Therefore, Cluster C3 can be interpreted as the low-achievement group that requires special 

attention, such as additional tutoring, academic mentoring, and closer evaluation by teachers. 

 

3.2 Discussion 

The results of this study show that the K-Means Clustering algorithm can classify students into achievement groups 

based on similarities in academic performance indicators. The use of four variables, namely average score, examination 

score, attendance percentage, and assignment score, provides a broader perspective than assessment based only on final 

grades. This is important because student achievement is not determined solely by examination results, but also by 

attendance discipline and consistency in completing assignments. 

The clustering results demonstrate that Cluster C1 contains students with the strongest academic characteristics. 

Students in this group achieved high scores in all variables, especially in attendance and assignment completion. This 

indicates that students with consistent attendance and assignment performance tend to have better academic results. 

Therefore, students in Cluster C1 can be considered suitable candidates for academic appreciation, enrichment programs, 

or participation in advanced learning activities. Cluster C2 represents students with moderate performance. Although 

students in this group did not achieve the highest scores, their academic indicators are still relatively stable. This cluster 

is important because students in this group have the potential to move into the high-achievement category if they receive 

appropriate support. Schools can design improvement programs for this group, such as additional exercises, learning 

motivation programs, and periodic academic monitoring. Cluster C3 consists of students with the lowest performance 

across the four indicators. The centroid values show that this cluster has the lowest average score, examination score, 

attendance percentage, and assignment score. This condition indicates that students in Cluster C3 need more intensive 

academic support. The school can provide special guidance, remedial learning, counseling, or communication with 

parents to identify the factors affecting students’ academic performance. The findings also show that the K-Means 

Clustering method is useful for reducing subjectivity in student achievement classification. In conventional assessment, 

students are often classified only by ranking or average score. Such an approach may not fully represent the overall 

academic condition of students. Through clustering, each student is grouped based on the similarity of several 

performance indicators, making the classification process more objective and data-driven. 

The results of this study are also consistent with previous research that applied the K-Means Clustering algorithm to 

classify student achievement based on academic data. Previous studies showed that K-Means can group students into 

several achievement categories, such as high, medium, and low achievement, by using indicators such as academic scores, 

attendance, and learning performance [18], [19]. The similarity between this study and previous research lies in the use 

of clustering to identify student performance patterns objectively and to support educational decision-making. 

However, this study has a different focus from previous studies. In this research, student classification was carried out 

using four academic performance indicators, namely average score, examination score, attendance percentage, and 

assignment score. These variables provide a more comprehensive view of student achievement because the assessment 

does not only depend on examination results, but also considers student discipline and learning consistency. In addition, 

this study presents final centroid values for each cluster, making the characteristics of high, medium, and low achievement 

groups clearer and easier to interpret. Compared with previous research, the clustering results in this study show that 

attendance and assignment completion have an important role in forming student achievement groups. Students in the 

high-achievement cluster showed strong performance across all indicators, while students in the low-achievement cluster 

had lower values in academic scores, attendance, and assignments. Therefore, this study strengthens previous findings 

that K-Means Clustering is effective for student achievement classification and can be used as a practical basis for 

designing academic guidance, enrichment programs, and targeted learning interventions. In addition, the cluster 

distribution provides practical information for educational decision-making. The high-achievement cluster can be used as 

a reference for reward and enrichment programs, the medium-achievement cluster can be targeted for improvement 

programs, and the low-achievement cluster can be prioritized for academic intervention. Thus, the results of this study 

can help schools design more targeted learning strategies and allocate educational support more effectively. Overall, the 

implementation of K-Means Clustering in this study successfully produced meaningful student achievement categories. 

The method was able to identify patterns in academic data and group students according to their performance 

characteristics. The results support the use of data mining methods in education, especially for academic evaluation, 

student guidance, and data-based decision-making. However, the interpretation of clustering results should still consider 

the context of each student, because academic performance may also be influenced by non-academic factors such as 

motivation, family background, learning environment, and psychological conditions. 

4. CONCLUSION 

This study concludes that the implementation of the K-Means Clustering algorithm can effectively classify student 

achievement based on academic performance indicators. The main problem addressed in this research is the limitation of 

conventional student assessment, which often relies only on average scores or manual ranking and may not fully represent 

students’ overall academic conditions. By using four variables, namely average score, examination score, attendance 
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percentage, and assignment score, the clustering process provides a more objective and data-driven approach to 

identifying student achievement patterns. The results show that students were successfully grouped into three clusters: 

Cluster C1 as the high-achievement group, Cluster C2 as the medium-achievement group, and Cluster C3 as the low-

achievement group. Cluster C1 consisted of four students with the highest academic performance, Cluster C2 consisted 

of three students with moderate performance, and Cluster C3 consisted of three students who required additional academic 

support. 

The final centroid values confirm that each cluster has different academic characteristics. Students in Cluster C1 

showed strong performance in all indicators, especially in examination scores, attendance, and assignment completion. 

Students in Cluster C2 showed stable but not optimal performance, while students in Cluster C3 had the lowest values 

across all indicators. These findings indicate that K-Means Clustering can support schools in making more accurate 

decisions related to student guidance, enrichment programs, remedial learning, and academic intervention. However, this 

study still has limitations, particularly the small dataset and the use of only four academic variables. Future research is 

recommended to use larger datasets, include non-academic factors such as motivation and learning environment, and 

apply cluster evaluation methods such as Silhouette Score or Davies–Bouldin Index to improve the validity and reliability 

of the clustering results. 
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