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Abstract 

Academic achievement clustering provides an opportunity to identify student performance 

patterns and support data-driven educational evaluation. This study aims to apply the K-Means 

Clustering algorithm to group academic achievement levels among students at Al Muttaqien 

Private Elementary School. The research employed a quantitative approach using academic 

records from Grades 1 to 6 covering two semesters. Seven subject scores were selected as 

numerical features, including Islamic Religious Education, Pancasila, Indonesian Language, 

English, Mathematics, Physical Education, and Arts and Culture. The dataset was processed 

through data cleaning, feature selection, and standardization before the clustering algorithm 

was implemented. A total of 311 student-semester records were included in the analysis, and 

a three-cluster solution was examined to identify relatively lower, moderate, and higher 

academic achievement profiles. The results indicated average academic scores of 76.51, 

83.32, and 89.29 for the respective clusters, representing 26.4%, 37.9%, and 35.7% of the 

analyzed records. Cluster evaluation using the Silhouette Score showed that the three-cluster 

solution achieved a score of 0.387, while the two-cluster solution achieved a higher score of 

0.484. These findings indicate that K-Means can provide an interpretable grouping of 

academic performance, although the selection of the optimal number of clusters requires 

consideration of both statistical validation and educational objectives. The resulting profiles 

may support teachers in identifying differences in student achievement and planning 

differentiated learning strategies. This study demonstrates the potential of unsupervised 

machine learning as a supporting approach for academic data analysis in elementary 

education. 
 
Keywords: Machine Learning, K-Means Clustering, Academic Achievement, Student Performance, 
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Introduction 

Education plays a fundamental role in developing students’ knowledge, skills, and 

competencies from an early age. Academic achievement is one of the important indicators used 

to evaluate students’ learning progress and the effectiveness of educational activities. At the 

elementary school level, students have different learning abilities, levels of subject 

comprehension, and academic development patterns. These differences require teachers to 

understand students’ achievement characteristics more comprehensively to ensure that learning 

strategies are aligned with their educational needs. However, academic evaluation is often 

conducted by examining individual subject scores and calculating average grades without 

systematically identifying similarities among students. Consequently, the patterns underlying 

variations in academic achievement may not be fully recognized. Therefore, a systematic 

analytical approach is needed to organize academic data into meaningful groups that can 

support educational evaluation and improve the effectiveness of learning management [1] [2]. 

The increasing availability of academic data in educational institutions creates 

opportunities to apply machine learning techniques to support data-driven decision-making. 

Machine learning enables computers to identify patterns and relationships within datasets 

through computational methods. In educational research, machine learning can be applied to 

analyze student performance, identify learning patterns, and support the evaluation of academic 

achievement. One relevant approach is unsupervised learning, which discovers structures 

within data without requiring predefined class labels. Unlike supervised learning, which 

depends on previously labeled examples to train a predictive model, unsupervised learning 

focuses on identifying groups based on the similarities and differences among observations. 

This characteristic makes unsupervised learning suitable for exploring academic performance 

patterns when students have not been classified into predetermined achievement categories [3] 

[4] . 

One of the algorithms commonly used for unsupervised learning is K-Means Clustering, 

which groups data into a specified number of clusters based on the distance between 

observations and cluster centroids. The algorithm iteratively assigns each observation to the 

nearest centroid and updates the centroids until the clustering process converges. In the context 

of elementary school education, K-Means can be applied to numerical academic features, 

including subject scores, semester grades, and average academic performance. Through this 

process, students with similar academic characteristics can be grouped into the same cluster, 

while students with different characteristics are assigned to other clusters. The resulting groups 

may be interpreted as relatively high, moderate, and low academic achievement levels based on 

their statistical profiles. However, these interpretations must be established after examining the 

characteristics of each cluster rather than being assumed as predetermined outputs of the 

algorithm [5] [6] . 

The implementation of K-Means clustering requires appropriate data preparation and 

evaluation to produce reliable and interpretable results. The process begins with collecting 

students’ academic records, followed by data preprocessing to identify missing values, 

duplicate records, inconsistent entries, and other data quality issues. The next stage involves 

selecting relevant numerical features that adequately represent students’ academic 

performance. If the selected variables have substantially different scales, appropriate 

standardization may be necessary to prevent certain features from disproportionately 

influencing distance calculations. The number of clusters can be explored using the Elbow 

Method, while the Silhouette Score can be employed to evaluate the cohesion of observations 

within clusters and their separation from other clusters. These procedures provide a 

methodological foundation for assessing the quality of the resulting groups and ensuring that 

the interpretation of academic achievement is supported by the characteristics of the analyzed 

data [7] [8]  . 
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Based on these considerations, this study aims to apply the K-Means Clustering algorithm 

to group academic achievement levels among students at Al Muttaqien Private Elementary 

School. The research focuses on analyzing academic records, identifying groups of students 

with similar performance characteristics, and interpreting the resulting clusters to obtain a 

clearer understanding of academic achievement patterns. The findings are expected to assist 

teachers and school administrators in identifying variations in student performance, planning 

differentiated learning strategies, and determining which students may benefit from additional 

academic support. Furthermore, this study is expected to contribute to the application of 

machine learning in educational data analysis by demonstrating how clustering techniques can 

transform numerical academic records into meaningful information for educational evaluation. 

The results may also provide a foundation for developing data-driven decision-support 

approaches that support more systematic and informed learning management in elementary 

education [9] . 

 

Literature Review 

2.1 Machine Learning in Educational Data Analysis 

 Machine learning is a branch of artificial intelligence that enables computer systems to 

identify patterns, relationships, and structures within datasets to support data analysis and 

decision-making. In the educational domain, machine learning has been increasingly applied to 

analyze student performance, identify learning patterns, evaluate academic achievement, and 

support the development of data-driven educational strategies. Academic data, including 

subject scores, semester grades, attendance records, and learning assessment results, can 

provide valuable information about students’ learning progress. By applying machine learning 

techniques, educational institutions can process these data systematically and identify 

performance characteristics that may be difficult to recognize through conventional evaluation 

methods. In particular, machine learning can support the grouping of students according to 

similarities in their academic profiles, allowing teachers to obtain a more structured 

understanding of differences in learning achievement. The application of machine learning in 

education is therefore relevant to improving the analytical use of academic records and 

supporting more informed instructional planning[10] [11]. 

2.2 K-Means Clustering Algorithm 

K-Means is an unsupervised machine learning algorithm widely used to group observations 

based on similarities in their numerical characteristics. The algorithm operates by assigning 

data points to clusters according to their proximity to cluster centroids and repeatedly updating 

the centroids until the clustering process reaches a stable condition. One of the main advantages 

of K-Means is its relatively straightforward implementation and its ability to process numerical 

datasets efficiently. In educational research, the algorithm can be applied to academic scores, 

subject grades, and average student performance to identify groups with similar achievement 

characteristics. For example, the resulting clusters may represent students with relatively high, 

moderate, and low academic achievement, depending on the observed statistical profiles of each 

group. Nevertheless, the quality of clustering depends on data preparation, feature selection, 

the number of clusters, and the distribution of observations. Consequently, selecting relevant 

academic features and evaluating the clustering results are essential steps in producing 

meaningful and interpretable groupings of student performance [12] [13]. 

2.3 Clustering Academic Achievement in Elementary Education 

Clustering academic achievement provides an analytical approach to understanding 

differences in student performance based on patterns within academic data. At the elementary 

school level, this approach can help educators identify groups of students who demonstrate 
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similar achievement characteristics across multiple subjects. Such information can complement 

conventional assessment practices by providing a broader perspective on academic 

performance rather than relying exclusively on individual grades or overall averages. In the 

context of Al Muttaqien Private Elementary School, K-Means clustering can be used to analyze 

students’ academic records and identify groups that reflect different achievement profiles. The 

resulting information may support teachers in planning enrichment activities for students with 

stronger academic performance and providing additional learning assistance to students who 

demonstrate lower achievement levels. To ensure that the groups are meaningful, the 

interpretation of each cluster should be based on the actual distribution of academic scores, 

while evaluation methods such as the Silhouette Score may be used to assess clustering quality. 

Thus, clustering can serve as a supporting analytical tool for educational evaluation and data-

driven learning management without replacing teachers’ professional judgment [14]. 

Research Methodology 

The research methodology is designed to provide a systematic framework for applying 

the K-Means Clustering algorithm to group academic achievement levels among students at Al 

Muttaqien Private Elementary School. This study adopts a quantitative approach by utilizing 

students’ academic records as the primary data source for identifying similarities and 

differences in academic performance. The research focuses on the application of unsupervised 

machine learning, in which student groups are formed based on the characteristics of the 

available academic data rather than predefined achievement labels. The methodological 

framework consists of several interconnected stages, beginning with data collection and 

continuing through data preprocessing, feature selection, clustering implementation, cluster 

evaluation, and interpretation of the results[15] . 

The research process begins with collecting academic records containing relevant 

numerical information, such as subject scores, semester grades, and average academic 

performance. The collected data are subsequently examined to ensure their completeness, 

consistency, and suitability for computational analysis. During preprocessing, missing values, 

duplicate records, and inconsistent data entries are addressed according to appropriate data-

cleaning procedures. Relevant academic features are then selected to represent student 

performance, and standardization is applied when necessary to ensure that differences in 

measurement scales do not disproportionately influence the clustering process. These 

preparations are important because the quality and characteristics of the input data directly 

affect the formation and interpretation of the resulting clusters[16] . 

The next stage involves implementing K-Means Clustering to identify groups of students 

with similar academic performance characteristics. The number of clusters is determined 

through an appropriate selection procedure, which may include the Elbow Method, while the 

Silhouette Score can be used to assess the quality of the resulting grouping. After the clustering 

process, the characteristics of each cluster are examined using descriptive statistics, including 

average academic scores and differences across subjects. The final results are interpreted to 

identify academic achievement profiles that may support teachers and school administrators in 

evaluating student performance and planning appropriate learning strategies. The overall 

methodology is organized into six stages to ensure that the research process is transparent, 

reproducible, and aligned with the objective of academic achievement clustering[17] . 
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Figure 1. Research workflow for K-Means-based academic achievement clustering. 

 

1. Data Collection 

The first stage involves collecting academic data from Al Muttaqien Private Elementary 

School. The dataset consists of student academic records that represent learning achievement 

across relevant subjects. Potential variables include mathematics scores, language scores, 

science scores, semester grades, and average academic performance, depending on data 

availability. Each record represents an individual student, while the selected numerical 

variables describe the student's academic characteristics. Data collection must follow 

applicable school permissions and student data protection requirements. The resulting 

dataset serves as the primary input for subsequent preprocessing and clustering procedures. 

2. Data Preprocessing 

Data preprocessing is performed to improve the quality and consistency of the collected 

academic records before applying the clustering algorithm. This stage includes checking for 

missing values, duplicate records, inconsistent score formats, and invalid entries. Missing 

values are handled using an appropriate method based on their extent and characteristics, 

while duplicate or inconsistent records are verified against the available source data. Records 

with unresolved data quality problems are treated carefully to avoid introducing misleading 

information into the analysis. The output of this stage is a cleaned academic dataset suitable 

for numerical analysis.  

3. Feature Selection and Standardization 

Feature selection determines which academic variables are most relevant to the grouping 

process. Subject scores and semester grades may be selected to represent different 

dimensions of student achievement. Variables that do not directly represent academic 

performance should be excluded unless their inclusion has a clear methodological 

justification. If the selected variables have substantially different scales or distributions, 

standardization may be applied to prevent features with larger numerical ranges from 

dominating the distance calculations. The resulting dataset contains the selected and 

appropriately prepared features required by the K-Means algorithm. 

4. K-Means Clustering 

At this stage, the K-Means Clustering algorithm is applied to group students according to 

similarities in their academic characteristics. The algorithm initially establishes cluster 

centroids, assigns each student to the nearest centroid, and iteratively updates the centroids 

based on the assigned observations. This process continues until the assignments or centroid 

positions stabilize according to the specified convergence criteria. The number of clusters 

should be investigated using an appropriate method, such as the Elbow Method, rather than 

selected solely on assumption. The resulting clusters represent groups of students with 

similar academic profiles and provide the basis for further evaluation. 

5. Cluster Evaluation 

Cluster evaluation is conducted to determine whether the resulting groups provide 

meaningful separation and cohesion. The Silhouette Score can be used to assess how closely 

each student fits within their assigned cluster compared with neighboring clusters. The 

Elbow Method may also help identify a reasonable number of clusters by examining changes 
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in within-cluster variation across different cluster configurations. In addition to these 

quantitative measures, cluster sizes and the distribution of academic scores are examined to 

identify potentially unbalanced or difficult-to-interpret groups. Combining these 

assessments provides a more comprehensive basis for determining whether the clustering 

results adequately represent differences in student academic performance. 

6. Research workflow for K-Means-based academic achievement clustering 

The final stage involves interpreting the characteristics of each cluster based on its academic 

score distribution, average performance, and differences across selected subjects. Clusters 

may be described as relatively high-, moderate-, or low-achievement groups when these 

descriptions are supported by the observed results. Such labels are assigned after examining 

the cluster profiles; they are not predefined outputs of K-Means. The findings can then be 

used to provide information for educational evaluation, including identifying students who 

may benefit from enrichment activities or additional learning support. The interpretation 

should remain descriptive and supportive, recognizing that academic scores alone do not 

fully represent students’ abilities, learning circumstances, or overall educational 

development. 

 

Results 

The Results section presents the findings of the K-Means Clustering analysis using the 

academic recap files for Grades 1–6, covering Semesters 1 and 2. The analysis focuses on seven 

subjects available across all grade levels: Islamic Religious Education (PAI), Pancasila, 

Indonesian Language, English, Mathematics, Physical Education (PJOK), and Arts and Culture. 

The results are organized into three tables and four graphical visualizations to describe the 

dataset, compare academic performance across subjects, examine the resulting student clusters, 

and evaluate clustering quality. 

The academic records were consolidated into a single dataset. The initial extraction 

identified 315 student-semester records. 4 records with insufficient valid numerical scores were 

excluded after zero entries requiring verification were treated as missing, leaving 311 records 

for clustering. The seven common subject scores were used as numerical features and 

standardized before K-Means was implemented. Student names and personal identifiers were 

not included in the analytical output. 

The analysis examined a three-cluster solution to describe relatively lower, moderate, and 

higher academic achievement profiles. The groups were interpreted using their observed mean 

scores rather than predefined labels. Cluster counts from two to six were also compared using 

the Silhouette Score. The tables and figures below report descriptive findings, cluster 

distribution, average performance, and validation results. The three-cluster solution is retained 

for interpretable achievement profiling, although the silhouette comparison is also reported 

transparently. 

4.1 Dataset Composition 

Table 1 shows that the final dataset contains 311 usable records across six grade levels and 

two semesters. The distribution varies by grade because the number of students and the 

completeness of academic records differ across files. Combining the records provides a broad 

view of academic performance across the school, while the grade and semester fields remain 

available for contextual interpretation. Because the same students may appear in both semesters, 

the unit of analysis is a student-semester record rather than a unique student. 

 

Table 1 Number of usable student-semester records, based on hours and semesters, after 

going through data quality filtering 

Grade Semester 1 records Semester 2 records Total records 
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Grade 1 30 30 60 

Grade 2 30 30 60 

Grade 3 27 27 54 

Grade 4 24 23 47 

Grade 5 23 23 46 

Grade 6 22 22 44 

Total 156 155 311 

 

4.2 Descriptive Academic Performance 

Table 2 indicates that the mean score across all seven subject features and all retained 

records is 83.66. The subject-level averages are relatively close, although some differences are 

visible. Such variation indicates that students do not necessarily demonstrate identical 

performance across subject areas. These descriptive statistics provide context for the clustering 

process; however, average scores alone do not identify groups of students with similar 

multidimensional performance patterns. 

 

Table 2 presents the mean scores for the seven common subjects used in clustering. 

Subject Mean score 

Pancasila 84.09 

PAI 84.06 

B. Indonesia 83.93 

Matematika 83.58 

Seni Budaya 83.41 

B. Inggris 83.29 

PJOK 83.23 

Overall mean across records 83.66 

 

4.3 K-Means Cluster Profiles 

Table 3 shows that the three clusters represent distinct average achievement profiles. The 

relatively lower-achievement cluster has the lowest mean score, the moderate cluster occupies 

the middle position, and the relatively higher-achievement cluster has the highest mean. Cluster 

sizes also differ, indicating that the records are not evenly distributed across achievement 

profiles. These labels are descriptive summaries of cluster centroids and should not be treated 

as fixed judgments about individual students or as a substitute for teacher assessment. 

Table 3. K-Means Cluster Profiles. 

Cluster Interpretation Records Share Mean score 
Record 

mean range 

Cluster 1 
Relatively lower 

achievement 
82 26.4% 76.51 71.00–79.86 

Cluster 3 
Moderate 

achievement 
118 37.9% 83.32 80.00–86.14 

Cluster 2 
Relatively higher 

achievement 
111 35.7% 89.29 86.43–94.29 

Figure 2 compares the number of student-semester records assigned to each cluster. The 

visualization makes it possible to see which achievement profile contains the largest share of 

records and whether any cluster is comparatively small. The distribution should be interpreted 

as a pattern in the analyzed academic records, not as a count of unique students, because a 

student may contribute a record in both semesters. 
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Figure 2. Distribution of Academic Records Across K-Means Clusters 

 

Figure 3 compares mean scores across the seven common subjects. The chart helps identify 

which subjects have relatively higher or lower average scores in the combined dataset. 

Differences between subjects can inform further investigation by teachers, but the aggregated 

averages do not establish the causes of those differences and may reflect variations between 

grade levels and semesters. 

 
Figure 3. Average Scores Across the Seven Common Subjects 

Figure 4 illustrates the mean academic score for each cluster, making the relative ordering 

of the achievement profiles clear. The lower, moderate, and higher labels are based on the 

observed cluster means. Some overlap in individual record averages may remain, so cluster 

assignment should be understood as a multidimensional grouping across subject scores rather 

than a strict threshold classification based only on the average. 
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Figure 4. Mean Academic Score by Cluster 

 

Figure 5 compares Silhouette Scores for cluster counts from two to six. The two-cluster 

solution has the highest observed Silhouette Score (0.484), while the three-cluster solution has 

a score of 0.387. This indicates that two clusters provide stronger separation according to this 

metric, whereas three clusters offer a more detailed three-level achievement profile. Therefore, 

the three-cluster solution is useful for descriptive interpretation, but the choice should be 

justified as a balance between interpretability and validation results rather than claimed as the 

numerically optimal solution. 

 
Figure 5. Silhouette Score for Different Numbers of Clusters 

 

Discussion 

The results demonstrate that the K-Means Clustering algorithm can be applied to group 

elementary school students according to similarities in their academic performance across seven 

subject areas. Based on the analysis of 311 student-semester records, the three-cluster solution 

identified relatively lower, moderate, and higher academic achievement profiles, with mean 
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scores of 76.51, 83.32, and 89.29, respectively. The moderate-achievement cluster contained 

the largest proportion of records (37.9%), followed by the relatively higher-achievement cluster 

(35.7%) and the relatively lower-achievement cluster (26.4%). These findings indicate that 

academic performance in the analyzed dataset is not homogeneous and that clustering can 

provide a structured representation of achievement differences. From an educational 

perspective, this grouping may help teachers identify general learning patterns and develop 

differentiated instructional strategies. Nevertheless, the cluster labels represent relative 

academic profiles within the analyzed dataset and should not be interpreted as permanent 

classifications of individual students. 

The clustering evaluation also provides an important consideration regarding model 

selection. The two-cluster solution achieved a Silhouette Score of 0.484, whereas the three-

cluster solution achieved 0.387. This indicates that the two-cluster configuration produced 

better separation and cohesion according to this evaluation metric, although the three-cluster 

configuration offers a more detailed distinction among academic achievement profiles. 

Therefore, selecting three clusters involves balancing quantitative validation with the practical 

objective of identifying lower, moderate, and higher achievement patterns. These results also 

highlight the importance of examining academic data across different grade levels and 

semesters, because differences in curriculum, assessment difficulty, and student development 

may influence the resulting clusters. In practical application, clustering should be treated as a 

supporting tool for educational evaluation rather than a replacement for teachers’ professional 

judgment. Further research could compare clustering configurations within individual grade 

levels and incorporate additional learning indicators to determine whether the identified profiles 

remain consistent across different educational contexts. 

 

Conclusion  

This study applied the K-Means Clustering algorithm to group academic achievement 

levels among students at Al Muttaqien Private Elementary School using seven academic subject 

scores. Based on 311 student-semester records, the analysis identified three clusters 

representing relatively lower, moderate, and higher academic achievement, with average scores 

of 76.51, 83.32, and 89.29, respectively. The findings demonstrate that K-Means can organize 

academic records into interpretable groups and provide a structured overview of variations in 

student performance. These results may assist teachers and school administrators in 

understanding academic achievement patterns and identifying areas that require further 

educational attention. 

The clustering evaluation revealed that the two-cluster configuration achieved a higher 

Silhouette Score of 0.484 than the three-cluster configuration, which obtained 0.387. Although 

the three-cluster solution provides a more detailed interpretation of achievement levels, the 

results indicate that the number of clusters should be selected by considering both validation 

metrics and educational objectives. The resulting clusters can support differentiated learning 

strategies, including enrichment activities and additional academic assistance, but should not 

be used as the sole basis for evaluating individual students. Future research should examine 

clustering performance within individual grade levels, incorporate additional learning-related 

variables, and evaluate the consistency of the identified groups across semesters. These 

developments could strengthen the practical application of machine learning in educational data 

analysis and support more informed, data-driven learning management. 
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