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Abstract 
 

Data clustering is a critical technique in data mining that identifies patterns or groups within large datasets. This study applies the K-Means 

algorithm to cluster students from an Islamic boarding school based on their academic performance. The K-Means algorithm was chosen 

due to its ability to divide data into homogeneous clusters, facilitating a better understanding of academic characteristics for each group. 

Data from students' test scores—including written tests, oral exams, and classical Islamic book comprehension—were analyzed using 

Python. The analysis included data collection, preprocessing, determining the optimal number of clusters (K), implementing the K-Means 

algorithm, and validating clustering outcomes using the Davies-Bouldin Index (DBI). Results demonstrated that students could be grouped 

into ten clusters, with key insights to improve teaching strategies. 

Data mining is a process that uses statistical techniques, mathematics, artificial intelligence, and machine learning to interact with, identify 

useful information, and extract knowledge from various large databases.[1] Data mining is a process that uses statistical techniques, 

mathematics, artificial intelligence, and machine learning to interact with, identify useful information, and extract knowledge from various 

large databases. [2] The purpose of this research is to group data of outstanding class students so that in the learning process at school, it 

is easier to facilitate education according to the students' abilities.[3] 
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1. Introduction 

Education is something very important and a necessity that must be fulfilled by every individual, as each individual will eventually become 

a morally upright generation of the nation. School is a formal educational institution tasked with providing quality services.[4] Student 

achievement is an accomplishment as well as a benchmark and reference in the knowledge obtained from education at school, which 

includes formal assessments such as test scores, mastery of subjects, and attitudes determined through grades or numbers given by teachers 

to their students.[5] Student achievements are important to examine considering that student achievements can be used as a reference in 

future decision-making, among others as follows.[6]  

 

The rapid advancement of information and communication technology has significantly impacted various aspects of life, including 

education. In Islamic boarding schools, large amounts of data are generated, which necessitate effective methods to process and analyze 

this data. Data mining, a branch of informatics, offers solutions for uncovering hidden patterns and insights within large datasets. Among 

various techniques, the K-Means algorithm is highly effective for clustering data into meaningful groups.[7] Datamining is the process of 

discovering new, useful correlations, patterns, and trends by mining large amounts of data repositories, using pattern recognition 

technologies such as statistics and mathematical techniques.[8]  

 

In the K-Means Algorithm, there are several approaches to developing clustering methods, the two main approaches being the Partial 

Algorithm and the Hierarchical Algorithm.[9] Data mining is also known as Knowledge Discovery in Database (KDD) in the process of 

collecting information from a dataset.  The KDD process is interactive and iterative, including several steps that involve users in decision-

making and can be repeated in two steps.[10] 
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2. Methodology 

The research methodology comprised the following steps: 

1. Data Collection:  

The first stage in the KDD process is data selection. In the first step, we select a subset of the data that will be used for the 

clustering process. This data selection process is important to ensure that the data we select is relevant to the problem we 

want to solve. Here, we select certain columns related to relevant test scores for clustering, such as 'written_test', 'spoken_test', 

'book_test'.  

 
Figure 1: Selection Columns Clustering 

 

 

2. Data Pre-processing 

At this stage, we clean the data by removing missing values (NaN). This is very important because many algorithms, including 

K-Means, cannot handle missing data well. To overcome this, we delete rows that have NaN values to ensure the quality of 

the data used. Data cleaning is an important step to ensure the data used does not have problems that could interfere with the 

analysis results. By removing missing values, we ensure that the clustering algorithm can run smoothly. 

  

 
Figure 2: Data Pre-processing 

 

3. Data Transformation 

At this stage, we normalize the data using StandardScaler. This normalization process changes the data so that it has a mean 

of 0 and a standard deviation of 1. Normalization is very important in clustering, especially if the data has different scales, 

because the K-Means algorithm is sensitive to feature scale. This data transformation ensures that each feature has a balanced 

contribution to the distance calculation. Without normalization, larger scale features can dominate the clustering and 

influence the results. 

 

 
Figure 3: Data normalization with StandardScaler 

 

4. Data Mining 

After carrying out the data transformation stage, the next stage is implementing data mining. At the stage of implementing 

data mining, the author uses Python tools on Google Colab with the k-means algorithm method. At this data mining stage the 

researcher carried out two stages, namely the first stage the author carried out a clustering process using the Kmeans algorithm 

with the operator used, namely the Clustering operator (K-Means) and the second stage the writer carried out testing and 

evaluating the results of clustering using the Cluster Distance Performance operator with the method used. The Davies 

Bouldin Index (DBI) evaluation was used. 
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Stages of K-Means Clustering 

The first stage is that the author carries out a clustering process using K-Means for various numbers of clusters (from 2 to 14) 

and calculates the Davies-Bouldin Index (DBI) value for each experiment.  Exploration 𝐾 to 14 was carried out to determine the 

optimal number of clusters in the K-Means algorithm using the Davies-Bouldin Index (DBI) as an evaluation metric. The 𝐾 range 

allows identification of the best cluster division, with the optimal 𝐾 determined based on the lowest DBI value.  

 

The maximum limit of 𝐾-14 was chosen to accommodate data complexity without risking overfitting, ensuring clustering results 

are more meaningful and representative of the data structure. A lower DBI indicates better clustering, and using this code, you 

can determine the optimal number of clusters by selecting the number of clusters that provides the lowest DBI. Data mining 

modeling for grouping students at the Kebon Kelapa Al-Ma'rifah Islamic boarding school using the K-means algorithm can be 

seen in Figure 4. 

 
Figure 4: K-means algorithm 

 

In Figure 4, it is explained that researchers carried out clustering using K-Means for various numbers of clusters (from 2 to 14) 

and calculated the Davies-Bouldin Index (DBI) value for each experiment. A lower DBI indicates better clustering, and the result 

is 10 clusters. 

  

Evaluasi Davies Bouldin Index (DBI) 

The second stage is testing the clustering results by applying the DBI value to the Cluster Distance Performance parameter. In 

DBI testing, the cluster that has the smallest DBI value or close to 0 is used as the best cluster. To find the smallest cluster, the 

author conducted experiments from cluster 2 to 15 recapitulations. The number of clusters resulting from the Davies Bouldin 

Index value can be seen from figure 5 below 

 
Figure 5: DBI results 

 

In Figure 5 we can see the DBI results for each cluster, and in cluster 10 the DBI score is closest to 0 with a score of 

0.9279339226856754. 

 

5. Evalution: 

After the clustering model is applied, we use the Davies-Bouldin Index (DBI) to evaluate the clustering results. DBI is a 

metric that measures how well clusters are separated and how far they overlap with each other. Lower DBI values indicate 

better and more separated clusters. Model evaluation via DBI allows us to assess the quality of the resulting clusters. Using 

this metric helps us choose the optimal number of clusters, which will provide more meaningful cluster results and make it 

easier to understand the data. Based on table 4.5, it shows that the Tsanawi level student value data cluster using the Davies 
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Bouldin Index, the value closest to 0 with the cluster 2 to cluster 15 experiment produced the best K value in cluster 10, 

namely 0.9279339226856754 with the number of members in Cluster 0: 24 students. Cluster 1: 36 students. Cluster 2: 27 

students Cluster 3: 51 students Cluster 4: 6 students Cluster 5: 14 students Cluster 6: 25 students Cluster 7: 18 students Cluster 

8: 15 students Cluster 9: 16. It can also be seen in figure 6 below. 

 
Figure 6: Students Cluster 

 

Based on the evaluation results with the Silhouette Score and Davies-Bouldin Index (DBI) provided, the following is an 

explanation of the results:  

1. Silhouette Score: 0.32 

The value of 0.32 in this model indicates that the clustering carried out is quite good, but can still be improved. This value 

indicates that although much of the data is well grouped within its respective clusters, there is some data that may be in 

ambiguous areas, which means there is room for improvement in the selection of the number of clusters or the quality of the 

clusters. 

2. Davies-Bouldin Index (DBI): 0.93 

With a DBI of 0.93, this model shows fairly good cluster quality. In general, a DBI value close to 0 indicates an ideal 

cluster, but a value around 1 can still be considered quite good. In this case, even though it is not optimal, the model 

provides clusters that are separated quite clearly and do not overlap too much. 

 

3. Results and Discussion 
 

The study identified ten clusters based on student performance. These clusters provided insights into academic strengths and weaknesses: 

• High Performers: Students with consistently high scores across all assessments. 

• Low Performers: Students requiring additional support in specific areas. 

• Balanced Performers: Students with moderate and consistent performance across subjects. 

The clustering process was visualized using DBI values to determine the optimal number of clusters. 

Figure 7: Davies-Bouldin Index (DBI) Analysis for Cluster Optimization 

 

 
Figure 7: DBI Analysis 

 

The cluster characteristics revealed targeted interventions for student groups, enhancing the educational experience. For instance, students 

in Cluster 5 displayed excellent performance in written tests but struggled with oral exams, highlighting the need for tailored 

communication skill programs. 
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Figure 8: Statistical Distribution of Test Scores Across Clusters 

4. Conclusion 

The implementation of the K-Means algorithm successfully grouped students into ten meaningful clusters based on academic performance. 

The findings enable targeted teaching strategies, addressing the specific needs of each group. Future research could expand the dataset to 

include demographic or behavioral variables for deeper analysis. 
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