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Abstract 
This study aims to compare the performance of five clustering algorithms, a K-Means, K-

Medoids, Fuzzy C-Means (FCM), DBSCAN, and Gaussian Mixture Model (GMM) in profiling 

239 students using quantitative data. The methodology includes data collection, refinement, 

transformation, application of clustering algorithms, and evaluation using the Silhouette Score, 

Davies–Bouldin Index, and execution time. The results indicate that K-Means provides the most 

balanced performance, achieving the highest Silhouette score with well-defined cluster 

separation. K-Medoids and GMM demonstrate competitive performance, while DBSCAN excels 

in detecting outliers but produces an excessive number of clusters, limiting its interpretability 

for profiling. FCM performs the weakest due to poor cluster separability. Overall, K-Means is 

recommended as the primary approach for student profiling, while other algorithms may 

complement specific analytical needs. 
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INTRODUCTION 

Educational Data Mining (EDM) utilizes 

clustering for various purposes, such as mapping 

and grouping student thesis topics to provide a 

basis for academic guidance (Andre et al., 2023). 

Clustering also tracks the evolution of students' 

learning behaviors over time, revealing 

migration patterns between groups and the 

dynamics of the learning process in digital 

environments (Priyambada et al., 2021). The 

method is also used to generate personalized 

exercise recommendations in computational or 

data structure courses (Zhang et al., 2023), and 

for analyzing student performance and 

enrollment selection criteria as a foundation for 

academic decision-making (Fahrudin et al., 

2023; Ghosh et al., 2025). These practices 

follow a similar workflow, including feature 

engineering, data normalization, empirically 

determined cluster number selection, internal 

validation using metrics such as silhouette or 

Davies-Bouldin, and most importantly, 

interpreting student profiles to provide 

actionable insights within pedagogical (Ezugwu 

et al., 2022; Ghosh et al., 2025; Priyambada et 

al., 2021; Xu and Tian, 2015; Zhang et al., 

2023). 

In line with this, the development of 

clustering algorithms can be mapped into several 

complementary families: partitioning, 

hierarchical, density-based, model-based, and 

fuzzy. Comprehensive surveys position 

partitioning approaches as efficient and scalable 

for standardized quantitative data; hierarchical 

methods offer structure and interpretability via 

dendrograms; density-based methods effectively 

reveal arbitrarily shaped clusters and identify 

outliers; while model-based approaches (e.g., 

Gaussian mixture models/EM) and fuzzy (partial 

membership) provide flexibility for overlapping 

distributions and heterogeneous cluster 

variances (Ezugwu et al., 2022). Modern 

practices have added better initialization, 

stringent validation criteria, more systematic 

cluster number determination procedures, and 

mini-batch variants for large-scale data, driving 

wider adoption in educational domains (Xu and 

Tian, 2015). 

The context of EDM further drives the 

next evolution. For longitudinal digital learning, 

cluster evolution analysis maps shifts in student 

profiles, enabling institutions to not only know 

"who is in which cluster," but also "when and 

why migration occurs" insights crucial for 

adaptive interventions and academic support 

scheduling (Priyambada et al., 2021). On the 

other hand, the increasing diversity of data 

sources (activity logs, grades, social interactions, 

and content) encourages the adoption of deep 

multimodal clustering to merge heterogeneous 

representations and uncover richer latent 

structures, all without losing the scalability 
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required for massive learning ecosystems (Raya 

et al., 2024). At the operational level, hybrid 

approaches combining clustering with concept 

drift detection maintain the reliability of student 

profiles when learning behavior patterns shift 

such as due to curriculum changes or learning 

mode alterations ensuring models remain 

relevant to real-time classroom dynamics(Jain et 

al., 2022). 

Consequently, the selection of clustering 

algorithms in EDM becomes goal-specific. 

Partitioning clustering remains ideal for fast 

segmentation of clean, quantitative data; 

medoid-based variants are preferred when 

robustness to outliers and non-Euclidean 

distance matters; fuzzy clustering is prioritized 

when learning profiles overlap and partial 

membership is necessary; while density-based 

methods are useful for finding minority groups 

or identifying uncommon patterns that trigger 

early interventions (Ghosh et al., 2025; Jaiswal, 

2025). Practical evidence demonstrates the 

added value of these techniques: from academic 

topic mapping and thesis interests (Andre et al., 

2023), tracking migration of learning behaviors 

(Priyambada et al., 2021), to adaptive exercise 

recommendations (Zhang et al., 2023) all 

showing that the quality of pedagogical 

decisions improves when the algorithm selection 

aligns with data characteristics and intervention 

goals(Ghosh et al., 2025). 

Based on this review, a prominent 

research gap is the lack of a comprehensive and 

evidence-based decision framework that links 

educational data characteristics (e.g., outlier 

proportions, profile overlap, longitudinal 

dynamics) with the relative performance of 

various clustering algorithm families and their 

impact on pedagogical decisions. While some 

studies focus on internal metric performance, 

few systematically test robustness against 

dynamics (drift), explore ease of interpretation 

for educators, and assess the direct benefits of 

clustering on measurable academic interventions 

(Xu and Tian, 2015). 

Therefore, the goal of this research is to 

develop and evaluate a comparative framework 

for student profiling based on clustering in real-

world EDM contexts: a) modeling and 

comparing several families of algorithms in data 

scenarios representing educational conditions 

(static vs. longitudinal, clean vs. noisy, well-

separated vs. overlapping), b) assessing cluster 

quality with a combination of internal metrics 

and pedagogical utility indicators 

(interpretability, stability against drift, and ease 

of action), and  providing an actionable decision 

map to assist educators and program managers in 

selecting the appropriate clustering approach 

aligned with data characteristics and intervention 

targets in the EDM environment. 

 

LITERATURE REVIEW 

2.1 K-Means Clustering 

K-Means clustering is a non-hierarchical 

data clustering technique that groups data into 

one or more clusters (Jain et al., 2022). In this 

method, data points with similar characteristics 

are assigned to the same cluster, while those with 

differing characteristics are placed into separate 

clusters. As a result, data within the same cluster 

exhibit minimal internal variation, reflecting a 

high degree of homogeneity, whereas data across 

clusters demonstrate greater dissimilarity. 
 

2.2 K-Medoids Clustering 

The K-Medoids algorithm, also known as 

Partitioning Around the Medoids (PAM), is a 

variant of the K-Means algorithm. The key 

difference lies in how the cluster centers are 

determined. While K-Means identifies the 

cluster center based on the mean value 

(centroid), K-Medoids selects the center from 

actual data points (medoids) that best represent 

the cluster (Abbas et al., 2020).A medoid can be 

defined as the object within a cluster that has the 

lowest average dissimilarity compared to all 

other objects in the same cluster. The K-Medoids 

process begins by selecting K initial medoids, 

after which each data point in the dataset is 

assigned to the nearest medoid using a chosen 

distance metric (e.g., Euclidean, Manhattan, or 

others). 

 

2.3 Fuzzy C-Means 

Fuzzy C-Means (FCM) is a clustering 

algorithm that assigns each data point to multiple 

clusters with varying degrees of membership. 

Introduced by Bezdek in 1981, FCM assigns a 

membership value between 0 and 1 to each data 

point, reflecting the degree to which a point 

belongs to a specific cluster. Unlike hard 

clustering, where data points strictly belong to 

one cluster, FCM allows partial membership, 

making it highly useful in scenarios where data 

points exhibit characteristics of multiple clusters 
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simultaneously, such as in educational data 

mining (Bezdek, 1981). 

Unlike hard clustering methods like K-

Means. It minimizes an objective function that 

incorporates both the distance between data 

points and cluster centroids, while considering 

partial membership for each data point. This 

flexibility allows FCM to handle data with 

overlapping characteristics, making it especially 

useful in Educational Data Mining (EDM), 

where students may exhibit multiple profiles, 

such as being academically successful and 

actively participating in extracurricular 

activities. The algorithm iteratively updates 

membership degrees and centroids until 

convergence, allowing for better cluster 

definitions in ambiguous datasets. FCM's key 

advantage lies in its ability to provide fuzzy 

memberships, which are valuable for 

personalized learning interventions and profiling 

students(Zhao et al., 2022). 

 

2.4 DBSCAN Clustering 

DBSCAN (Density-Based Spatial 

Clustering of Applications with Noise) is a 

density-based clustering algorithm that defines 

clusters based on the density of data points in a 

region (Ma et al., 2023). Unlike other clustering 

algorithms, such as K-Means, DBSCAN does 

not require the number of clusters to be 

predefined. It uses two parameters: 𝜖(epsilon) 

and MinPts (minimum points), which together 

define the density of a cluster. The basic idea 

behind DBSCAN is to classify data points into 

three categories: 1) Core points: These are points 

that have at least 𝑀𝑖𝑛𝑃𝑡𝑠 points within a radius 

of 𝜖; 2) Border points: Points that are not core 

points but are within the 𝜖-neighborhood of a 

core point. 3) Noise points: Points that are 

neither core points nor border points, essentially 

outliers. 

DBSCAN starts with an arbitrary point 

and expands the cluster by recursively including 

all points that are density-reachable from the 

initial point. A point is considered density-

reachable if it is within the neighborhood of a 

core point and can be reached by other points in 

the cluster. This method allows DBSCAN to 

discover clusters of arbitrary shapes and is 

particularly effective in identifying and handling 

noise or outliers within the dataset. These 

advancements reinforce DBSCAN’s 

applicability across domains requiring robust 

cluster detection while mitigating traditional 

limitations (Huang et al., 2025). 

 

2.5 Gaussian Mixture Model Clustering 

Gaussian Mixture Model (GMM) 

Clustering is a probabilistic clustering algorithm 

that assumes data is generated from a mixture of 

Gaussian distributions. Unlike hard clustering 

methods like K-Means, where data points are 

strictly assigned to one cluster, GMM assigns 

probabilities for each data point to belong to 

multiple clusters, allowing for soft assignments. 

GMM uses the Expectation-Maximization (EM) 

algorithm, which alternates between two steps: 

the Expectation (E-step), where the probability 

of a data point belonging to each cluster is 

computed, and the Maximization (M-step), 

where the parameters (mean, covariance, and 

mixing coefficient) of the Gaussian components 

are updated to maximize the likelihood of the 

data (Kasa and Rajan, 2023). 

GMM is ideal for data with overlapping 

clusters or complex shapes. It is widely used in 

areas such as image segmentation and student 

profiling in educational data mining. The 

algorithm’s flexibility allows it to model clusters 

with different shapes and densities. However, 

choosing the correct number of clusters remains 

a challenge. 

 

2.6 Silhouette Score 

The Silhouette Score evaluates the quality of 

clustering results by simultaneously considering 

both intra-cluster cohesion and inter-cluster 

separation. For each point 𝑖, 𝑎(𝑖) is calculated as 

the average distance to other points within the 

same cluster (cohesion), and 𝑏(𝑖) as the average 

minimum distance to the nearest cluster 

(separation) (Yang et al., 2024).  

 

𝑠(𝑖) =
𝑏(𝑖)−𝑎(𝑖)

max  {𝑎(𝑖),𝑏(𝑖)}
 (1) 

 

The silhouette coefficient is defined as a value in 

the range [-1,1]. A score close to 1 indicates 

compact and well-separated clusters, around 0 

suggests overlap between clusters, and negative 

values indicate poor assignment. The average 

silhouette score 𝑠(𝑖) is used to select the optimal 

number of clusters or to compare different 

algorithms. In practice, a score greater than 0.5 

is often considered good, though it depends on 

the distance metric and feature scaling; thus, 
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preprocessing (such as standardization) and 

consistency of the metric are essential. The 

silhouette score is particularly effective for 

convex cluster structures but less stable for 

highly variable densities. Therefore, its 

interpretation should be complemented with 

visualizations (e.g., silhouette plots) and other 

metrics. 

 

2.7 Davies Bouldin Score 

Davies-Bouldin Index (DBI) is a metric 

used to evaluate the quality of clustering results 

by measuring both the compactness and 

separation of clusters (Hosen et al., 2023). A 

lower DBI value indicates better clustering. It is 

calculated by evaluating the average similarity 

between each cluster and its most similar cluster, 

based on the ratio of intra-cluster distances to 

inter-cluster distances. The formula is: 

 

𝐷𝐵𝐼 =  
1

𝑁
 ∑

𝑀𝐴𝑋
𝑖 ≠  𝑗

(
𝑆𝑖+𝑆𝑗

𝑑 (𝐶𝑖,𝐶𝑗
)𝑁

𝑖=1  (2) 

 
Where: 

 Si is the average distance between each 

point in cluster iii and its centroid (intra-

cluster scatter). 

 d (Ci, Cj) is the distance between the 

centroids of clusters iii and jjj (inter-cluster 

separation). 

 N is the total number of clusters. 

DBI is particularly useful for comparing 

clustering algorithms and determining the 

optimal number of clusters. A lower DBI 

indicates clusters that are more compact and 

well-separated. It is often used alongside other 

metrics, such as the Silhouette Score, to evaluate 

clustering quality. 

 

METHOD 

The research employs quantitative 

analysis to cluster and profile 239 students 

(referred to as "santri") based on their academic 

performance and extracurricular involvement. 

The methodology used in this study follows a 

systematic process, as defined in Figure 1. 

 

 
Figure 1. Research stages  

 

The explanation of each stage of the research is 

as follows 

1. Data Collection 

Data was gathered from the students, 

including academic records (such as exam 

scores), attendance, and participation in 

extracurricular activities. The dataset 

represents a broad spectrum of student 

behavior and performance indicators, which 

are critical for profiling. This collection 

process ensures that we have a rich, 

multidimensional view of student 

characteristics, enabling meaningful 

clustering. Data collection is the foundation 

of any EDM analysis, and its quality directly 

impacts the accuracy and validity of the 

findings. 

2. Data Refinement 

Once the data is collected, data refinement is 

essential to ensure the dataset’s integrity and 

reliability. This involves removing or 

correcting any missing, inconsistent, or 

outlier values to maintain accuracy and 

prevent bias in the clustering process. 

Outliers are carefully analyzed and removed 

when necessary, as they could distort the 

results. Additionally, numerical data is 

standardized to ensure that all features are on 

the same scale, which is crucial for 

algorithms like K-Means that rely on 

distance-based measures. This normalization 

ensures that no single feature dominates the 

clustering process. Furthermore, only the 

most relevant features, which directly 

contribute to profiling the students, are 

selected for clustering. This feature selection 

reduces noise and enhances the clustering 

algorithm's ability to identify meaningful 

patterns, ultimately improving the overall 

clustering accuracy. 

3. Data Transformation 



Jurnal Informatika dan Rekayasa Perangkat Lunak  ISSN 2656-2855 

Vol. 8, No. 1, March 2026, Page. 147-155  e-ISSN 2685-5518 

 

  151 

Following refinement, the data 

transformation stage ensures the data is in a 

format suitable for clustering algorithms. 

Categorical data, such as student groups or 

extracurricular activities, is converted into 

numerical values using encoding methods 

like one-hot encoding. In cases where the 

dataset contains many features, 

dimensionality reduction techniques, such as 

Principal Component Analysis (PCA), are 

applied to reduce the number of features and 

focus on the most relevant ones. This helps 

improve the clustering efficiency by 

eliminating redundant information and 

highlighting the key attributes necessary for 

meaningful segmentation. 

4. Clustering Algorithm 

The core of the study is the application of 

various clustering algorithms to group the 

students based on their features. The 

algorithms selected for this study include: 

a) K-Means Clustering: This is a 

partitioning-based algorithm that divides 

the dataset into a predefined number of 

clusters (K). It minimizes the variance 

within clusters by assigning each data 

point to the nearest centroid. 

b) K-Medoids Clustering: Similar to K-

Means, but instead of using the mean of 

the points, it uses actual data points 

(medoids) as the cluster center, making it 

more robust to outliers. 

c) Fuzzy C-Means (FCM): This algorithm 

allows for soft clustering, where each 

data point can belong to multiple clusters 

with varying degrees of membership. 

FCM is particularly useful when the 

boundaries between clusters are not well-

defined, such as in student profiling, 

where students might fit into multiple 

categories (e.g., both academic achievers 

and active participants). 

d) DBSCAN (Density-Based Spatial 

Clustering of Applications with Noise): 

This density-based algorithm groups 

points that are close to each other, while 

identifying outliers as noise. DBSCAN 

does not require the number of clusters to 

be predefined, which makes it useful for 

datasets with arbitrary cluster shapes. 

5. Evaluation 

After clustering, the evaluation phase is 

crucial to assess the quality of the clusters 

formed by each algorithm. To evaluate the 

clustering performance, two key metrics are 

used: the Silhouette Score and the Davies-

Bouldin Index (DBI). The Silhouette Score 

measures how similar each data point is to its 

own cluster compared to other clusters. A 

high Silhouette Score indicates that the 

clusters are well-separated and cohesive, with 

each data point closely matching its own 

cluster while being far from other clusters. 

On the other hand, the Davies-Bouldin Index 

(DBI) calculates the average similarity 

between each cluster and the most similar 

cluster. A lower DBI value signifies better 

clustering performance, where the clusters 

are compact (with low internal variance) and 

well-separated from each other. These 

metrics allow for a comprehensive 

assessment of the clustering results, 

providing insights into the effectiveness and 

quality of the clustering algorithms used.Data 

yang digunakan dalam penelitian ini adalah 

data santri sebanyak 239 siswa. 

 

RESULT AND DISCUSSION 

4.1 Clustering Result 

The clustering process was carried out 

using five algorithms : K-Means, K-Medoids, 

Fuzzy C-Means (FCM), DBSCAN, and 

Gaussian Mixture Model (GMM), each 

producing distinct segmentation patterns in the 

student dataset. The results demonstrate how 

each algorithm responds to the structure, 

density, and variability of the data. 

K-Means with 𝐾=3 generated three 

clusters with clear separation when visualized 

using two-dimensional PCA. The plot shows 

two dense, compact groups and one small, 

distant cluster indicating a minority group of 

students whose characteristics differ markedly 

from the majority. This visual structure aligns 

with the high Silhouette Score (0.339), 

suggesting strong cohesion within clusters and 

good separation between them. The 

compactness and clarity of these boundaries 

reflect K-Means’ assumption of spherical 

clusters, which fits well with the underlying 

distribution of the data. 
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Figure 2. Visualization of K-Means scatter plot 

 

K-Medoids (PAM) produced a clustering 

structure similar to K-Means but demonstrated 

tighter handling of outliers due to its medoid-

based centroid selection. While the numerical 

results (Silhouette = 0.331; DBI = 0.915) 

indicate comparable performance to K-Means, 

K-Medoids formed slightly more stable clusters 

around data points with high local density. This 

reflects its robustness to extreme values, 

making it suitable when data variability is high. 

 

 
Figure 3. Visualization of K-Medoids scatter 

plot 

 

FCM with 𝑐=3 resulted in clusters with 

considerable overlap, as reflected in its low 

Silhouette Score (0.201). The fuzziness 

parameter 𝑚 permitted partial membership, but 

in this dataset, the resulting clusters lacked clear 

boundaries. Students were distributed with 

overlapping membership values across clusters, 

indicating that FCM struggled to differentiate 

meaningful student profiles due to the low 

separability of feature space. 

 
Figure 4. Visualization of FCM scatter plot 

 

DBSCAN identified eight clusters, far 

more than the expected three, due to its 

sensitivity to local density variations. This 

caused several micro-clusters and noise points, 

consistent with its low Silhouette (0.311) but 

strong DBI (0.835). The algorithm successfully 

detected outliers but fractured the main data 

body into smaller subgroups, reducing 

interpretability for profiling purposes. 

 

 
Figure 5. Visualization of DBSCAN scatter plot 

 

GMM with three components generated 

Gaussian-shaped clusters that approximately 

matched the main structures observed in K-

Means. With a Silhouette Score of 0.335, GMM 

captured the elliptical spread of clusters slightly 

better than centroid-only methods. However, its 

DBI (0.946) suggests looser separation among 

components, attributable to probabilistic 

overlaps inherent in mixture models. 
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Figure 6. Visualization of GMM scatter plot 

 

4.2 Performance Comparison and Evaluation 

To provide a comprehensive comparison 

of the five clustering algorithms evaluated in this 

study, Table 1 summarizes their performance in 

terms of the number of clusters detected, 

Silhouette Score, Davies–Bouldin Index, and 

execution time. 

 

Table 1. Performance comparasion of method 

Algorith

m 

Numbe

r of 

Cluster 

Silhoutt

e Score 
DBI 

Tim

e 

K-Means 3 0.339 
0.92

3 

0.01

7 

K-

Medoids 
3 0.331 

0.91

5 

0.02

2 

FCM 3 0.201 
1.45

6 

0.00

5 

DBSCAN 8 0.311 
0.83

5 

0.00

3 

GMM 3 0.335 
0.94

5 

0.01

1 

 

K-Means offers the most balanced 

performance on this dataset, achieving the 

highest Silhouette (0.339264) with a competitive 

DBI (0.923717) at low runtime, yielding 

cohesive, well-separated clusters that are easy to 

interpret for profiling. K-Medoids is a close 

second: its slightly lower Silhouette (0.331206) 

is offset by the best DBI among the three-cluster 

methods (0.915448), consistent with stronger 

compactness from medoid centers, at a modest 

computational cost. GMM nearly matches K-

Means on Silhouette (0.335414) with a 

somewhat higher DBI (0.945796) and efficient 

runtime, indicating flexible, anisotropic clusters 

that capture variance well but with looser 

separation. 

DBSCAN attains the lowest DBI overall 

(0.835766) and the fastest runtime, yet its lower 

Silhouette (0.311005) and eight detected clusters 

suggest over-fragmentation driven by density 

sensitivity useful for anomaly discovery, less so 

for canonical profiling. FCM shows the weakest 

structure (Silhouette 0.201471; DBI 1.456483), 

reflecting substantial overlap. Practically, K-

Means is the recommended default for 

actionable student segmentation; K-Medoids is 

preferred when outlier robustness matters; GMM 

suits scenarios needing probabilistic/elliptical 

clusters; DBSCAN is best reserved for irregular 

densities and outlier detection; FCM is less 

suitable here where crisp, interpretable clusters 

are required. 

 

CONCLUSION 

This study compared five clustering 

approaches for profiling 239 students and found 

that K-Means provides the best overall trade-off 

between cohesion, separation, and 

interpretability (highest Silhouette, competitive 

DBI, low runtime), with K-Medoids and GMM 

as close alternatives—respectively stronger to 

outliers and more flexible through probabilistic, 

elliptical components. DBSCAN achieved the 

lowest DBI and fastest runtime but fragmented 

the cohort into many small groups, suiting 

anomaly detection rather than canonical profiles, 

while FCM yielded the weakest separation for 

this dataset. Practically, K-Means is a sensible 

default for actionable segmentation; K-

Medoids/GMM are situationally preferable, and 

DBSCAN is complementary for irregular 

densities and outliers. Future work will extend 

validation beyond internal indices by linking 

clusters to academic outcomes (retention, 

grades) and educator actions; test robustness 

under longitudinal drift; integrate multimodal 

features (logs, text) and deep/semi-supervised 

clustering; automate model selection and 

stability analysis; and incorporate explainability 

and fairness checks to support trustworthy, data-

informed interventions. 
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