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ABSTRACT

ARTICLE INFO

This study aims to model student preferences in forming task groups
using graph theory and spectral clustering. The research involved 2024
cohort students of the IF A Siang class at Universitas Satya Terra
Bhinneka, with preference data collected through a questionnaire
consisting of 30 Likert-scale indicators. The data were transformed into
numerical representations and normalized to ensure balanced feature
contributions. Graph theory was applied to model relationships among
students based on preference similarity, while spectral clustering was used
to form optimal student groups. The results indicate that the optimal
clustering consisted of two clusters, achieving a Silhouette Score of 0.185
and a Davies—Bouldin Index of 1.372, which reflect acceptable clustering
quality for subjective preference data. Network visualization further
shows stronger connectivity within clusters than between clusters,
confirming the effectiveness of the proposed approach. Overall, this
method provides an objective and data-driven alternative to conventional
group formation methods and can support lecturers in forming balanced

and effective task groups.
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1. INTRODUCTION

The formation of task groups is an important component in the learning process at universities
because it affects the effectiveness of collaboration and the achievement of learning objectives. However,
grouping that is done without considering students' characteristics and preferences often results in role
imbalances and lowers the quality of interaction within the group (Mueller et al., 2025; Miiller et al., 2022;
Poort et al., 2022).

The main problem faced in forming task groups is the process of selecting group members, which
is still subjective and not data-driven. Mismatched preferences among students in the group can lead to low
participation, increased internal conflicts, and decreased student satisfaction with the group-based learning
process (Theobald et al., 2017).

In teaching practice, lecturers generally face limitations in time and information to thoroughly
analyze the compatibility among students. As a result, group formation is often done randomly or based on
simple considerations, without systematically taking into account the patterns of relationships and student
preferences. This situation highlights the need for an approach that can process student preference data
objectively and represent relationships between individuals in a more structured way (Putra & Margono,
2025).

Various approaches have been developed to analyze interactions and relationship patterns among
individuals within a group. However, in the context of forming task groups at universities, the use of
computational approaches that can model students' preference relationships relationally is still relatively
limited. This indicates the need for more objective and systematic methods in the group formation process
(Lee & Sharma, 2024).

Based on these issues, this study proposes a solution in the form of modeling student preferences
in forming assignment groups using a graph theory approach and spectral clustering algorithm. This
approach is expected to produce group divisions that are more objective, balanced, and in line with student
preferences. Thus, the results of this study can serve as a decision support alternative for lecturers in

organizing effective and data-driven assignment groups.

2. LITERATURE REVIEW

The formation of groups in the context of education has been extensively studied using
mathematical and computational approaches to understand the patterns of relationships between
individuals. One approach that is often used is graph theory, where individuals are represented as nodes and
the relationships between individuals as edges. This approach allows for the analysis of structured and
measurable relationship structures. Several studies have shown that graph theory is effective in analyzing

group dynamics and social interactions in cooperative learning (Irwan, 2020; Samosir et al., 2024; Sirait et

al., 2024).
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In addition to modeling relationships using graph theory, clustering techniques in data mining are
widely used to group objects based on certain degrees of similarity. The goal of clustering methods is to
maximize similarity within a cluster and minimize similarity between clusters. However, conventional
clustering methods such as K-Means have limitations in handling data with complex structures and non-
linear relationships (Sati et al., 2025).

To overcome these limitations, the spectral clustering method was developed, which is a graph-
based clustering technique that utilizes a similarity matrix and a Laplacian matrix. Spectral clustering has
been shown to produce more optimal groupings on data with nonlinear structures compared to traditional
clustering methods (Favati etal., 2020; Info, 2025; Pourkamali-Anaraki, 2020). Several studies indicate that
this approach is effective in various fields, including regional segmentation, network analysis, and complex
data clustering (Ding et al., 2024).

Although graph theory and spectral clustering have been widely applied, their application in
modeling student preferences for task group formation is still relatively limited. Most group formations are
still carried out subjectively and have not utilized computational analysis of preference relationships.
Therefore, this study aims to fill this gap by combining graph theory and spectral clustering to model student

preferences objectively.

3. METHOD, DATA, AND ANALYSIS

This research method uses a data mining approach with graph-based modeling and spectral
clustering algorithms to form groups of students based on preference similarities. The research stages are
systematically organized, starting from data collection, graph modeling, clustering process, to cluster quality

evaluation.

Implementation .| Calculation and N Result and
| of Spectral Clustering i Evaluation i Conclusion

Data Collection » Data Preprocessing »| Preference Modeling

Figure 1. Research Flow

3.1.  Data Collection

This research method uses a data mining approach with graph theory-based modeling and spectral
clustering algorithms to form groups of students based on preference similarities. The research stages are
systematically organized, starting from data collection, graph modeling, clustering process, to cluster quality
evaluation.
3.2. Data Preprocessing

The data preprocessing stage includes checking data completeness, converting categorical data into
numerical form, and normalizing values to prevent certain attributes from dominating. This process is

important to ensure data quality before performing cluster analysis (Ding et al., 2024; Herdianti et al., 2025).
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3.3.  Preference Modeling Using Graph Theory

Graph theory is used to model relationships between students based on shared preferences. Each
student is represented as a node, while the relationship between students is represented as an edge with a
certain weight (Favati et al., 2020; Pourkamali-Anaraki, 2020; Putri et al., 2022).

The edge weight is determined based on the level of similarity in preferences among students,
calculated from questionnaire data. This relationship is then represented in the form of a similarity matrix
W, where the element W;; indicates the closeness of preferences between student-7 and student-/ (Hidayati
& Surono, 2021; José-Garcia & Goémez-Flores, 2021; Sirait et al., 2024).

The graph theory approach allows for the visualization and analysis of relational structures among
students in a mathematical and measurable way, enabling the connectivity patterns within the group to be
analyzed objectively (Irwan, 2020; Khairunnisa et al., 2022).

3.4. Formation of Graph Laplacian Matrix

Based on the similarity matrix W = [w;;], this represents the relationships between students, where

w;; indicates the level of similarity between student-7 and student-;.

The degree matrix D is defined as a diagonal matrix with elements (Herdianti et al., 2025):

n
Dii = ZWU (1)
=1

with:
e D;; : diagonal element of the degree matrix
® w;;: similarity wight between node-7 and node-/
e 1n: number of nodes (students)
The graph Laplacian matrix is formulated as follows (Herdiant et al., 2025; Putri et al., 2022):
L=D-W (2)
with:
e L: graph Laplacian matrix
e D:degree matrix
e IW: similarity matrix
Next, the normalized Laplacian matrix in symmetric form is used (Hidayati & Surono, 2021; Putri et al.,

2022):
L _L
Lyym =D72(D —W)D"2 (3)

with:

L ¢y normalized Laplacian matrix

1
e D 2:inverse square root of the degree matrix
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This Laplacian matrix serves as the main basis in spectral clustering algorithms because it can represent the
global structure of the graph.
3.5.  Spectral Clustering Algorithm
Spectral clustering algorithm works by utilizing the eigenvalues and eigenvectors of the graph
Laplacian matrix. Several eigenvectors associated with the smallest eigenvalues are selected and arranged
into a new matrix U (Hidayati & Surono, 2021; Putti et al., 2022):
U= [ug,uy, .., uy] (4)
with:
®  Uy: the k cigenvector
e k: the desired number of clustets
Each row in the matrix U is then treated as a new tepresentation of the student data in a lower-
dimensional space. The subsequent clustering process is catried out on the matrix U using the k-means
algorithm to obtain the final clusters (Info, 2025; Putri et al., 2022).
This method has been proven effective in handling data with nonlinear relationships and complex
graph structures compared to conventional clustering methods (Info, 2025; Nurdiana et al., 2022).
3.6. Cluster Quality Evaluation
To assess the quality of clustering results, internal clustering evaluation methods are used, namely
the Silhouette Coefficient and the Davies-Bouldin Index (DBI) (Clustering & Belajar, 2022; Sari etal., 2025).
3.6.1. Silhouette Coefficient

The silhouette value for each data point is calculated using the following equation (Sati et al., 2025):

@) —a()
SO = L (@D, (D)} ©)

e a(i): is the average distance from a data point to all members in the same cluster
e  b(i): is the minimum average distance from a data point to another cluster
The silhouette value ranges from [—1,1], where a value approaching 1 indicates good cluster quality.
3.6.2. Davies-Bouldin Index (DBI)
The Davies—Bouldin index is used to measure the ratio of intra-cluster similarity to inter-cluster
distance. DBI is formulated as follows (Clustering & Belajar, 2022; José-Garcia & Goémez-Flores, 2021;
Vergara et al., 2020):

k
1 Si+5;
DBI = % max (6)

o\ My

with:
e S;:is the average distance of cluster members to the centroid of the I cluster
® M;j:is the distance between the centroids of the i and j clusters
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e k: is the number of clusters

A smaller DBI value indicates better cluster quality.

4. RESULT AND DISCUSSION
4.1.  Research Data

This study involved 52 students from the IF A Day class at Satya Terra Bhinneka University, class
of 2024, as respondents. Data were obtained through a questionnaire on preferences in project group
formation, consisting of 30 Likert scale statements with a score range of 1-5. One question regarding the
frequency of group work experience was not included in the grouping process because it was descriptive in
nature and did not represent a preference.

Before clustering is carried out, numerical data is normalized using the standardization method to
ensure that each variable has a balanced contribution in distance calculations. The preprocessed data is then
used as input for clustering algorithms and graph modeling.

4.2.  Determination of the Optimal Number of Cluster

The determination of the optimal number of clusters was carried out using the Silhouette Score
with variations in the number of clusters (k) from 2 to 8. This method is used to measure the closeness of
objects within a cluster and their separation from other clusters.

The test results show that the highest Silhouette Score was obtained at k = 2 with a score of 0.185,
so the optimal number of clusters to be used in the next stage is two clusters.

Table 1. Silhouette Scores for Various Numbers of Clusters

Number of Clusters k Silhouette Score

2 0,185
0,145
0,134
0,139
0,147
0,136
0,144

0 N SN bW

A relatively low Silhouette value indicates that the students' preference data has complex and
overlapping characteristics, but dividing it into two clusters still provides the most stable structure compared
to other numbers of clusters.

4.3. Clustering Results Using Spectral Clustering

After the number of clusters is determined, the clustering process is carried out using the Spectral
Clustering algorithm. This algorithm utilizes a similarity matrix and graph structure to group data based on
non-linear relationships between objects. The results of Spectral Clustering show that the students are

divided into two clusters with the following distribution.
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Table 2. Distribution of the Number of Students in Each Cluster

Cluster Number of Students
Cluster 0 40
Cluster 1 12

The distribution shows that the majority of students have relatively homogeneous preference
patterns, while a small number of students form groups with different preference characteristics. This
condition indicates the presence of variation in tendencies regarding how students choose members for task
groups.

4.4.  Evaluation of Clustering Result Quality
4.4.1. Silhouette Score

A Silhouette Score of 0.185 indicates that the quality of cluster separation is at a moderate level.
Although it does not show very strong separation, this value is still acceptable considering that the data used
is subjective and multidimensional, which tends to have ovetlaps between respondents' preferences.

4.4.2. Davies-Bouldin Index (DBI)

In addition to the Silhouette Score, cluster quality evaluation was also conducted using the Davies—
Bouldin Index (DBI). The calculation results showed a DBI value of 1.372. This value indicates that the
distance between clusters is relatively larger compared to the variation within clusters, suggesting that the
formed cluster structure can still be considered suitable for analyzing task group formation.

Tabel 3. Clustering Quality Evaluation Score

Evaluation Method Value
Silhouette Score 0,185
Davies-Bouldin Index 1,372

4.5.  Visualization of Student Preference Networks

To strengthen the interpretation of clustering results, network visualization is carried out using a
graph theory approach. Each node represents a student, while the edges indicate the level of similarity in
preferences based on cosine similarity. The color of the nodes represents the clustering results from the

Spectral Clustering algorithm.

RO, s

Figure 2. Graph Before Clustering
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Based on Figure 2, it can be seen that the raw graph produced from the node formation process

has not undergone spectral clustering, and therefore does not produce interactions to connect with each

other.

Network Graph — nodes colored by Spectral Cluster

Figure 3. Student Preference Network Graph Based on Spectral Clustering

Based on Figure 3, it can be seen that students within the same cluster tend to form groups of
nodes that are more closely connected. Conversely, connections between clusters are relatively rare,
indicating a separation in the preference structure between groups. This visualization reinforces the results
of the quantitative evaluation that Spectral Clustering is able to capture the pattern of student preference
relationships more representatively.

4.6. Discussion

The research results show that an approach based on graph theory and Spectral Clustering can be
used to model student preferences in forming task groups objectively. Compared to centroid-based methods
like K-Means, Spectral Clustering is better able to capture non-linear relationships that arise from similarities

in student preferences.

The Adjusted Rand Index (ARI) value of 0.239 between the results of K-Means and Spectral
Clustering indicates a fairly significant difference in cluster structure. This confirms that a graph-based
approach provides an additional perspective in understanding student preference patterns. Thus, the
clustering results obtained can be used as a supporting basis for lecturers in organizing more balanced task

groups that align with student preferences.
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5. CONCLUSION AND SUGGESTION

Based on the research results, student preference data obtained through a questionnaire with 30
Likert scale indicators can be represented quantitatively and processed objectively through a preprocessing
stage that includes feature selection and normalization. The application of graph theory has been proven
effective in modeling the similarity relationships among students, where network visualizations show
stronger connections within clusters compared to between clusters. Clustering using Spectral Clustering
with two optimal clusters resulted in fairly good separation quality, as indicated by a Silhouette Score of
0.185 and a Davies—Bouldin Index of 1.372, which is still acceptable for subjective preference data. The
difference in results between Spectral Clustering and K-Means, with an Adjusted Rand Index of 0.239,
highlights the advantage of the graph-based approach in handling non-linear relationships. Overall, this
approach has the potential to serve as a data-driven and objective decision support alternative in forming
student task groups to enhance the quality of collaboration and the effectiveness of group-based learning.

As a recommendation for future research, it is suggested to increase the number of respondents,
combine students' preferences with other indicators such as academic ability or learning styles, and compare
Spectral Clustering with other graph-based clustering methods. With these developments, the task group

formation model is expected to become more comprehensive and adaptive to various learning contexts.
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