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Abstract—Academic stress is a common problem experienced by college students due to high academic demands, parental
expectations, and social pressures during their college years. The high levels of academic stress experienced by students underscore
the need for a data-driven approach to more accurately identify and map students’ stress levels. This research aims to compare the
performance of the Agglomerative Hierarchical Clustering (AHC) and K-Means methods in clustering students’ academic stress
levels and to determine which method produces the best clustering quality. Data were obtained from the distribution of the
Perception of Academic Stress Scale (PAS) questionnaire, consisting of 18 statement items, with 361 valid respondents from the
Informatics Engineering Program at UIN SUSKA Riau, class of 2022-2025. The selection of the best linkage method in AHC was
performed using the Cophentic Correlation Coefticient (CCC), where Ward Linkage was selected with the highest CCC value of
0.8180. Comparative evaluation was conducted using the Silhouette Coefficient, Davies-Bouldin Index, and Calinski-Harabasz
Index for variations in the number of clusters from K=2 to K=7. The test results showed that AHC Ward Linkage with K=2 was
the best configuration with a Silhouette Coefficient of 0.4407 and a Davies-Bouldin Index of 0.8373, outperforming K-Means,
which only excelled in the Calinski-Harabasz Index with a value of 419.7405 The clustering resulted in two clusters: High Stress
with 244 students (67.6%) and Low Stress with 117 students (32.4%). The 2023 and 2024 cohorts had the highest proportions of
high stress at 90.4% and 90.6%, respectively. This research contributes empirical evidence comparing hierarchy-based and
partition-based clustering methods for academic stress data, while also demonstrating the use of the Cophenetic Correlation
Coefficient as an objective basis for linkage method selection in AHC. It is hoped that the results of this study can serve as a basis
for the institution in designing targeted mental health intervention programs for students.

Keywords: Academic Stress; Agglomerative Hierarchical Clustering; K-Means; Perception of Academic Stress Scale; University
Students

1. INTRODUCTION

College is a stage of education that requires students to adapt to various challenges, both academic and non-academic.
During this period, students are generally in the transitional age range from late adolescence to early adulthood a
developmental stage that is inherently vulnerable to emotional stress, given the complexity of the social, academic,
and personal issues they face simultaneously [1]. Throughout their academic journey, students often face various
sources of stress, ranging from a heavy course load and expectations from their parents to pressure stemming from
their social environment and peer groups [2]. Among these various sources of pressure, academic issues are believed
to be the most common cause of stress among college students, with study-related activities such as completing
assignments, preparing for exams, and competing for grades being the primary triggers in their daily lives [3]. If these
pressures are not managed effectively, this situation has the potential to develop into academic stress a condition in
which students experience psychological pressure characterized by various physical and emotional responses resulting
from academic demands placed on them by professors and parents, as well as the need to complete assignments on
time [4]. Furthermore, when students experience stress that exceeds their tolerance threshold, they tend to experience
physiological and psychological effects such as chronic fatigue, loss of appetite, headaches, and digestive problems.
In fact, academic stress has been empirically linked to a range of broader negative consequences, including health
problems, anxiety, depression, and a decline in academic performance [3].

Various research findings also indicate that academic stress is quite common among college students. In the
context of online learning, for example, it was found that the largest proportion of students 39.2% experienced
moderate academic stress, while the remainder experienced stress ranging from high to very high [5]. In particular,
students majoring in Informatics Engineering and other engineering fields tend to experience higher levels of academic
stress compared to students in other majors. This is due to a heavy academic workload, a large volume of assignments,
and complex course material [6]. On a global scale, data compiled by the Mental Health Foundation in the UK reveals
that approximately 60% of individuals aged 1824 report high levels of stress [7]. This situation underscores that
academic stress among students articularly those in the Informatics Engineering program is not merely an individual
issue, but rather a systemic phenomenon that requires serious attention, including through data-driven approaches to
identify and map students’ circumstances in a more precise and structured manner.

In this context, data mining technology particularly clustering techniques has emerged as a proven approach
for extracting meaningful information from student data. By definition, clustering is the process of grouping a set of
data objects into distinct clusters based on shared characteristics among the objects [8]. Previous research has explored
the application of various clustering algorithms in mapping students’ academic stress levels. In an investigation by
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Wiranti et al., the K-Means algorithm was applied to categorize 507 students based on their academic stress levels
using the Perception of Academic Stress Scale (PAS) questionnaire. The evaluation results, with a Davies-Bouldin
Index (DBI) of 1.43 and a Silhouette Coefficient of 0.27, yielded two groups: 229 students with low stress levels and
278 students with high stress levels [7]. A subsequent analysis by Alfaiza et al. examined a similar topic by applying
the Fuzzy C-Means (FCM) algorithm to students in the Faculty of Science and Technology, resulting in two optimal
clusters with a Silhouette Coefficient of 0.3056, which divided the students into 313 individuals in the high-stress
category and 274 individuals in the low-stress category [9]. Further work by Wijaya et al. combined the K-Means and
K-Modes algorithms to cluster stressors among current college students, taking into account external variables such
as environmental, financial, family, friendship, romantic, career, and hobby-related factors [10]. In their paper, Trifani
et al. applied the C4.5 classification to determine the stress levels of senior students based on structured academic and
non-academic attributes [11].

Although this prior research has made significant contributions, direct comparisons between hierarchy-based
methods such as AHC and partition-based methods such as K-Means in the context of clustering students’ academic
stress have not yet been widely conducted. K-Means is known to be efficient and easy to implement, but it has the
drawbacks of being sensitive to outliers and requiring the number of clusters (k) to be specified at the start of the
analysis [12]. On the other hand, AHC operates in a bottom-up manner without requiring the specification of k at the
outset and produces dendrogram visualizations that facilitate the interpretation of the data structure [13], [14]. The
work by Sujjada et al. combined AHC with K-Means to cluster data on people with disabilities across 7 provinces in
Indonesia, where AHC served as the initial centroid determiner for K-Means and produced three main clusters with
the best Davies-Bouldin Index (DBI) of 0.662 for two of the clusters [15]. An evaluation by Abdulpatah et al., which
compared K-Means and AHC for clustering rice-producing regions in Indonesia, showed that AHC using the Average
Linkage method produced more optimal performance compared to K -Means, with a Silhouette Coefficient of 0.723
and a Davies-Bouldin Index 0f 0.229, while K-Means achieved a Silhouette Coefficient of 0.696 and a Davies-Bouldin
Index of 0.404 [16]. Research by Husna et al., comparing AHC with K-Medoids on data regarding the types of diseases
among inpatients, also demonstrated the superiority of AHC, where AHC achieved an average Silhouette Coefficient
0f 0.5837, far superior to K-Medoids, which only achieved a value of -0.3558 [17]. Similar findings were obtained in
a publication by Tjipta et al., which compared K-Means++ and AHC for clustering healthcare workers across 38
provinces in Indonesia. AHC outperformed K-Means++ with a Silhouette Score of 0.550 and a Davies-Bouldin Index
0f 0.457, although K-Means++ scored higher on the Calinski-Harabasz Index [18].

This research utilized questionnaire data collected from students in the Informatics Engineering Program at
Sultan Syarif Kasim Riau State Islamic University, class of 2022—2025, using the Perception of Academic Stress Scale
(PAS), which consists of 18 items. This instrument was developed by Bedewy and Gabriel and includes three main
subscales: academic expectations (4 items), academic load (8 items), and academic self-perception (6 items), with a
reliability coefficient of 0.7 [19]. The main objective of this research was to compare the performance of the
Agglomerative Hierarchical Clustering (AHC) and K-Means methods in clustering students based on their level of
academic stress, as well as to determine which method produced the best cluster quality based on the evaluation
metrics of the Silhouette Coefficient, Davies-Bouldin Index, and Calinski-Harabasz Index. The contribution of this
research lies in providing empirical evidence on the comparative performance of a hierarchy-based method (AHC)
and a partition-based method (K-Means) in the context of academic stress clustering, an aspect that has rarely been
explored in previous research. In addition, this research introduces the use of the Cophenetic Correlation Coefficient
(CCCQC) as an objective basis for selecting the optimal linkage method prior to comparison with K-Means, thereby
offering a more rigorous and reproducible methodological framework for future clustering research involving
academic stress data.

2. RESEARCH METHODOLOGY

This section outlines the systematic procedures followed in conducting the research to address the research questions.
The overall research process is presented in Figure 1.

Problem Identification Literature Review Data Collection Data Selection Data Preprocessing
(Data Cleaning)

l

Agglomerative
Conclusion Interpretation Evaluation Hierarchical Clustering Data Transformation
and K-Means

Figure 1. Research flowchart

2.1 Problem Identification

The first step in this research was to identify and define the focus of the issue to be examined. Academic stress was
chosen as the primary focus because it is directly related to the learning environment and can be systematically
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identified, making it more relevant as a basis for academic policy-making compared to non-academic stress, which is
personal in nature and difficult to standardize. The Informatics Engineering Program was chosen because it is an
engineering discipline known for its heavy academic workload. According to Jensen et al., engineering students
consistently identify engineering workload as the primary stressor distinguishing their major from other disciplines,
which includes a high volume of assignments, complex material, and intense time pressure [6]. These factors
inherently influence students’ levels of academic stress. Based on these conditions, this research focuses on comparing
the performance of the Agglomerative Hierarchical Clustering (AHC) and K-Means methods in clustering the
academic stress levels of students in the Informatics Engineering Program at UIN SUSKA Riau.

2.2 Literature Review

A literature review is a crucial stage in research that involves an in-depth examination of the issues that form the focus
of the research. At this stage, the researcher systematically reviews various relevant sources of literature, including
scientific journals, books, and previous studies. This process aims to establish a strong theoretical foundation to
understand and address the issues raised in the research [20]. The literature review in this research encompasses four
main aspects. First, theories regarding academic stress, including definitions and basic concepts, its triggering factors
both internal and external as well as its impact on students’ mental health and academic achievement. Second, a review
of the Agglomerative Hierarchical Clustering (AHC) method, which covers the basic principles of bottom-up
clustering, the mechanism for calculating distances using Euclidean Distance, the cluster merging method (linkage
method), and how to read and interpret the results of dendrogram visualizations. Third, a study of the K-Means
method, covering the basic principles of partition-based clustering, the centroid initialization mechanism, and the
iterative process of cluster assignment and updating. Fourth, a comparative study of the two methods, covering
fundamental differences in how they work, initial parameter requirements, sensitivity to outliers, and the evaluation
metrics used to objectively measure and compare the quality of clustering results.

2.3 Data Collection

In this stage, students of the Informatics Engineering Program at Sultan Syarif Kasim Riau State Islamic University
were designated as the research subjects. This research successfully collected data from 374 respondents (256 males
and 118 females) across four cohorts: 2022 (83 students), 2023 (87 students), 2024 (91 students), and 2025 (113
students). Data collection was administered online via Google Forms. The measurement instrument used was an
adaptation of the Perception of Academic Stress Scale (PAS) developed by Bedewy and Gabriel [19]. This instrument
comprises three main subscales: academic expectations (4 items), academic load (8 items), and academic self-
perception (6 items), totaling 18 statements, as detailed in Table 1. The instrument uses a five-point Likert scale
response format, with the following options: Strongly Disagree (SD), Disagree (D), Neutral (N), Agree (A), and
Strongly Agree (SA). The items in this instrument are divided into two types: Favorable (F) statements, which align
with the construct being measured, and Unfavorable (UF) statements, which are reverse-worded [21].

Table 1. Kuesioner PAS

Instruments SD D N A SA

Academic Expectations
1. Competition with classmates to get good grades is quite intense (F)
2. The Lecturer are critical of my academic performance (F)
3. The Lecturer have unrealistic expectations of me (F)
4. My parents’ unrealistic expectations cause me stress (F)
Academic Load
5. The time allocated for classes and academic assignments is sufficient
(UF)
6. The curriculum load (course material) is too heavy (F)
7.1 feel the number of assignments given is too high (F)
8. I struggle to catch up if I’'m late on assignments (F)
9. I have enough time to rest after studying (UF)
10. Exam questions are usually difficult (F)
11. Exam time feels too short to complete all the answers (F)
12. Exam periods are very stressful for me (F)
Academic Self-Perception
13. T am confident that I will be a successful student (UF)
14. T am confident that I will succeed in my future career (UF)
15. T can make academic decisions easily (UF)
16. I am afraid of failing a course this semester (F)
17. 1 consider my anxiety about exams to be a personal weakness (F)
18. Even if I pass the exams, I am still worried about my job prospects
after graduation (F)
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2.4 Data Selection

The data selection process involves determining the parameters or attributes to be used from the collected dataset for
subsequent steps. Only the eighteen columns of the statement were used as analysis variables. Respondent
demographic data were used separately for the purpose of describing respondent profiles. After the selection stage,
the data were ready for use in the preprocessing and clustering stages using the Agglomerative Hierarchical Clustering
and K-Means methods. Table 2 shows the data used as the basis for the study. In the table, the labels S1 through S18
in the column section represent the 18 statements from the Perception of Academic Stress Scale (PAS) instrument that
were answered by the respondents.

Table 2. Data Selection

No S1(F) S2(F) S3(F) S4(F) S5(UF) S6(F) e S18(F)
| Strongly . - .
Agree Neutral Agree Disagree Neutral Agree Disagree
2 Strongly Acree Strongly Strongly  Strongly Strongly e Strongly
Agree & Agree Agree Agree Agree Agree
3 Disagree Neutral Agree Neutral Neutral Neutral - Agree
372 Disagree Disagree Disagree Neutral Sgcg)rrlég;y Disagree " Neutral
373 . . Strongly e Strongly
Neutral Neutral Disagree Agree Disagree Agree Agree
374 . . Strongly . . Strongly
Disagree Disagree Disagree Disagree Agree Disagree Disagree

2.5 Data Preprocessing (Data Cleaning)

Data preprocessing is a crucial step prior to further analysis. In this research, preprocessing was limited to data
cleaning, which involves examining the data to identify and remove duplicate entries in the Student ID (NIM) column.
Of the total 374 respondents who completed the questionnaire, 361 clean data records were obtained following the
cleaning process. This step was performed to ensure the data used is clean and does not affect the accuracy and validity
of the clustering results [22].

2.6 Data Transformation

Data transformation is the process of converting questionnaire data into a numerical format and standardizing the data
if necessary. This is important to ensure that each variable has an equivalent scale when calculating the distance
between data points using Euclidean Distance [23]. The conversion process was carried out by converting text-based
response categories into numerical values. The scoring scheme was differentiated based on statement type, with
Favorable (F) statements presented in Table 3 and Unfavorable (UF) statements presented in Table 4. Implementing
this reverse-scoring method ensures that the dataset maintains consistent directionality, where higher numerical values
universally indicate elevated levels of academic stress. This uniformity is critically important to prevent mathematical
bias during the subsequent clustering iterations of both the AHC and K-Means algorithms

Table 3. Data Transformation for Favorable (F)

Answer Abbreviation F
Strongly Disagree SD 1
Disagree D 2
Neutral N 3
Agree A 4
Strongly Agree SA 5
Table 4. Data Transformation for Unfavorable (UF)
Answer Abbreviation UF
Strongly Disagree SD 5
Disagree D 4
Neutral N 3
Agree A 2
Strongly Agree SA 1

Table 5 presents the transformed data, which is ready to be used as input for the Agglomerative Hierarchical
Clustering and K-Means methods. Using this standardized matrix, the subsequent phase will evaluate and compare
how effectively each algorithm groups the students based on their stress characteristics.
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Table 5. Data Transfornation

No SI(F) S2(F) S3(F) S4(F) S5(UF) S6(F) ... SI8(F)
1 5 3 4 2 3 4 . 2

2 5 4 5 5 1 5 .. 5

3 2 3 4 3 3 3 ... 4

359 2 2 2 3 1 2 3

360 3 3 2 4 4 5 .

361 2 2 1 2 2 2 .1

2.7 Agglomerative Hierarchical Clustering

Agglomerative Hierarchical Clustering (AHC) is a bottom-up hierarchical clustering method that treats each data point
as an independent cluster in the initial stage, then gradually merges the nearest clusters based on Euclidean distance
and the linkage method until a single large cluster is formed. The clustering results are visualized in the form of a
dendrogram [24], [25]. The overall workflow of this method is presented in Figure 2.

Start — Input Data 4>{ Initialization: each data = 1 cluster I } Compute Eucli distance matrix

¥

Update distance matrix (compute new Find nearest cluster pair {min.
‘ cluster distance to others via inkage) | P2 EEER DU IRy EEE o distance) ‘
: J’ ; 3

Only 1 cluster
remaining?

YES

Full dendrogram formed }—» End

Figure 2. Flowchart of the Agglomerative Hierarchical Clustering Method

Operationally, the main steps in the Agglomerative Hierarchical Clustering (AHC) algorithm are as follows:

a. Cluster Initialization
Set each data object as a single cluster, so that if there are N data objects, there will be N clusters in the initial
stage.

b. Calculating Distances Between Objects (Distance Matrix)
Calculating the distances between data points to determine the proximity of each object using the Euclidean
Distance formula as follows [1]:

d(x,y) = Z?:l(xi - ¥i)? (1

The Euclidean Distance formula is used to calculate the distance between two data objects based on their attribute
values. In this formula, d(x, y)represents the distance between object x and object y, x;and y; represent the i-th
attribute values of objects x and y respectively, while n denotes the number of data variables (attributes) involved
in the calculation.

c. Cluster Merging
Identify the two clusters with the closest distance or highest similarity in the distance matrix, then merge these two
clusters into a single new cluster [26]. Recalculate the distances between the newly formed cluster and the
remaining clusters using the linkage method [14]. The new distances are determined based on the selected method,
including:
1. Single Linkage: The shortest distance between objects.

d(UV)W = min{ dyw, dyw} )
2. Average Linkage: The average distance of all members.
XiXkdik
d = e 3
WW = NN 3)

3. Complete Linkage: The greatest distance between objects.
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d(UV)W = max{dyw, dyw} “4)
4. Ward's Method: Minimize the sum of squared errors (SSE).
SSE = Xi,(x; — %)? (5)

d. Iteration
Repeat steps 3 and 4, reducing the number of clusters by one at each iteration, until all data is merged into a single
cluster.

e. Dendrogram Visualization
The entire process of hierarchical data merging is recorded and visualized in the form of a dendrogram. This
dendrogram illustrates the sequence of cluster merging along with the distances between clusters at each stage.
The optimal number of clusters is determined by cutting the dendrogram at the level where there is a sufficiently
large vertical gap before the next cluster merger, resulting in more homogeneous and clearly distinct groups [27].

2.8 K-Means

K-Means is a partition-based clustering method. This method works by grouping data objects based on the mean value
of each cluster, where the number of clusters (k) must be specified in advance by the user as an initial parameter. The
clustering process proceeds iteratively by assigning each object to the nearest centroid, followed by updating the
centroid’s position based on the cluster members’ mean, until convergence is achieved. However, this method has
several limitations: it is prone to converging on local minima, sensitive to outliers, and can only optimally detect
spherical clusters due to the use of the Euclidean metric. Despite these limitations, K-Means is still recognized for its
flexibility, efficiency, and ease of implementation, making it one of the top ten clustering methods in data mining[28].
The systematic workflow of the method is illustrated as a flowchart in Figure 3.

Start —_— Set number of cluster
Calculate distance object to centroid H Initialization centroid ‘

!

Clustering based on minimum
distance

!

No object move ? —NO

Figure 3. Flowchart Metode K-Means
Operationally, the main steps in the K-Means algorithm are as follows [29]:

a. Determining the number k and Initializing the Centroids
Determine the number k and randomly select initial centroids from the dataset, where each centroid represents
the center of a cluster[30].

b. Calculating the distance between objects
Calculating the distance of each data object from all existing centroids using the Euclidean Distance equation as
shown in formula (1)

c. Assigning Data to Clusters
Assigning each object to the cluster with the nearest centroid.

d. Centroid Update
After all data points have been clustered, the position of each cluster’s centroid is recalculated based on the
average value of all members of that cluster.

e. [Iteration
Repeating steps (b) and (c) iteratively until the centroid positions no longer change, indicating that the algorithm
has reached convergence and the clustering is stable.

2.9 Evaluation

a. Cophenetic Correlation Coefficient (CCC)
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The Cophenetic Correlation Coefficient (CCC) is a coefficient calculated to evaluate the agreement between the
original data distances and the distance measures generated by the clustering process. Specifically, the CCC
measures the extent to which a dendrogram is able to represent the pairwise distances of the original data distance
matrix. This coefficient is calculated by comparing the original distance matrix between data objects with the
cophenetic distance matrix, which is a matrix that replaces the original distances between objects with distances
calculated based on the cluster merger positions on the dendrogram. A high CCC value indicates that the linkage
method is the most accurate clustering and distance measurement criterion for the analyzed dataset [31], [32]. In
this research, CCC was used as the basis for selecting the best linkage method from the four tested candidates :
Single, Complete, Average, and Ward before the selected method was compared with K-Means in the comparative
evaluation stage. The CCC equation is defined as follows[31]:

I 2 ) e GO
JEicsle@n 12 S e -1

(6)

The Cophenetic Correlation Coefficient is used to measure how faithfully a dendrogram preserves the pairwise
distances between the original data points. In this formula, ¢ represents the cophenetic correlation coefficient,
x(i,J) represents the Euclidean distance between objects i and j, and t(i, j) represents the dendrogram distance
between the same pair of objects as represented in the hierarchical clustering tree.
b. Silhouette Coefficient
This method measures how well each data point is grouped into the appropriate cluster by comparing intra-cluster
cohesion (proximity within clusters) and inter-cluster separation. The Silhouette Coefficient ranges from -1 to 1,
where a value close to 1 indicates dense and well-separated [33].
§ b(i)—a(i)
s0) = @@ )
The Silhouette Coefficient is used to evaluate the quality of clustering by measuring how well each data point fits
within its assigned cluster compared to other clusters. In this formula, s(i) represents the silhouette value for the
i-th data point, a(i) represents the average distance between the i-th data point and all other points in the same
cluster, while b(i) represents the average distance between the i-th data point and the points in the nearest
neighboring cluster.
c. Davies-Bouldin index (DBI)
This index measures the average similarity between clusters by comparing intra-cluster dispersion to inter-cluster
separation. The lower the DBI value, the better the clustering quality, as it indicates more compact and clearly
separated clusters [34].

1
DBl = Y, R; (3)

The Davies-Bouldin Index is used to evaluate clustering quality by measuring the average similarity ratio between
each cluster and its most similar counterpart. In this formula, DBIrepresents the Davies-Bouldin Index value,
krepresents the number of clusters formed, and R;represents the similarity ratio of the i-th cluster relative to its
closest neighboring cluster.
d. Calinski-Harabasz index

In addition to the Silhouette Coefficient and the Davies-Bouldin Index, the quality of the results of Agglomerative
Hierarchical Clustering is also evaluated using the Calinski-Harabasz Index (CHI). According to Chicco et al.,
although CHI is a popular metric, its performance is less consistent compared to the Silhouette Coefficient and the
Davies-Bouldin Index in cases of convex clusters with two groups. However, CHI remains useful because it
provides a different perspective on the ratio of between- and within-cluster variance [33].

_ BCSS/(k-1)
CH = wcss/(n—k)

)

The Calinski-Harabasz Index is used to evaluate clustering quality by comparing the dispersion between clusters
to the dispersion within clusters. In this formula, CH represents the Calinski-Harabasz Index value, BCSS
represents the Between-Cluster Sum of Squares which measures the separation between clusters, WSS represents
the Within-Cluster Sum of Squares which measures the compactness of data points within each cluster, k
represents the number of clusters formed, and n represents the total number of data points. A higher CH value
indicates better clustering performance, as it reflects well-separated and compact clusters.

3. RESULT AND DISCUSSION

This chapter presents the results of the processing and analysis of data obtained from the study respondents. The
cleaned and transformed data were analyzed using the Agglomerative Hierarchical Clustering (AHC) and K-Means
methods to compare the quality of clustering among Informatics Engineering students based on their academic stress
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patterns. The clustering results are then discussed in depth to derive interpretations and implications regarding
students’ academic stress conditions.

3.1 Characteristics of Respondents' Answers

Based on the distribution of respondent answers, the Class of 2022 exhibits a pattern dominated by the “Neutral”
response for nearly all statements related to academic workload. This reflects an uncertain attitude, where pressure is
beginning to be felt but has not yet solidified into a firm certainty. Indicators such as grade competition (S1), faculty
expectations (S3), and assignment workload (S7) were mostly in the range of “Disagree” to “Neutral,” indicating that
routine academic workload has not yet been predominantly felt. On the other hand, for statements such as confidence
in career success (S14) and stressful exams (S12), the percentage of responses leans strongly toward “Agree” and
“Strongly Agree.” This pattern indicates that exam pressure is beginning to feel tangible as the final stage of studies
approaches.

Conversely, the Class of 2023 showed a more pronounced pattern toward “Agree” and “Strongly Agree” on
indicators of curriculum workload (S6), fear of failing (S16), and concerns about job prospects (S18), likely driven
by increasing awareness of the professional world. The Class of 2024 exhibits the most extreme pattern, with a
dominance of “Strongly Agree” regarding curriculum workload, fear of failing, and stressful exams. However, this
group most frequently answered “Neutral” regarding confidence in success as a student (S13), indicating that the high
pressure is beginning to erode their self-confidence. This pattern stands in stark contrast to the Class of 2025, which
is dominated by “Strongly Disagree” responses to stress-inducing statements, yet “Strongly Agree” on self-confidence
and sufficient rest time (S5 and S9). This clearly reflects the condition of freshmen who have not yet experienced the
peak of academic pressure, despite having a fairly wide range of individual variations.

3.2 Dendrogram Visualization Using the Agglomerative Hierarchical Clustering Method

The clustering process using the Agglomerative Hierarchical Clustering (AHC) method produced dendrogram
visualizations for four linkage methods: Single, Complete, Average, and Ward, using the Euclidean distance metric.
The results of these four dendrogram visualizations are shown in Figure 4.
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Figure 4. Visualisasi Dendogram

Based on Figure 4, each dendrogram illustrates the bottom-up cluster merging process of the data, starting from
individual clusters and progressing to form a single large hierarchy. The vertical axis shows the Euclidean distance
between the merged clusters, while the horizontal axis shows the sample index or the size of the resulting clusters.

The Single Linkage dendrogram shows the chaining effect, characterized by the sequential and gradual merging
of data with very small distances (ranging from 0 to 4.5), resulting in an unbalanced hierarchical structure that is
difficult to interpret. The Complete Linkage dendrogram produces a more balanced structure with the highest merging
distance reaching 14, indicating a clearer separation between major groups. The Average Linkage dendrogram
produces a fairly proportional hierarchical structure with the highest merging distance around 8.3, showing two main
groups that form naturally. The Ward Linkage dendrogram produces the clearest and easiest-to-interpret structure,
with the highest merge distance reaching nearly 100, where two main groups are visually separated by a very large
distance, indicating the most distinct cluster separation compared to the other three methods.

3.3 Evaluation
3.3.1 Evaluation of Linkage Methods Using the Cophenetic Correlation Coefficient (CCC)

Before conducting a comparative evaluation between AHC and K-Means, the best linkage method was first
determined from the four candidates tested using the Cophenetic Correlation Coefficient (CCC). The results of the
CCC test for the four linkage methods are presented in Table 6.
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Table 6. Results of the Cophenetic Correlation Coefficient Evaluation

Linkage Method  Cophenetic Correlation Coefficient (CCC)

Single Linkage 0,4613
Average Linkage 0,7827
Complete Linkage 0,7848

Ward’s Method 0,8180

Based on Table 6, the Ward Linkage method achieved the highest CCC value of 0.8180, followed by Complete
Linkage (0.7848), Average Linkage (0.7827), and Single Linkage (0.4613). The highest CCC value for Ward Linkage
indicates that the dendrogram generated by this method is the most accurate in representing the distance structure of
the original data compared to the other three methods. Therefore, Ward Linkage was selected as the best AHC
configuration and was subsequently used to represent the AHC method in the comparative evaluation with K-Means.

3.3.2 Comparative Evaluation of AHC (Ward Linkage) and K-Means

A comparative evaluation was conducted to determine which method AHC, Ward Linkage, or K-Means yields the
best clustering quality. The test was conducted on a range of cluster numbers from K=2 to K=7 using three evaluation
metrics: the Silhouette Coefficient, the Davies-Bouldin Index (DBI), and the Calinski-Harabasz Index (CHI). The
complete results are presented in Table 7.

Table 7. Test Result

Method K Silhouette Coefficient  DBI CHI
AHC (Ward) 2 0.4407 0.8373 386.2701
AHC (Ward) 3 0.3556 1.2373 336.8808
AHC (Ward) 4 0.2969 1.7922 249.2395
AHC (Ward) 5 0.1657 2.1135 199.2958
AHC (Ward) 6 0.1589 24315 166.3327
AHC (Ward) 7 0.1555 2.2866 144.1472

K-Means 2 0.4396 0.8888 419.7405
K-Means 3 0.3712 1.1748 353.0966
K-Means 4 0.2367 1.7534 254.7183
K-Means 5 0.1936 2.1586 204.5796
K-Means 6 0.1728 2.2421 172.0275
K-Means 7 0.1373 2.3414 148.5524

The best model was selected based on three evaluation metrics: the highest Silhouette Coefficient (close to 1),
the lowest DBI (close to 0), and the highest CHI. The results of the comparison of the best models based on each
metric are presented in Table 8.

Table 8. Comparison of the Best Models Based on Each Metric

Evaluation Metric Linkage Method K  Value
Silhouette Coefficient ~ AHC (Ward Linkage) 2  0.4407
Davies-Bouldin Index = AHC (Ward Linkage) 2  0.8373

Calinski-Harabasz Index K-Means 2 419.7405

Based on Table 8, there are differences in performance between the two methods across each metric. AHC
with Ward Linkage at K=2 outperforms the other method on two of the three metrics, namely the highest Silhouette
Coefficient of 0.4407 and the lowest Davies-Bouldin Index of 0.8373, indicating that the clusters produced by AHC
are more compact and exhibit better separation between clusters. Meanwhile, K-Means with K=2 achieved the highest
Calinski-Harabasz Index value of 419.7405, indicating a higher ratio of inter-cluster variance to intra-cluster variance.

Considering all three evaluation metrics as a whole, the AHC (Ward Linkage) method with K=2 was selected
as the best and used for interpreting the clustering results. This method yields the highest Silhouette Coefficient value
of 0.4407, followed by a fairly good Davies-Bouldin Index (DBI) value of 0.8373, and a Calinski-Harabasz Index
(CHI) value of 386.2701. A Silhouette Coefficient value of 0.4407 falls into the “weak cluster” category [35]. This
low value is most likely influenced by the large number of respondents who selected “neutral” answers on the
questionnaire, resulting in overlap between clusters and less distinct separation between groups.

3.4 Interpretation

Based on the results of clustering using the AHC (Ward Linkage) method with K=2, all 361 student respondents from
the Informatics Engineering Program at UIN SUSKA Riau, class of 2022-2025, were successfully grouped into two
clusters. A visualization of the data point distribution using Principal Component Analysis (PCA) is shown in Figure
5.
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Figure 5. Cluster Distribution via PCA

Figure 5 shows a visualization of the distribution of data points resulting from clustering using AHC (Ward
Linkage) with K=2, projected into two principal dimensions via Principal Component Analysis (PCA). It can be seen
that the two clusters, namely cluster 0 (blue) and cluster 1 (green), form two fairly well-defined groups in the PCA
projection space. Although there are some data points located in the overlapping region between the two clusters, in
general, the separation between the groups is quite evident.

3.4.1 Average Scores per Questionnaire Item

A comparison of the average scores for each item of the PAS questionnaire for the two clusters resulting from
clustering using the AHC (Ward Linkage) method is presented in Table 9.

Table 9. Average Score for Each Statement Item by Cluster Using the AHC (Ward Linkage) Method

Statement Item Cluster 0 Cluster 1  Score Difference

S1(F) 3.04 1.58 1.46
S2(F) 3.38 1.85 1.53
S3(F) 3.25 1.73 1.52
S4(F) 3.52 2.32 1.20
S5(UF) 3.30 1.38 1.92
S6(F) 4.17 1.57 2.60
S7(F) 3.93 1.94 1.99
S8(F) 3.99 2.04 1.95
S9(UF) 3.08 1.44 1.64
S10(F) 4.07 1.66 2.41
S11(F) 3.97 1.98 1.99
S12(F) 443 2.30 2.13
S13(UF) 2.54 1.58 0.96
S14(UF) 2.20 1.48 0.72
S15(UF) 2.61 1.48 1.13
S16(F) 4.26 2.11 2.15
S17(F) 3.97 2.15 1.82
S18(F) 4.27 2.19 2.08

The “Score Difference” column in Table 9 shows that the items with the largest differences between the two
clusters are S6(F) (difference of 2.60), S10(F) (difference of 2.41), S16 (F) (difference of 2.15), S12(F) (difference of
2.13), and S18(F) (difference of 2.08).

3.4.2 Analysis of Cluster Characteristics

Based on the mapping results in Table 9, there are significant differences in respondent answer patterns between
Cluster 0 and Cluster 1.

a. Characteristics of Cluster 0
In Cluster 0, the overall average scores for all items tend to be very high. The three items with the highest scores
in this cluster are S12(F) (average 4.43), S18(F) (average 4.27), and S16(F) (average 4.26). The high scores on
these items indicate the dominance of stress stemming from academic workload, exams, and expectations of
academic performance. Other indicators such as S6(F) (4.17) and S10(F) (4.07) also show values approaching the
scale’s maximum, reflecting the widespread perception of academic stress. In the unfavorable item group, the
scores were mostly still above the midpoint of the scale, indicating a high influence of environmental expectations
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and negative self-perception. Demographically, Cluster 0 was dominated by 166 male students (68.0%) and 78
female students (32.0%).

b. Characteristics of Cluster 1
Conversely, in Cluster 1, the average scores for all items were well below 2.50 (below the midpoint of the Likert
scale). Although S4(F) (2.32) and S12(F) (2.30) were the highest-scoring items in this group, their scores remained
significantly lower compared to the corresponding indicators in Cluster 0. Unfavorable items in this cluster also
showed very low scores, such as S5(UF) (1.38) and S9(UF) (1.44). This response pattern indicates that respondents
in this cluster do not feel excessively burdened by academic demands and possess a relatively positive self-
perception. The gender composition of respondents in Cluster 1 consists of 79 male students (67.5%) and 38 female
students (32.5%).

c. Conclusion on Cluster Naming
Based on the contrasting characteristics of the two groups, it is clear that Cluster 0 consistently represents a group
of students with high levels of stress and mental burden, while Cluster 1 represents a minimal perceived academic
burden. Therefore, it can be concluded that Cluster 0 is categorized as the High-Stress Cluster, while Cluster 1 is
categorized as the Low-Stress Cluster.

3.4.3 Distribution of Clustering Results

A visualization of the distribution of clustering results is shown in Figure 6.
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Figure 5. Distribution of Clustering Results

Based on Figure 5, the pie chart displays the overall cluster distribution of the 361 student respondents. The
High Stress cluster dominates with a proportion of 67.6% (244 students), while the Low Stress cluster accounts for
only 32.4% (117 students). This composition indicates that more than two-thirds of students in the Informatics
Engineering Program at UIN SUSKA Riau experience high levels of academic stress.

The cluster distribution by cohort is shown via a bar chart in the center of Figure 5. The 2022 cohort consists
of 27 students in the Low Stress cluster and 56 students in the High Stress cluster. The 2023 cohort shows a wider
disparity, with only 8 students in the Low Stress cluster compared to 75 in the High Stress cluster, and a similar pattern
is observed in the 2024 cohort, with 8 students in the Low Stress cluster and 77 in the High Stress cluster. In contrast,
the 2025 cohort shows a significantly different pattern, where the Low Stress cluster dominates with 74 students
compared to 36 High Stress students.

The differences in proportions across cohorts are more clearly illustrated by the percentage chart on the right
side of Figure 5. The 2023 and 2024 cohorts have the highest proportions of High Stress, at 90% and 91% respectively,
while the 2022 cohort stands at 67%. The 2025 cohort is the only one with a more dominant Low Stress proportion,
at 67%, in contrast to the other cohorts. This pattern indicates an accumulation of academic pressure that increases
with each year of study, peaking in the middle cohorts (2023 and 2024), before declining again among the incoming
freshmen of the 2025 cohort, who have not yet fully faced the full academic workload.

3.5 Discussion

The finding of this research indicate that AHC with Ward Linkage at K=2 produced the best clustering quality, with
a Silhouette Coefficient of 0.4407 and a Davies-Bouldin Index of 0.8373, while K-Means was only superior on the
Calinski-Harabasz Index. This result is consistent with several previous comparative studies that also found AHC to
outperform partition-based methods. Abdulpatah et al., in their comparison of K-Means and AHC for clustering rice-
producing regions, reported that AHC using Average Linkage achieved a Silhouette Coefficient of 0.723 and a Davies-
Bouldin Index of 0.229, both better than K-Means, which obtained 0.696 and 0.404, respectively [16]. Similarly,
Husna et al. found that AHC achieved an average Silhouette Coefficient of 0.5837 when compared with K-Medoids
on inpatient disease data, far exceeding K-Medoids, which only reached -0.3558 [17]. A comparable pattern was also
observed by Tjipta et al., where AHC outperformed K-Means++ with a Silhouette Score of 0.550 and a Davies-
Bouldin Index of 0.457, although K-Means++ scored higher on the Calinski-Harabasz Index [18], a finding that
mirrors the result obtained in the present research.
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In terms of cluster composition, this research found that 67.6% of students (244 of 361) belonged to the High
Stress cluster, a proportion that is notably higher than that reported by Wiranti et al., who found 278 of 507 students
(54.8%) in the high-stress category using K-Means with a Davies-Bouldin Index of 1.43 and a Silhouette Coefficient
0f 0.27 [7]. The Davies-Bouldin Index achieved in this research (0.8373) is considerably better than that reported by
Wiranti et al., suggesting that the use of AHC with Ward Linkage, supported by the Cophenetic Correlation Coefficient
as a basis for linkage selection, produced more compact and well-separated clusters. The proportion of high-stress
students found in this research is also higher than the 313 of 587 students (53.3%) reported by Alfaiza et al. using
Fuzzy C-Means [9]. This difference may be attributed to disciplinary characteristics, as the respondents in this research
were drawn specifically from the Informatics Engineering Program, a discipline previously noted by Jensen et al. to
involve a particularly heavy academic workload compared with other fields [6].

The cohort-based pattern observed in this research, where the 2023 and 2024 cohorts showed the highest
proportions of high stress (90% and 91%, respectively) before declining among the 2025 cohort, has not been directly
examined in prior studies on academic stress clustering, since most previous research treated student populations as a
single, undifferentiated group rather than disaggregating results by cohort or year of study [7], [9], [10], [11]. Wiranti
et al. and Alfaiza et al., for instance, reported only the overall proportion of students in the high- and low-stress clusters
without further analyzing how this distribution varied across academic years [7], [9]. By contrast, the cohort-level
analysis in this research reveals that academic stress does not accumulate uniformly across the study period, but instead
peaks among second- and third-year students before declining among first-year students who have not yet been
exposed to the full academic workload of the program.

4. CONCLUSION

This research compares the Agglomerative Hierarchical Clustering (AHC) and K-Means methods in clustering the
academic stress levels of students in the Informatics Engineering Program at UIN Suska Riau, class of 2022-2025,
using the Perception of Academic Stress Scale (PAS), which consists of 18 statements. Data were obtained from 374
respondents, and after undergoing a process of removing duplicate data based on student ID numbers and transforming
the questionnaire data into a numerical format based on the categories Favorable (F) and Unfavorable (UF), 361 valid
data points were obtained and ready for analysis. Prior to the comparative evaluation, the selection of the best linkage
method for AHC was conducted using the Cophenetic Correlation Coefficient (CCC), where Ward Linkage was
selected with the highest CCC value of 0.8180. The results of the comparative evaluation using the Silhouette
Coefficient, Davies-Bouldin Index, and Calinski-Harabasz Index showed that AHC with Ward Linkage and K=2
outperformed the others on two primary metrics: the Silhouette Coefficient of 0.4407 and the DBI of 0.8373, while
K-Means outperformed on the Calinski-Harabasz Index with a value of 419.7405; considering all three metrics, AHC
with Ward Linkage was determined to be the best method for clustering academic stress data in this research. The
clustering results divided 361 students into two clusters: High Stress with 244 students (67.6%) and Low Stress with
117 students (32.4%). Coursework load, exam pressure, and academic performance expectations were recorded as the
most dominant sources of stress, reflected in the high mean scores on items S12(F), S18(F), and S16(F) in the High
Stress cluster. In terms of distribution by cohort, the 2023 and 2024 cohorts recorded the highest proportions of high
stress at 90.4% and 90.6%, respectively, while the 2025 cohort was dominated by the low stress cluster at 67.3% due
to the lack of accumulated academic workload in the early semesters. These findings are expected to serve as a basis
for institutions in designing targeted intervention programs, particularly psychological counseling services and
academic mentoring for students in the middle of their studies. This research has limitations regarding the use of a 5-
point Likert scale, which has the potential to introduce central tendency bias due to the “Neutral” option; future
research is advised to use a 4-point Likert scale to produce more definitive data, and comparisons with other methods
such as DBSCAN or Gaussian Mixture Models (GMM) are also recommended to provide a more comprehensive
picture of the quality of clustering for students’ academic stress data.
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