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Abstract: Students attending school experience stress due to a variety of factors that can originate either on campus or
from home. In managing stress and other related issues, educational institutions now have counselling units that operate
as centres. Moreover, several institutions have designated academic counsellors in departments to address the increasing
demand for counselling services due to an expanding student population. Timely detection and proactive counselling of
stress among students can help avert dropouts, health issues, and other learner behaviours that are detrimental to
academic work. This study proposes two approaches to facilitate the automation of student counselling for stress
management. We first implemented the K-means algorithm and formed clusters using the elbow and the Silhouette
methods. The clusters formed reveal three groups of students. The stressors significantly affected one group, making it
vulnerable. The stressors moderately impacted another group, while the final group experiences minimal stress. In the
second part of the study, we proposed a classification model to identify the cluster group of any new student. The
results of the classification show superior performance for the Decision Tree algorithm with an accuracy of 97.64%.
The improvement in the efficiency of the classification algorithms was attained through feature engineering using the
Chi-square method.

Index Terms: K-means, Decision Tree, Random Forest, Student Stress Analysis, Machine Learning, Artificial
Intelligence, Counselling, Education 4.0

1. Introduction

Stress among students in educational institutions has long been a concern since it affects learners’ academic
performance, mental health, and their overall quality of life [1, 2]. Learners face varying stress levels, including the
persistent pressures of performing well academically, the monetary strain of paying fees and personal expenditures,
relationship stress, and future-related stress of employment. The World Health Organisation (WHO) [3] defines stress
as a natural human reaction that compels individuals to confront challenges and dangers in their lives. The United
Nations Children's Fund (UNICEF) [4] describes stress as an unpleasant experience that occurs when we are
overwhelmed, under pressure, or unable to cope with a situation. Stress has also been defined in literature as a perceived
peril to one's emotional, mental, spiritual, and physical well-being, prompting a cascade of physiological responses and
adaptations [5, 6, 7]. The data on student stress in educational settings are quite alarming. A survey by Transforming
Education [8] reveals that about 80% of American college students identify financial, academic, and daily stress as the
most difficult aspects of their school experience. According to a recent study conducted by Research.com [9], 61% of
students at American universities attribute their low academic performance to stress. In that same report, 40% of college
students in the United States feel inadequately rested five out of seven days a week. This aligns with global trends, as
other studies across continents indicate a high level of stress among university students [10, 11, 12].

Counselling units have generally focused on mitigating stress among university students [13, 14]. The majority of
educational institutions now have counselling centres that are decentralised to the departmental level. The challenge,
however, is the persistent growth of student numbers across tertiary institutions globally. According to the World Bank
[15], there will be over 222 million students enrolled in tertiary institutions worldwide in 2025, an increase from 100
million in 2000. The same report indicates that in Sub-Saharan Africa (SSA), enrolment figures have increased every
two decades since the late 1970s. The conventional method of isolating stressed students for therapy sessions is
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unproductive due to limited time constraints from a growing student population. Automating stress management for
tertiary students will facilitate early diagnosis and mitigate severe acts, such as dropout, academic failure, and other
adverse behaviours.

Machine learning (ML) demonstrates strong automation capabilities with big data, yielding classification
percentages for precise detections across many domains. Recently, machine learning applications in education have
shown a positive trend in alleviating educational challenges. Clustering or unsupervised learning is a ML technique that
identifies groupings in an unlabelled dataset by increasing intra-cluster distances while decreasing inter-cluster
distances [16, 17, 18]. In education, cluster analysis applications include personalised learning, collaborative learning,
student counselling, curriculum development, student monitoring in a virtual learning environment, and sentiment
analysis [19, 20]. In contrast, supervised learning, also known as classification, uses a labelled dataset for predictive
modelling [21, 22]. Classification domain applications in education include academic performance prediction, learner
retention prediction, student lesson engagement prediction, at-risk student prediction, dropout mitigation, and automatic
grading [23, 24]. The diverse application of machine learning with educational data has established the foundation for
the emergence of Education 4.0, which depends on technology and automation to revolutionise teaching and learning.
The transformation of the educational landscape is essential, as pedagogical integration, instruction, and learning must
be adapted to Industry 4.0.

The principal objective of this study is to cluster students according to their stress levels for proactive counselling.
Clustering identifies similar stress types and levels among students, which is important for group counselling. The
second objective is to develop a predictive model that automates future stress clusters of new students. The efficiency of
predictive modelling stems from its ability to recognise learner stress and respond automatically. This effectively
addresses the issue of a rising student population and the continued use of conventional approaches to stress
management and counselling in tertiary institutions. In line with the objectives, we pose the following research
questions:

(1) What is the appropriate number of clusters formed based on the stress level dataset

(2) To what extent does cluster membership varies with respect to distinct features and similarities

(3) Which supervised learning algorithm has the highest performance metrics in clustering stress before and after
feature engineering.

The subsequent sections of the paper are organised as follows: Section 2 examines pertinent material concerning
stress levels using machine learning. Section 3 implements and analyses the methodological approach. Section 4
conducts a rigorous analysis of the cluster simulation and its outcomes. Section 5 analyses the findings in relation to the
literature. In Section 6, we present the conclusion and delineate the study's limitations.

2. Review of Literature

The literature review is organised into two sections. The first section of the review investigates basic research on
factors that cause stress among students and the levels of stress they face. The second section of the review examines
the implementation of machine learning in stress clustering, management and classification.

2.1. Stress and Stressors — Basic Studies

Stressors can be categorised as family-related, university-related, and psychosocial. The family-related stressors
are mainly financial issues, divorce, lack of support, and hereditary diseases [25, 26, 27]. The university-related
stressors include examinations, accommodation, relationships, subject-specific instructors, grade points, and academic
workload [11, 28, 29]. The psychosocial stressors include diet, sleep quality, loneliness, anxiety, self-esteem, and
depression [27, 30, 31].

Several studies have demonstrated that university students encounter diverse stressors and varying levels of stress
while on campus. The following are some basic studies on stress factor determination and levels among university
students. Alkhawaldeh et al. [26] investigated the stressors, stress levels, and coping strategies of university students at
the Sultan Qaboos University (SQU). Their findings indicate that 11.4% of students experience light stress, 75.1% have
considerable stress, and 13.5% have severe stress. Furthermore, the data showed that the highest-ranked factors causing
stress were chronic illness, exam period, low cumulative grade point average (CGPA), and living alone. Shehada et al.
[32] conducted a study at the Faculty of Dentistry, Damascus University, to understand factors causing stress among
dental students. Their findings indicate moderate stress levels among dental students, attributing the primary sources of
stress to academic workload, insufficient dental equipment, and challenges in sourcing clinical case requests. Brett et al.
[33] investigated the well-being among university students in the United Kingdom (UK) and identified the factors that
have a direct correlation with it. Their principal findings demonstrate that residential students experience greater levels
of stress compared to commuters. Moreover, loneliness, feeling of coherence, and resilience emerged as the most
significant indicators of students' well-being. Hanna et al. [34] used descriptive statistics to analyse stressors among
pharmacy students at Queen’s University Belfast in the UK. Their findings indicate that female students experience
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more stress than male students. In addition, the most common stressors were financial, job opportunities, and career
choice. In a related study by Ngaboyishema et al. [35] on stress management at the Adventist University of Central
Africa, female students experience more stress than male students. Furthermore, they discovered that students majoring
in finance have the highest levels of stress. Pitt et al. [36] employed a mixed-methods approach to assess the stress
levels of Australian university students. Their findings identified academic, economic, interpersonal, university
transition, and social support as the primary stressors.

2.2. Stress and Stressors — Machine Learning

Implementing machine learning in learner stress management will allow for more efficient, early, and confidential
diagnosis of students' stressor features and severity levels. Clustering will result in group therapy for students with
comparable stressor characteristics, whilst classification will feed predictive models of stress levels and groups. In the
ML review, we will assess indicators for algorithmic performance comparison, identify the most prevalent algorithm,
and examine validation strategies. Furthermore, a concise discussion of the limitations of each study is presented.

The following are machine learning studies on perceived stress level (PSS) and feature engineering for identifying
prominent factors that influence PSS. Disha Sharma et al. [37] analysed the performance of machine learning
algorithms to detect stress levels among 200 undergraduate students for proactive counselling. The class label, PSS,
consists of normal, moderate, and high stress categories. Random Forest (RF) emerged as the best-performing algorithm
with an accuracy of 94.73%. The study evaluated the RF method to several techniques, including Bayes Net, Nawe
Bayes (NB), Logistic Regression, J48, and multilayer perceptron (MP). Their investigation, however, did not identify
the prevalent stressor and was confined to only classification.

Bhatia et al. [38] proposed a machine learning model to classify academic stress among 1320 students from
colleges in UT Chandigarh. The PSS was categorised as low, medium, and high. Approximately 49.34% of the students
experienced moderate stress. Four machine learning classifiers, including ML-KNNweb, classifier chains, binary
relevance, and OneVsRest, were employed for performance assessment. Their research ranked the following stressor
factors: homesickness, appearance, family pressure, future job uncertainty, concentration, health, study workload,
examination, teacher and student conduct, and finance. The study workload, examination, and future job uncertainty
were identified as the most influential factors in PSS categorisation. The study, however, did not disclose the top-
performing classifiers. Furthermore, the classifier's design did not include any cross-validation technique.

Paul & Resija [39] investigated three types of PSS: acute, episodic, and chronic, among 954 Vimala College
students using machine learning algorithms. The classifier was built using multiple machine learning methods,
including random forest, logistic regression, K-Nearest Neighbor (KNN), Support Vector Machine (SVM), Na'we Bayes
(NB), linear regression, Adaboost, Hist gradient boosting, and decision tree (DT). The RF algorithm emerged as the
superior classifier with an accuracy of 99%. The study, however, was limited to classification and did not identify the
most significant feature influencing the PSS.

Rois et al. [5] proposed a ML model for stress detection among 355 students from twenty-eight different
Bangladeshi universities. They employed the Boruta algorithm for feature engineering to identify prognostic features of
PSS and applied DT, RF, SVM, and linear regression techniques in developing a prediction model. Their findings
indicate that students' academic background, smoking status, sleep state, systolic and diastolic blood pressures, and
pulse rate were significant factors in predicting PSS. The RF algorithm was identified as the most effective method,
achieving an accuracy of 89.72%. The study, however, was limited to only classification.

Ahuja & Banga [40] assessed stress levels among 206 students at the Jaypee Institute of Information Technology
via machine learning methods. The RF, NB, SVM, and KNN classifiers were compared and implemented using the k-
fold cross-validation technique. The results showed that the SVM algorithm performed best, with an accuracy of
85.71%, followed by the RF method at 83.33%. However, the study focused solely on classification and did not
investigate dominating features in determining PSS.

Firoz et al. [41] proposed a machine learning approach to assess mental stress among 1632 Bangladeshi
undergraduates. The study employs features such as CGPA, sleep deprivation, relationship challenges, financial issues,
food aversion, and substance abuse. In building the classifier, the RF, DT, KNN, MultinomialNB, and the SVM were
evaluated for performance. The RF and DT classifiers achieved the highest validation and test scores of 99%. However,
the study was limited to classification, and feature engineering was not considered in the final analysis.

Ding et al. [42] based in an ensemble machine learning model investigated stress among 630 students. The model
was built with the student's heart rate, sleeping rate, eye movement rate, blood oxygen levels, limb movement rate, body
temperature, respiration rate, and snoring range as features. The stress predictor label consists of the following: low,
medium low, medium, medium high, and high. The proposed ensemble classifier comprises a combination of Random
Forest (RF) and Gradient Boosting Machine (GBM). The combined model achieved an accuracy of 100%. Although the
study employed classification, deep learning, and statistical techniques to determine the superiority of the hybrid model,
clustering and feature engineering were not examined.

Gorabal et al. [43] proposed a machine learning model for stress detection by examining the efficacy of RF and DT
algorithms in a cohort of 2,958 students. They identified the following attributes as stressors while constructing the
model: social expectation, academic pressure, financial concerns, and personal issues. The DT emerged as the best
performing algorithm with an accuracy of 99.46%. Nonetheless, clustering and feature engineering were not
implemented in this investigation.
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Filippis et al. [1] investigated stressors among 1100 students using social, academic, environmental, physiological,
and psychological factors. They employed the RF approach to develop a predictive model for the dataset and prioritise
the most critical stressors affecting the students. Their results identified self-esteem and sleep quality as critical
predictors of stress levels in students. Their research, however, has drawbacks, such as the lack of a comparison of the

RF algorithm to other classification methods. The RF algorithm achieved an accuracy of 88%

Table 1. Literature Summary — Machine Learning

Review Classification Clustering Algorithms Best Performing Major Limitation
Algorithm
Disha Sharma et v x RF, Bayes Net, NB, Logistic RF, accuracy = (i) No feature selection
al. [37] Regression, J48, and MP 94.73% (ii) Only classification
. (i) No accuracy reported
_ v N ML-KNNweb, Classifier N (ii) Only classification
Bhatia et al. [38] chains, Binary relevance,
and OneVsRest
I . KNN, SVM, NB, Linear (i) No feature selection
Pau [&;QF]zesua v x regression, Adaboost, Hist RF, accuracy = 99% (ii) Only classification
gradient boosting, and (DT)
i RF, accuracy = (i) Only classification
. v x DT, RF, SVM, and Linear
Rois et al. [5] regression 89.72%
Ahuia & B SUM (i) No feature selection
uja & Banga v % » accuracy = (i) Only classification
[40] RF, NB, SVM, and KNN 85.71%
RF, DT, KNN, (i) No feature selection
Firoz et al. [41] v x MultinomialNB, and the RF, DT, accuracy = (ii) Only classification
99%
SVM
Hybrid RF and GBM, (i) No feature selection
Ding et al. [42] v x RF and GBM accuracy = 100% (i) Only classification
DT, accuracy = (i) No feature selection
Gofa&a;]et al. v x RF and DT 99.46% (ii) Only classification
RF, accuracy = 88% i) Only classification
Filippis et al. [1] v x RF Y 1) Only

Table 1 demonstrates that clustering has not been applied to managing the incidence of stressors and stress levels
among students. However, for effective group counselling with similar learner stressors, clustering is a mandatory
machine learning technique to be applied. The proposed study will investigate the use of clustering in learner stressor
management and build a classification model for future cluster group prediction.

3. Research Methodology

As depicted in Fig. 1, the study consists of two parts. The initial segment pertains to clustering, while the
subsequent segment concerns classification.

Unlabeled
Stress Data

Clustering
Algorithm

)

Classification
Algorithms

New labeled
Data

Clusters

Fig. 1. Proposed methodology diagram
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3.1. Unlabelled Stress Data

The dataset for this stressor research is acquired from GitHub (https:/github.com/Foysal440/Stress-
analysis/blob/main/StressLevelDataset.csv). The dataset consists of 20 stressors and 1100 student responses across
various tertiary institutions. As shown in Table 2, the 20 stressors are grouped into psychological factors, physiological
factors, environmental factors, academic factors, and social factors.

Table 2. Stress Dataset from Github

Category / Factors Stressors
Psychological anxiety level, self-esteem, mental health history, depression
Physiological headache, blood pressure, sleep quality, breathing problems
Environmental noise level, living conditions, safety, basic needs
Academic academic performance, study load, teacher-student relationship, future career concerns
Social social support, peer pressure, extracurricular activities, bullying

3.2. Clustering Algorithm

The dataset informs the selection of the clustering algorithm. K-means groups similar data points based on numeric
data, K-modes based on categorical data, and K-prototypes based on both numeric and categorical data [44, 45]. The
study’s dataset is numeric, hence necessitating the application of the K-means algorithm. Although hierarchical
clustering functions adequately with numeric datasets, it is more efficient for datasets characterised by a limited number
of instances and attributes. Moreover, hierarchical clustering does not necessitate a pre-established number of clusters,
complicating the identification of the best cluster count for certain types of data [46, 47]. In this study, the number of
data instances and features are quite moderate, and based on the dataset, the number of clusters is envisaged ahead of
time. These characteristics make the K-means algorithm appropriate for this research.

3.2.1. K-means Clustering

K-means is a distance-based or a centroid-based clustering algorithm that partitions an unlabelled dataset into
similar groups. The K-means technique employs the cluster centroid to minimise the sum of squared Euclidean
distances between the centroids and their respective cluster members. The primary objective of the K-means algorithm
is to reduce the inter-cluster variance and widen the intra-cluster similarities. The K-means technique involves the
initialisation of data into random clusters. The randomly designated clusters are subsequently allocated a centroid. Each
data point converges towards a cluster centroid by iterative application of a distance metric. The clusters are
continuously redistributed based on the similarity of data points until convergence is achieved, while minimising

dissimilarity [48, 49, 50]. Mathematically, K-means partitions 1 instances of data into k clusters where k < n, and

each data instance is assigned to the cluster with the closest mean. Equation 1 demonstrates the K-means algorithm's
application of Euclidean distance to determine the separation between two data points.

Distg, = Z?:l(‘li —pi)? 1

In Equation 1, g and p represent sample data points within an n-dimensional feature space, yielding a multivariate
mean in Euclidean space. The K-means technique is effective with numerical datasets but underperforms with
categorical and mixed data types. As shown in the process flow diagram in Fig. 2, the K-means uses a series of
algorithmic steps to arrive at the number of centroids.

3.3. Classification

The classification component of the study will forecast future clusters of new students. This study will examine the
machine learning efficacy of the Random Forest (RF) method, the Decision Tree (DT) algorithm, the Support Vector
Machine (SVM), and the K-Nearest Neighbor (KNN). The algorithms were selected due to their superior performance
in the literature

3.3.1. Random Forest (RF)

Random Forest is an ensemble machine learning algorithm. The RF algorithm creates a new dataset from an
existing one by bootstrap aggregation. The RF classifier utilises a synthesis of decision trees to enhance the precision of
its predictions [51, 52].

3.3.2. Decision Tree (DT)

The Decision Tree is a non-parametric supervised learning technique with a hierarchical structure made up of the
root node, branches, internal nodes, and leaf nodes. To ascertain the feature that serves as the root node, methods such
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as information gain, entropy, and Gini index are employed to evaluate the efficacy of a feature in classifying the
provided data [53, 54].

Start

/ Number of cluster K /

y

Centroids

y

Distance of objects to
centroids

No object, move group End

Grouping based on minimum
distance

Fig. 2. Process flow diagram of the K-means algorithm

3.3.3. Support Vector Machine (SVM)

Support Vector Machines are binary classifiers that utilise vector representations of training cases to identify a
hyperplane separating two classes. The SVM explicitly identifies the nearest point and delineates a line by vector
subtraction [46], [48].

3.3.4. K-Nearest Neighbor (KNN)

The K-Nearest Neighbor is an instance-based learning method that utilises proximity to evaluate a data point
against a pre-existing dataset for predictive analysis. The value of K in the KNN algorithm is selected based on the
input data. A noisy input dataset will require a higher selected value of K [56, 57]

3.4. Clustering Parameters

The primary clustering parameters investigated aim to determine the number of clusters using both the elbow
method and the Silhouette method in order to arrive at the optimal cluster.

3.4.1. The Elbow method

The elbow function or method is utilised in clustering to ascertain the optimal number of clusters. The number of
clusters k using the elbow method plateaus at a point where the Within-Cluster Sum of Squares (WCSS) values
decreases as the number of clusters k increases [58].

3.4.2. The Silhouette method

The Silhouette method is a distance-based metric that illustrates the proximity of one cluster point to an adjacent
cluster. It uses the Silhouette coefficient to determine the cohesion among clusters. The Silhouette coefficient varies
from —1 to 1, with a higher value indicating a model characterised by more cohesive clusters [59].

3.5. Classification Performance Metrics

The following classification metrics accuracy, precision, recall, F-measure, and the receiver operating
characteristics curve (ROC-AUC), and the confusion matrix values were compared to select the best classifier. Equation
2 demonstrates that classification accuracy is directly proportional to the ratio of correct predictions. This metric
quantifies the ratio of accurate forecasts to the overall number of predictions made.
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TP+TN

Accuracy = ———
y TP+FP+FN+TN

@)
TN, TP, FN, and FP denote the number of true negatives, true positives, false negatives, and false positives,
respectively.
The precision metric identifies true positives. Equation 3 determines precision by dividing the count of true
positives by the total of true and false positives.

Pr e cision = 3)
TP+FP
The recall measure assesses the quantity of pertinent positive instances. Equation 4 computes recall by dividing the

count of true positives by the sum of true positives and false negatives.

TP
TP+FN

Recall = 4
The F-measure is a quantitative metric utilised to evaluate the efficacy of classifiers. Equation 5 illustrates that the
F-measure is derived from the harmonic mean of precision and recall.

Precision*Re call
F —measure = 2 * m (5)
The ROC curve evaluates a classification model's efficacy and highlights challenges in accurately categorising data
across various thresholds. The ROC curve depicts the correlation between the True Positive Rate (TPR) and the False
Positive Rate (FPR). The Area Under the Curve (AUC) quantifies the distinction between classes. Augmenting the
AUC value of a classifier improves its ability to differentiate between specified classes.

4. Cluster Simulation and Results

In simulation, we used the Anaconda Python distribution from Continuum Analytics (Conda) along with SciPy,
Pandas, NumPy, Matplotlib, and Scikit-learn. The presentation layer integrated Python source code and markdown text
to construct a canvas in Jupyter Notebook.

4.1. Detecting the Number of Clusters

Research Question 1: What is the appropriate number of clusters formed based on the stress level dataset.

To respond to research question 1 and select the number of clusters, the study relied on the elbow and Silhouette
methods. As shown in Fig. 3, for the elbow method, the Within-Cluster Sum of Squares (WCSS) values are important in
selecting the optimal cluster. The point of inflexion, termed the elbow, has values that decrease as the number of

clusters increases. The number of clusters, k selected using the eloow method is 3.

22000 A

20000 ~

18000 A

16000 -

14000 ~

WCSS

12000 -

10000 -

8000 -

6000 -

T

2 4 6 8 10
Values of 'k'

Fig. 3. Optimal cluster number using the elbow method
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The Silhouette score in the Silhouette method for the number of clusters formed determines the cohesion among
the clusters. Fig. 4 demonstrates that the silhouette score attains its maximum value at 5. The disparity in silhouette
score values between clusters 3 and 4 and cluster 5 is, however, negligible. Selecting either cluster 3, 4, or 5 via the
silhouette approach will yield relatively optimal cluster performance and cohesion. The number of clusters selected
using the Silhouette method is 3. This corresponds to the chosen number of clusters using the elbow technique.

0.45 A

0.40 A

0.35 A1

0.30 A

0.25 A

Silhouette Score

0.20 A

0.15 A

0.10 1

T

2 3 4 5 6 74 8 9 10
Values of k

Fig. 4. Optimal cluster number using the Silhouette method

4.2. Cluster Member Distribution and Variation

Research Question 2: To what extent does cluster membership varies with respect to distinct features and
similarities.

In response to research question 2, the cluster member variation analysis was performed in three stages. First,
establish the number of cluster members; second, determine how each cluster member varies based on the features; and
third, depict the cluster cohesiveness plot.

419 365

316

Fig. 5. Cluster members

As shown in Fig. 5, Clusters 0, 1, and 2 have different numbers of members. Cluster 2 has the highest membership
of 419. Subsequently, Cluster 0 comprises 365 members, whereas Cluster 1 has the lowest number of members at 316.
In percentage terms, Cluster 2 has 38.1%, greater than 33.2% of Cluster 0 and 28.7% of Cluster 1.
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Fig. 6 displays the cluster distribution in relation to the stressors. The mean value of the 20 stressors from the
clusters formed and grouped under psychological, physiological, environmental, academic, and social categories are
unique in understanding the cluster members. The stressors have less impact on Cluster 2 members. Despite the
relatively high influence of peer pressure and frequent bullying on students in Cluster 2, they maintain relatively stable
levels of anxiety, depression, and self-esteem. As a result, Cluster 2 members have the lowest blood pressure. Students
in Cluster 2 do not require frequent counselling since the factors that contribute to stress among them are relatively low.
Cluster 1 members have the highest academic scores, with the highest self-esteem, living condition, social support,

Stressor Clusters by PCA Components
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Fig. 7. Stressor Clusters using K-means with Principal Component Analysis (PCA)
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basic needs, safety, and sleep quality. They do not participate in extracurricular activities; they are the least bullied with
the lowest peer pressure. The blood pressure of Cluster 1 members, however, is moderately high. We can infer that
Cluster 1 members are from financially stable homes and their family support systems are extremely high. This Cluster
needs the least attention from the counselling unit compared to the other two clusters. Members of Cluster 0 exhibit the
poorest academic performance alongside the most significant mental health issues, marked by elevated anxiety,
diminished self-esteem, severe depression, frequent headaches, substandard housing conditions, inadequate teacher-
student relationship, and a fragile social support network. Furthermore, individuals of Cluster 0 engage extensively in
extracurricular activities; yet, they often encounter bullying and peer pressure. This cluster group exhibits highly
elevated blood pressure and is significantly affected by noise. Members of Cluster 0, as determined by inference, belong
to households with low income. These are at-risk learners who require regular counselling while on campus.
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Fig. 8. Correlation heatmap between the stressors using PCA for cluster formation

In clustering, we employ Principal Component Analysis (PCA) as a dimensionality reduction method to identify
pertinent features for enhanced cluster segmentation. Numerous studies indicate that K-means algorithms exhibit
enhanced performance when PCA is utilised to diminish noise [60, 61]. The PCA in K-means as shown in Figure 7
visually separates the three clusters by reducing the inter-cluster variance and widening the intra-cluster similarities.
Members of Cluster 0 are relatively dispersed, exhibiting some extreme values. This implies that individual counselling
for Cluster 0 members will be more appropriate than group counselling. However, Cluster 2 members are cohesive,
indicating that generalised group counselling will be appropriate. Cluster 1 members exhibit cohesiveness in their group
with few outliers. A customised group therapy approach will significantly benefit this cluster’s members.

The clusters formed in Figure 7 are influenced by some stressor features in the PCA. As illustrated in Figure 8,
strongly correlated stressors are indicated by dark red colors while weakly correlated features are indicated by dark blue
colours. The heatmap graph shows that blood pressure has a positive influence in cluster segmentation using the PCA
while social support has the least influence in the cluster segmentation process.

4.3. Classification Results

Research Question 3: Which supervised learning algorithm has the highest performance metrics in clustering
stress before and after feature engineering.

In response to research question 3, we evaluated the predictive capabilities of RF, DT, SVM, and KNN algorithms
employing the tenfold cross-validation method. The tenfold cross-validation divides the dataset into ten subsets,
utilising nine for training and one for testing; this procedure is performed ten times, employing new subsets for testing
on each occasion. The cross-validation procedure is relevant to avoid problems of overfitting and underfitting of the

156 Volume 18 (2026), Issue 2



Cluster Pattern Analysis of Students Stress using Machine Learning Algorithms with Feature Engineering

model. To identify the top-performing features that influence a student's cluster, the Chi-square feature selection method
was used. To decrease computational cost, minimise data dimensionality, facilitate model training, and enhance model
performance, the Chi-square feature engineering test is conducted to find the least relevant attributes that have negative,
little, or no effect on the classifiers’ performance. The following machine learning metrics, including accuracy, F-
measure, ROC-AUC, and confusion matrix were evaluated to determine the optimal classification algorithm. As shown
in Table 3, when using the full feature set, the Decision Tree (DT) algorithm has the highest accuracy (97.00%),
followed by the Random Forest (RF) algorithm (96.82%). However, the RF has a slightly higher ROC-AUC value
(0.998) than the DT algorithm (0.975). This indicates that, although the DT is the best-performing predictive algorithm,
the RF algorithm is able to distinguish between classes more effectively. The ROC-AUC is a plot of TP rate against FP
rate. The least-performing algorithm is the KNN, with an accuracy of 92.00%.

Table 3. Model performance before feature selection

Classifier Accuracy F-measure ROC-AUC
RF 96.82 0.968 0.998
DT 97.00 0.970 0.975

SVM 93.00 0.930 0.944
KNN 92.00 0.920 0.939

The feature engineering method assesses the relevance of stressor elements and their influence on developing the
classification model for predictions. The Chi-square method evaluates the relationship between the dataset's features
and the target class variable. As indicated in Table 4, the top four features influencing the predictive model are
depression, future career concerns, blood pressure, and self-esteem. The three least influential factors are mental health
history, living conditions, and study load.

Table 4. Chi-square Feature Selection - Top 8

Feature Chi-square value Rank
depression 1630.64 1
future_career_concerns 1617.97 2
blood_pressure 1611.03 3
self_esteem 1605.76 4
bullying 1559.65 5
sleep_quality 1533.07 6
anxiety _level 1528.25 7
headache 1285.3 8

The model's performance is evaluated post-feature engineering by eliminating the seven ineffective features from
the training dataset. As shown in Table 5, following feature engineering, the performance of all classifiers, with the
exception of SVM, exhibited a marginal improvement. The DT still emerged as the best-performing algorithm with an
accuracy of 97.64%, followed by the RF with an accuracy of 97.00%. The ROC-AUC of RF still outperforms that of
DT. After feature selection, the SVM now became the worst-performing algorithm.

Table 5. Model performance after feature selection

Classifier Accuracy F-measure ROC-AUC
RF 97.00 0.970 0.999
DT 97.64 0.976 0.980

SVM 92.91 0.929 0.943
KNN 94.45 0.945 0.957

In finalizing the best performing classifier between RF and DT algorithms, we used the confusion matrix to assess
the errors related to cluster predictions after feature engineering. The confusion matrix in Fig. 9 shows that the DT
algorithm performs well with Clusters 0 and 1, while the RF algorithm performs better with Cluster 2. In Cluster 0, the
DT incorrectly classifies 10 members as belonging to Cluster 2, whilst the RF misclassifies 14 members as Cluster 2. In
Cluster 1, the DT erroneously classifies 3 members as belonging to Cluster 2, whereas the RF misclassifies 10 members.
In Cluster 2, the DT inaccurately classifies 10 and 3 members as belonging to Clusters 0 and 1, respectively, whereas
the RF misclassifies only 9 members as Cluster 0.
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The Decision Tree (DT) algorithm from the analysis emerged as the best-performing classifier, followed by the
Random Forest (RF) algorithm.
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Fig. 9. Confusion Matrix of Best Performing Classifiers after Feature Selection. () DT. (b) RF. (c) KNN. (d) SVM

5. Discussion and Findings

The study focused on two key objectives. The first step is to group students based on stressors, and the second is to
build a predictive model once the clusters have been formed. Based on the publicly available dataset, we used both the
elbow and Silhouette methods to ascertain the number of clusters that will be formed. The PCA and K-means
algorithms were used to generate three clusters. The interpretation of the clusters reveals peculiarity among cluster
members. The level of risk, or urgency, associated with delivering counselling services varies by cluster. One cluster
group required immediate counselling due to the stress factors affecting their lives on campus. The counselling
department can frequently meet with the at-risk group or offer an online support system to address their concerns. The
at-risk cluster group was affected by almost all the stressors implemented. The counselling department needs a thorough
solution that includes the families of this group of students. A social support system or scholarship programmes are
fundamental to the solution domain. Any delay in addressing the at-risk cluster group will result in learner retention
challenges, poor academic performance, health difficulties, and other undesirable student behaviours. The clustering
also reveals another group, which, according to the stressor analysis, comes from relatively stable families. These
students live in high-quality campus hostels and receive strong support from their families, and teachers. They maintain
a reserved demeanor and lower peer pressure. This group of students needs minimal therapy but should be encouraged
to participate in extracurricular activities and socialise more with their peers. Their socialisation can impact at-risk
students positively and foster a favourable environment for academic pursuits.

A classification model based on the three clusters was built using four supervised machine learning methods. The
classification is crucial in predicting the cluster groupings of future students. This will automate counselling in
institutions, eliminating delays caused by a rising student population. Feature engineering was conducted using the Chi-
square technique during classification to identify the most significant features for cluster predictions. The primary
factors that affected the predictive model significantly are depression, future career concerns, blood pressure, and

158 Volume 18 (2026), Issue 2



Cluster Pattern Analysis of Students Stress using Machine Learning Algorithms with Feature Engineering

self-esteem. The three least impactful features, include mental health history, living conditions, and study load. The
feature evaluation resulted in higher accuracy across three of the classification algorithms. The accuracy, F-measure,
ROC-AUC, and confusion matrix analyses all show that the DT method has the maximum accuracy for the dataset. This
was followed closely by the RF algorithm. However, the SVM algorithm was the least efficient. Research in literature,
including works by Firoz et al. [41] and Gorabal et al. [43] for the study and classification of stressors, consistently
identifies the DT algorithm as the most effective classifier. The good performance of RF was also documented in
literature by Disha Sharma et al. [37], Paul & Resija [39], Rois et al. [5], and Filippis et al. [1]. Even though Filippis et
al. [1] used the same dataset for stressor factor engineering, their study focused on feature importance analysis without
recourse to clustering or building a predictive model.

6. Conclusion, Limitations and Future Work

Stress among students is evident in several studies in the literature, as summarised in the review section of this
paper. Both basic and machine learning studies have pointed to the necessity to analyse stress factors influencing
students and provide effective ways for reducing them. This study used K-means and supervised learning algorithms to
explore stress-related characteristics in students. K-means clustering was employed to identify stressor groups and
create a machine learning system for proactive, rapid, and intelligent group counselling. The results of the unsupervised
portion of the study led to the conclusion that cluster analysis for student counselling in an era of Education 4.0 and a
continuously increasing student population is essential for quality education and learner retention. Furthermore, the
number of clusters formed is determined by the size of the dataset, stressor factor similarities, data type, and the various
cluster numbers obtained using the elbow and silhouette methods. The study also examined PCA in K-means, and the
visual outcomes indicate that PCA is crucial when the number of factors in cluster formation is substantial. PCA in K-
means for cluster analysis brings about cohesion among the cluster groups and a clear separation of one cluster from
another. The classification model applied to the dataset, along with the Chi-square method for feature engineering,
elucidates the machine learning metrics and performance detailed in our study. The four classifiers, namely DT, RF,
SVM, and KNN, demonstrated machine learning performance outcomes corroborated by existing research. The DT
emerged as the best-performing algorithm with an accuracy of 97.64% after feature engineering. In the research, it was
evident that feature engineering can improve the accuracy of a classifier significantly. In summary, one aspect of
education that should be central to educational stakeholders is effective counselling. With the emergence of machine
learning, educational institutions ought to prioritise intelligent applications that assist students with personalised
counselling services and automate counselling procedures to accommaodate the growing student population and mitigate
potential delays in addressing learner issues.

Although the study reveals interesting patterns for cluster analysis and prediction, there were some minor setbacks.
The dataset size is limited and cannot be used to generalise the stressors impacting students across all higher institutions.
A more extensive dataset will enhance the conclusions of this study. Institutional datasets will be distinctive and unique
for counselling at different educational institutions. Despite the implementation of four supervised learning algorithms,
alternative classifiers may yield superior classification accuracy. The study was unable to examine all supervised
learning techniques to reach a comprehensive conclusion based on the dataset. Finally, despite the thoroughness of the
literature analysis, certain review articles may not have been included in this study.

In future research, we will compare supervised learning, statistical analysis, and deep learning methods with
cluster formation and predictive modelling to understand stressors that mostly affect students.
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