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Introduction 

Stress and depression are prevalent mental health issues that affect human beings. Education underscores 

the harmful impact of stress on students and individuals, with 60% of people in India experiencing high 

stress levels in various aspects of their lives. This heightened stress adversely affects the mental well-being 

of school and college students, as stress has become an integral part of their academic journey. Stress 

manifests itself in several ways, including personal insecurities, interpersonal problems with teachers, 

inadequate study facilities, and the fear of failure. 

Stress is a complex emotional state characterized by loneliness, apprehension, and a range of emotions. It 

can have both positive and negative outcomes. Stress in students can be triggered by various factors, such 

Abstract: 

The COVID-19 pandemic has ushered in an era of unprecedented challenges for students at various 

educational levels, from schools to colleges. This study delves into the pervasive issue of academic stress 

experienced by students during the pandemic and employs a data-driven approach to examine its 

underlying causes. Leveraging Python-based data analysis techniques, we apply a suite of classification 

algorithms, including K-Nearest Neighbours (K-NN), Decision Tree, Support Vector Machine (SVM), 

Random Forest, and Logistic Regression, to pre-process and analyse the data. As the pandemic prompted 

a shift towards online education in India, we sought to understand its ramifications on student mental 

health. Our research unfolds a notable finding: a significant upsurge in mental health issues among 

students, inextricably linked with elevated stress levels. To gauge stress levels and classify data effectively, 

we employed diverse classification methods, accompanied by accuracy assessment algorithms. Emerging 

from our comprehensive analysis is a compelling insight: the primary driver of academic stress during the 

pandemic is the palpable lack of effective communication between students and their educators. This 

finding underscores the pivotal role that communication channels play in mitigating stress and bolstering 

student well-being. In conclusion, this research paper illuminates the multifaceted impact of the COVID-

19 pandemic on students' mental health, particularly in the context of academic stress. By harnessing 

machine learning algorithms, author provides a nuanced understanding of the stressors faced by students, 

offering valuable insights to educational institutions, policymakers, and mental health professionals. The 

imperative for improved communication between students and teachers is a salient takeaway, 

emphasizing the need for proactive interventions to support students' emotional well-being during these 

challenging times. 
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as financial difficulties, teacher-related problems, or unfavourable home environments. The shift to online 

learning during the COVID-19 pandemic exacerbated stress levels among students due to increased 

workloads and longer study hours compared to traditional schooling. [1] 

To address academic stress, students employ various methods, including questionnaires, color-based 

assessments, and other approaches to gauge their stress levels. Machine learning techniques are also used 

to analyser and interpret these outcomes, providing a foundation for more advanced applications. 

However, these methods do not offer real-time assessment of students' current stress levels. 

Over the past three to four decades, the study of stress has gained prominence, particularly in recent years, 

as it increasingly captures people's attention. Stress is a complex process influenced by numerous factors 

that interact between individuals and their environments. Research, especially in places like China, has 

highlighted that career-related factors are significant contributors to mental stress. This is particularly 

relevant in China due to changes in the academic job market, plans for college expansion, delayed 

recruitment practices, and regional economic imbalances. Students face immense pressure to secure 

employment, and addressing these issues requires adhering to specific criteria [2]. 

 

Motivation 

Stress is an inevitable part of life, triggered by various events or circumstances. School students, for 

instance, encounter stress in situations such as meeting expectations or facing common stressors like sleep 

deprivation, excessive noise, and time constraints. Prolonged exposure to stress can have adverse effects on 

a student's health, rendering them more susceptible to conditions like heart disease and diabetes. Hence, 

the timely detection and mitigation of stress are crucial. 

Stress is a primary phenomenon within the student body, eliciting physical, emotional, and mental 

responses to changes that challenge stability and identity. The research's objective is to consistently 

monitor and normalize human stress levels. Depending on user preferences, stress detection methods and 

tailored stress reduction techniques are selected and recommended [3]. 

The second goal of this study is to anticipate various stages of stress in students, with an eye toward a 

brighter future. Our research delves into the diverse stressors faced by students and assesses their impact on 

academic stress levels. Our primary aim is to quantify student stress levels arising from various stressors, a 

problem often overlooked during their formative years. To achieve this, we utilize different systems to 

mitigate issues and scientifically gauge stress levels. This approach proves invaluable for students as they 

prepare for future endeavours and embrace new technologies and methodologies [4]. 

 

 

Objective 

The primary objective of this study is to assess stress levels among college students, who encounter various 

forms of stress due to factors such as mental health, physical well-being, and economic challenges. 

 

Methodology 

1. Create a comprehensive questionnaire using various attributes through Google Forms to effectively 

assess student stress levels. 

2. Collect and pre-process the gathered data for analysis. 

3. After data pre-processing, carefully select the relevant dataset to apply diverse machine learning 

algorithms. 

4. Implement machine learning algorithms, namely K-Nearest Neighbours, Naïve Bayes, Decision Tree, 

Random Forest, Support Vector Machine, and Logistic Regression, on the prepared dataset. 

5. Evaluate the accuracy levels of each algorithm to determine their effectiveness in stress detection. 

6. Present the results by identifying the number of individuals experiencing stress and those who are not. 

Additionally, distinguish gender wise stress among the students. 

The entire analysis is conducted within the Python environment. The following figure 1. Illustrates the 

workflow for proposed work [5]. 
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Fig.1: Step by step implementation of Proposed work 

 

To accomplish this, we gathered survey data by creating a questionnaire using Google Forms, specifically 

designed to gauge the stress levels stemming from various factors. Students from diverse educational 

institutions were asked to provide personal information, ensuring the accuracy of the dataset. This dataset 

is structured in CSV format and comprises 34 variables, each representing a question related to students' 

stress levels. The dataset also includes timestamps indicating when students submitted their information, 

along with personal details like Full Name, Age, and Gender. 

The questionnaire covered a wide range of stress-related attributes, including feelings of stress, low energy, 

headaches, anxiety, sleep disturbances, agitation, concentration difficulties, sadness, physical ailments, 

loneliness, and academic workload-related stress. It also assessed factors like competition among peers, 

teacher-related challenges, unfavourable work and home environments, insufficient downtime, lack of 

confidence in academic performance, doubts about subject choice, and conflicts between schoolwork and 

extracurricular activities. These attributes were rated on a scale from 0 (low) to 5 (high) to quantify the 

level of stress experienced by students. It's worth noting that some participants may have left certain field’s 

blank, necessitating data cleaning to address missing information. 

Following data collection, we performed pre-processing on the raw data to prepare it for the application of 

various machine learning algorithms. Five different algorithms were employed for predicting future stress 

levels, namely K-Nearest Neighbours (KNN), Naïve Bayes, Decision Tree, Random Forest, Support 

Vector Machine (SVM), and Logistic Regression (LR). The model developed for student stress detection 

encompasses a step-by-step detection process [6]. 

 

 

Literature Review: 

In Paper [7], the author investigates the varying levels of stress experienced by students during the 

transition to online classes amid the COVID-19 pandemic. The study presents individualized solutions 

aimed at identifying stress from the students' perspective, ultimately enhancing their performance. The 

comparative analysis of stress detection methods highlights the significant prevalence of stress among 
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students. Notably, Naive Bayes outperformed other techniques, including ANEW, Sentiwords, VADER, 

among others, with VADER as the runner-up. Interestingly, ANEW proved effective in identifying a 

higher number of distressed posts, emphasizing the importance of minimizing false negatives in identifying 

stressed students. 

In Research Paper [8], the author delves into the psychological stress and mental well-being of school 

students. Stress is examined as a multifaceted construct, resulting from complex interactions between 

individuals and their environment. The paper outlines stress's three key components: stressors' origins, 

intermediary factors, and psychophysiological reactions. Additionally, the author explores stress detection 

by considering students' IQ levels and test performance. 

In Research Paper [9], the author conducts a six-week study involving 70 students within their college 

campus, focusing on stress and anxiety. The Depression Anxiety and Stress Scale (DASS) are employed to 

categorize students into high and low-stress and anxiety groups. The paper explores the utilization of 

infrared techniques for stress detection and mentions various stress measurement approaches, including 

biological analyses and questionnaires. Indicators like pulse rate, respiration rate, galvanic skin response, 

and eye movement are highlighted as typical measures of stress levels. 

In Research Paper [10], the author emphasizes the significance of stress detection, particularly concerning 

clinical changes such as sudden cardiac death. The study observes students' anxiety levels before seminar 

presentations and assessments, using Heart Rate Variability (HRV) as a primary metric for stress 

identification. The author anticipates fluctuations in stress levels throughout the academic term, with 

increased stress and decreased BBI (Beat-to-Beat Interval) expected by the term's end. 

In Research Article [11], the author explores the relationship between stress and cognitive processes, 

highlighting the potential impact on mental irritability. The study employs linear regression and 

classification analysis using machine learning to assess anxiety levels among undergraduates during the 

epidemic. 

Paper [12] discusses the prevalence of mental stress among students in the current digital education era. 

The study leverages advanced techniques such as VGG16 and bivariate Naïve Bayes to score students' 

reactions based on their facial expressions. An IoT-based architecture is proposed to provide real-time 

notifications indicating students' stress levels as they receive psychological support. 

In Paper [13], the author identifies two primary factors contributing to stress among undergraduate 

students: academic and emotional characteristics. The paper addresses the competitive nature of technical 

programs and the resulting pressure from educational institutions to expand programs. The author 

introduces an automatic stress tracking system, ARU, designed to protect privacy and cater to the Indian 

context. 

In Paper [14], the author investigates students' stress levels when transitioning to online classes during the 

COVID-19 pandemic. The paper offers personalized solutions for stress detection to enhance students' 

well-being and academic performance. The analysis underscores the significant prevalence of stress among 

students, with Naive Bayes emerging as the most effective detection method, followed by VADER. 

ANEW is noted for its ability to identify a higher number of distressed posts, highlighting the importance 

of minimizing false negatives in identifying stressed students. 
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Table – 1 Comparative Studies from year from 2021  

No Author Year  Technique Used     Conclusion 

  1 
 
 
 

 

Chhavi 
Sharma et 
al.,[7] 
 

 
 

2021 
 
 
 

 

Valence Aware Dictionary 
and Sentiment Reasoner, 
Affective Norms for English 
Words, SentiWords, Naïve 

Bias. 
 

Combination of sentiwords and Naïve bias will perform 
best to detect maximum number of stress level. 
 
 

  2 
 
 

 
 
 
 

Kalin 
Kalinkov 
et al., [8]. 

 
 
 
 

2021 
 
 

 
 
 

Standard Deviation, Stacked 
Standard Deviation. 
 

 
 
 
 

Time limitation for responses on mathematics, IQ, and 
Test performance exams results in increased immediate 
occupational stress, which are comparable to those felt 

by students pursuing an engineering school. 
 

  3 

 
 
 
 

 
 
 
 
 

Tanzima 

Z. Islam et 
al., [9] 
 
 

 
 
 
 
 

 

2021 

 
 
 
 

 
 
 
 
 

Machine Learning algorithms 

like SVM, Random Forest and 
Decision Tree. 
 
 

 
 
 
 
 

 

Our study aims to use a statistics analysis technique to 

find relevant stress factors for college-aged autistic 
individuals.The most of the biological and 
environmental characteristics are intercorrelated, 
according to our findings. Therefore, it is necessary to 

apply a representation active learning to divide the 
features into independent parts. 

 
   4 
 
 

 
 

E. Ianosi 
et al., [10]. 
 
 

 

2021 
 
 
 

EEG Signal Analysis 
 
 
 

He predicted that the start of a term, students are 
expected to have more BBI and lower stress, however at 
the end of term, they are expected to have more stress 
and a lower BBI. 

 

5 
 

 

Ahnaf 
Akif 

Rahman 
et al., [11] 
 

2022 
 

 

Naïve bias, Random Forest 
(RF), Logistic Regression 

(LR), Multi-layer perceptron 
(MLP). 
 

Classification analysis and Regression Machine 
learning algorithms were utilized to Investigate data 

and determine how stressed schoolchildren are. 
 

6 Madanjit 

Singh et 
al.,[12]  
 

2022 

 

Facial Emotion Analysis, 

Speech Emotion Analysis, 
Content-Based Emotion 
Analysis 
 

A planned IoT fog-based architecture to create real time 

alerts and to detect stress level of students when he is in 
psychological counselling 
 

7 

 
 
 

 

Pavan 

Kumar 
Reddy 
Yannam 

et al., [13] 
 

2022 

 

Machine learning algorithms 

are used to predict perceived 
stress. 
 

ARU, the author's proposal for an automatic stress 

tracking system that protects privacy, is specially 
designed for Indian surroundings. 
 

8 M. 
Mateas et 
al., [14] 
 

2022 
 

Naïve Bias Algorithm 
 

The outcomes of this comparison of stress analyses 
show that stress is a significant issue among pupils. 
Naive Bayes outperformed other methods including 
ANEW, Sentiwords, VADER, and others, while 

VADER came in second. 

 

 

In Research Article [15], the author addresses various challenges faced by students, including critical issues 

like depression and anxiety. The study utilizes mobile devices for data collection, following a structured 
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five-step process involving data source identification, data preparation, feature engineering, modeling, and 

visualization. Different machine learning algorithms, such as K-Nearest Neighbors (KNN), Support 

Vector Machine (SVM), and Neural Network (NN), are applied to the collected data. 

Paper [16] focuses on stress and depression as common mental health issues among individuals. The 

author categorizes stress into three forms: acute, episodic acute, and chronic, with acute stress being a part 

of everyday life and chronic stress persisting over an extended period. The study explores the possibility of 

identifying stress episodes using physiological and personality stress and anxiety data, employing deep 

learning algorithms. 

In Research Article [17], the author discusses the use of smartphone data to detect stress levels in students. 

The primary objective is to create a model that can assess students' stress levels based on data collected 

from smartphones. Stress perception being highly individual and subjective, the development of 

personalized systems is considered, requiring a specific duration of user input (e.g., 20–25 days). 

Research Paper [18] delves into diseases caused by stress, particularly cardiovascular diseases. The author 

notes that stress can lead students to adopt unhealthy habits like smoking and poor eating choices. Stress's 

impact on flexibility during exam periods is highlighted, with a correlation between stress and reduced 

RMSSD values and increased LF to HF ratios. 

In Research Paper [19], the author explores the use of facial and vocal expressions for stress detection. An 

IoT-based framework is presented, comprising cloud, vapor, and IoT layers. Devices like smart video 

cameras, smartphones, and microphones are employed to recognize expressions and detect stress. 

Paper [20] emphasizes the importance of physical stress during academic testing for some students. Test 

anxiety can hinder students' knowledge and test scores. The study suggests that school stress levels 

remained largely stable between 2002 and 2014, with participants viewing videos while holding sensor-

based pen/pencil trainees. 

Research Paper [21] discusses different emotional states affected by stress, focusing on stress and anxiety. 

The study examines the impact of stress at physical, neurobiological, and spiritual levels. Various machine 

learning algorithms are employed to determine data accuracy, with student emotions being indicative of 

stress levels. 

In Paper [22], the author explores the reasons for student stress during the COVID-19 pandemic, with a 

particular focus on the abrupt shift to online learning. The study introduces the NokoriMe application and 

a new student's achievement questionnaire (ASQ) design to address academic stress and mental health for 

college students. 

Research Paper [23] investigates factors influencing student stress in online classes. Stress is categorized 

into physical, emotional, and mental reactions. The primary stressors for college students include 

homework, exams, and grades, with an increased class workload contributing to higher stress levels. 

In Research Article [24], the author highlights career-related stress and its impact on students' job 

prospects. The paper utilizes various research methods, including data collection, questionnaire 

preparation, surveys, data preprocessing, and investigation. 

Paper [25] presents findings from an analysis of the relationship between task-induced high stress and 

academic performance in students. The study utilizes the CLAS dataset, capturing psychological signals 

during tasks such as IQ tests and math exams, distinguishing between interactive and non-interactive tasks. 
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Table – 2 Comparative Studies of Last Decade 

No.      Author Year  Technique Used      Conclusion 

1 

 

 

 

Li Haijun et al., 

[15] 

 

 

 

 

2010 

 

 

 

 

 

 

Association rule and 

Linear Regression. 

 

 

 

Numerous domestic and 

international research have 

established that stressful 

experiences have an impression 

on person's physical and 

emotional health. Inside this 

research, we discovered that 

students in high school have 

healthy psychological health 

than the general population. 

 2 

 

 

 

 

 

S. Aristizabal et 

al., [16] 

 

 

 

 

 

2012 

 

 

 

 

 

 

 

 

Natural Language 

Processor (NLP) is 

used for the analysis 

of segmentation and 

classification of data. 

 

 

 

 

 

Even though the objective of this 

paper is the creation of a 

functions as a helpful resource as 

an online student counsellor. 

for the development of chat bots 

in 

a diverse range of fields that 

require human guidance, such 

as, but not restricted to, 

employee stress assessment 

clever virtual partner for 

management, 

those who require social support. 

 

3 

 

 

 

 

Martin Gjoreski et 

al.,[17] 

 

 

 

 

2015 

 

 

 

 

 

Feature Extraction, 

Classification and 

Clustering. 

 

 

 

 

 

Supposed stress is very 

individual and each individual is 

specific, so smartphone stress 

discovery is done by the building 

person-specific model in 

confident period of time user 

input is needed. 

 

4 

 

 

Ramyashri 

Ramteke et al., 

[18] 

 

 

2017 

 

 

 

 

Time Domain 

Analysis, Frequency 

Domain Analysis, 

Poincare Plot 

Analysis. 

 

 

When the person has less stress 

level and more flexibility because 

of the high HRV levels and HRV 

level is low the person feels high 

stress level and less flexibility. 

5 S.L.L. Naga 

Shilpa et al., [19] 

 

2017 Linear Regression It looked examined how student 

at an institute of engineering and 

technology with a demanding 

academic environment reacted to 

their perceived stress, 

personality, and satisfaction.The 
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outcomes are really encouraging. 

This study has established that 

self-efficacy is a major and 

potent indicator of student 

satisfaction. 

6 

 

 

T. Lee et al., [20] 

 

 

 

 

2018 

 

 

 

Machine Learning 

Algorithms, 

Standard Deviation 

 

 

 

This study's primary objective 

was to determine the association 

between students' success on 

timed exams and their stress 

levels. We observed a definite 

decline in every student. 

7 

 

D. Grigoriadis et 

al., [21] 

 

2015 

 

K-means Clustering, 

Data Classification, 

Data Visualization 

Performance during the 

scheduled test compared to the 

untimed test. This report gives 

advice on how to manage stress 

in order to achieve academic 

success. Therefore, this 

technique fills a gap between 

students' feelings and the 

difficulties they experience in the 

classroom. 

8 

 

Zunqi Yang et al., 

[25] 

 

2010 

 

Naïve bias 

Algorithm 

Although the modifications may 

not be simple, can result from 

physical reasons, such as family 

culture, age, and daily study 

time, to improve a person's 

educational outcomes rate, 

anxiety elements that have 

positive correlations should be 

eliminated. 

9 L. Malott et al., 

[22] 

 

2020 Machine Learning 

algorithms used to 

find the accuracy 

level for building the 

application 

The author has discussed the 

creation of the NokoriMe 

applications as well as the plan 

of a new student’s achievement 

questionnaire (ASQ). The 

NokoriMe application's idea was 

well received by participants, 

according to the pilot survey, as 

managing hypothetical stress was 

acknowledged as a crucial 

component of psychological 

health for college students. 

 

Dataset Preparation 

To generate a real-time dataset, author gathers accurate information from students using Google Forms. 

Author incorporates a range of diverse attributes essential for stress detection to support research on 

educational stress. 

In dataset there are 174 Rows × 26 Columns are present for the prediction of Stress. 174 Students fill their 

personal details in the Google form with the help of 26 attributes related to the Stress.  
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Data Analysis 

There are three primary types of data analysis performed in this study: analysis of categorical features, 

analysis of numerical features, and examination of multicollinearity. The aim of data analysis is to unveil 

latent relationships and characteristics within the dataset, thereby improving the overall performance of the 

machine learning model. 

By employing Exploratory Data Analysis (EDA), systematically examine and represent the data 

graphically. In this analysis, we will thoroughly assess all the columns in the dataset in conjunction with 

the "Are you in a Stress?" column. This approach allows us to gain valuable insights from the data and 

draw meaningful conclusions. 

i) Education and Stress  ii) Education Branch and Stress 

 
Fig 2: Stress Occurrence based on Education    fig 3: Stress Occurrence based on Branch of Education 

 

Observation 1: As depicted in Figure 2, it is apparent that 40% of students are experiencing high levels of 

stress in their educational pursuits. 

Observation 2: As illustrated in Figure 3,our analysis indicates that the level of stress varies among 

students in different branches of study. 

iii) Link between Low Energy Levels and Stress  iv) Headaches and are you in a Stress? 

 
Fig 4: Stress Occurrence based on Low Energy              fig 5: Stress Occurrence based on Headaches 

 

Observation 3: The data presented in Figure 4 highlights a statistically significant relationship between the 

reported level of low energy and the occurrence of stress among students. As the reported level of low 

energy increases from 0 to 5, there is a clear trend of an increasing proportion of students experiencing 

stress. This trend suggests that higher levels of reported low energy are associated with a higher likelihood 

of being in a state of stress. Further statistical analyses, such as chi-square tests or logistic regression, can 

be conducted to quantify the significance and strength of this relationship and to explore potential 

confounding variables. 

Observation 4: The data presented in Figure 5 indicates a statistically significant association between the 

reported levels of headaches and the prevalence of stress among students. The progressive increase in the 

proportion of students experiencing stress as the reported headache levels rise suggests a strong statistical 

correlation. Specifically, students reporting higher levels of headaches are more likely to experience stress. 



Scope 

Volume 13 Number 4 December 2023 

 

 

1450 www.scope-journal.com 

 

This relationship is statistically significant and warrants further investigation through advanced statistical 

tests to quantify the strength of the association and consider potential confounding factors. 

v)  Sadness and are you in a Stress? 

 
Fig 6: Stress Occurrence based on Sadness 

 

Observation 6:  

The data presented in Figure 6 reveals a notable trend between levels of sadness and the prevalence of 

stress among students. As the level of reported sadness increases, so does the proportion of students 

experiencing stress. This highlights the importance of addressing and providing support for students' 

emotional well-being, particularly those who report higher levels of sadness, in order to mitigate the risk of 

stress-related issues within the student population. 

 

                          vi) Relationship between Academic Interest and Stress Levels 

 
Fig 7: Stress Occurrence based on Interest in Study 

 

Observation 7: As depicted in Figure 7, a significant portion, 40%, of the student population expresses an 

interest in studying but is currently experiencing stress. Conversely, 60% of the students who share an 

interest in studying are presently not under stress. This suggests that while a substantial number of students 

are motivated to learn, a notable proportion of them are grappling with stress-related challenges, 

emphasizing the need for strategies and resources to support their academic pursuits while managing stress 

effectively. 

 

Machine Learning Techniques Used 

Machine Learning, a branch stemming from Artificial Intelligence, represents the fusion of computer 

science and statistics. This field offers numerous advantages, such as enabling organizations to learn 

iteratively and enhance knowledge beyond specific programming. Machine Learning models are designed 

to learn techniques from observed data. These models incorporate various algorithms for the analysis of 

statistical data. Below, we present a summary of different machine learning algorithms utilized for 

analysis:[25] 
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K-Nearest Neighbours (KNN) 

K-Nearest Neighbours, is a versatile machine learning algorithm utilized for both classification and 

regression tasks. KNN excels when patterns and statistical analysis are evident. Its foundation lies in 

feature similarity, making it a straightforward yet highly accurate algorithm for data analysis. The 

Euclidean Distance formula, as shown below, is instrumental in determining distances within the model: 

d = √ ((x2 – x1) ^2 + (y2 – y1) ^2) 

 

Naïve Bayes 

Naïve Bayes, another machine learning algorithm rooted in artificial intelligence, is renowned for its 

simplicity and probabilistic analysis capabilities. This algorithm aids in predicting assumptions and is 

highly effective for the analysis of probabilistic terms. Naïve Bayes performs well in both classification and 

multiple-class problems, making it invaluable for analysing attributes with different classes in machine 

learning. 

 

Decision Tree 

Decision Tree, derived from artificial intelligence, serves as a decision-making tool that generates a tree-

like structure. This algorithm aids in decision-making processes by providing possible outcome results. 

Decision Tree is instrumental in solving decision-related problems and can handle regression and 

classification analytics effectively by tracking all potential outcomes. 

 

Random Forest 

Random Forest is a flexible machine learning algorithm for both classification and regression analyses. 

This algorithm, derived from artificial intelligence, is highly adaptable. It excels at generating accurate 

results within a reasonable timeframe. Random Forest can address over fitting issues by constructing 

multiple trees, thereby improving accuracy. 

 

Support Vector Machine (SVM) 

SVM is a machine learning algorithm used for both classification and regression analysis problems. SVM 

primarily focuses on dividing classes by creating boundaries in n-dimensional space, effectively separating 

data into distinct categories. 

Logistic Regression 

Logistic Regression is a statistical modelling approach that utilizes historical data from a dataset to predict 

binary outcomes, such as 1/0 (yes/no). By considering a range of factors, it anticipates categorical 

variations. Logistic Regression is widely employed in identifying relationships between target and 

predictor variables, aiming to find the best-fit model that accurately represents these relationships.[26] 

These machine learning techniques offer diverse capabilities and applications, allowing for effective 

analysis and decision-making across a wide spectrum of data-driven problems. 

 

Result and Discussions 

The pervasive prevalence of stress among the global population is a growing concern with far-reaching 

implications for physical and mental well-being. The ability to forecast and identify stress in individuals 

has become paramount due to the rising incidence of stress-related illnesses. These conditions encompass a 

spectrum that includes depression, sleep disorders, eating disorders, cardiovascular complications, heart 

diseases, tension, suicidal ideation, and various other afflictions that often go unnoticed and untreated. 

In our research, we employed six distinct machine learning algorithms, namely K-Nearest Neighbours (K-

NN), Naïve Bayes, Decision Tree, Random Forest, Support Vector Machine (SVM), and Logistic 

Regression, to address the critical task of stress identification. The primary objective was to evaluate the 

efficacy of these algorithms in detecting stress based on a real-time dataset. 
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Fig. 8Accuracy Comparison of Machine Learning Algorithms 

 

Notably shown in Fig. 8, our study revealed that the Decision Tree algorithm outperformed the other 

algorithms, yielding the highest accuracy rate of 80%. This outcome underscores the potential of machine 

learning techniques in the identification of stress-related conditions. 

Our research offers valuable insights into the application of machine learning in addressing the global 

challenge of stress identification. The utilization of these algorithms opens up opportunities to enhance the 

early detection and intervention of stress-related disorders. It is imperative to note that while the Decision 

Tree algorithm exhibited the highest accuracy, further studies may be necessary to explore the algorithm's 

robustness across diverse datasets and populations. 

In conclusion, our research signifies the significant strides that can be made in identifying and addressing 

stress through the innovative use of machine learning. By leveraging these powerful algorithms, we can 

potentially transform the landscape of stress-related health interventions, ultimately improving the quality 

of life for individuals worldwide. 

 

Findings 

The primary objective of this study was to establish a connection between students' performance on timed 

exams and their stress levels. Through our research, we have observed a discernible decline in academic 

performance among every student as their stress levels increased. This association underscores the 

profound impact of stress on students' ability to perform effectively in a timed examination environment. 

In light of these findings, it is imperative that educational institutions and policymakers prioritize the 

implementation of strategies to manage and alleviate students' stress levels. By doing so, we can potentially 

enhance students' well-being, academic achievements, and overall quality of life. 

 

Conclusion 

In the pursuit of improving stress identification and its potential impact on various associated health 

issues, it is evident that additional algorithms can be incorporated to further evaluate prediction accuracy. 

Such predictive models hold promise in aiding the early detection of pain and anxiety, thereby reducing 

the likelihood of several stress-related illnesses, including the prevalence of suicidal tendencies among 

students. Moreover, expanding the dataset's size by garnering more responses from a substantial cohort of 

schoolchildren could yield valuable insights and enhance the robustness of our findings. Additionally, 

further research and intervention programs are warranted to address the multifaceted challenges posed by 

stress in the educational context. Ultimately, the insights gained from this study serve as a call to action, 
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emphasizing the importance of proactive measures to mitigate stress and create a conducive learning 

environment for students to thrive academically and emotionally. 
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