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longed stress can lead to serious health problems such as cancer, cardiovascular disease, depres-
sion, and diabetes. However, identifying and tracking a person's stress levels is difficult. Many
machine learning methods have been proposed in the literature to address this issue. The primary

April 4,2026 aim of this study is to develop an accurate and rapid framework for detecting a person's stress
Keywords: levels and estimating their degree of stress. In this proposed study, a machine learning-based
Human Stress approach using an integrated feature selection technique is proposed for human stress detection.
Preprocessing The dataset is preprocessed using Label Encoding, and the imbalanced dataset is addressed using
RFE SMOTE. The dataset is normalized to ensure consistency. The integrated feature selection tech-
Integrated feature Selection nique, Recursive Feature Elimination (RFE), is then applied to select the most crucial features

Machine Learning for building the system. Finally, several classification algorithms, such as Decision Tree (DT),

Random Forest, Gradient Boosting, AdaBoost, XGBoost, and Extra Tree Classifier, are utilized
to identify the stress level of humans. The experiments are conducted on the SWELL-KW da-
taset.

© 2026 by the authors; licensee Growing Sci6bnee, Canada.

1. Introduction

Mental health issues are negatively impacting individuals' overall well-being (Ahuja & Banga, 2019). These issues create
an acute stress response that consists of both subjective, psychological components as well as objectively measurable bio-
logical components (Vos et al., 2022). The prevalence of depression, anxiety, stress, and other stress-related illnesses has
significantly increased on a global scale, affecting around 280 million people due to these health issues (Ghosh et al., 2022;
Rois et al., 2021). The current information age is becoming increasingly sophisticated, comfortable, and technologically
advanced (Garcia-Ceja et al., 2018). Not only has technology brought comfort, but it also promotes unhealthy lifestyle
habits such as poor eating habits, lack of exercise, and insufficient sleep. These behaviors can negatively impact an individ-
ual's life (Elzeiny & Qaraqe, 2018). Additionally, lifestyle has become more knowledge-based, resulting in sedentary em-
ployment that has spawned a number of health and mental disorders by disregarding mental health (Garcia-Ceja et al.,
2018). A mental health problem or mental illness is a health condition that impacts how an individual feels, thinks, acts,
and communicates. These health issues can have direct and indirect effects on other aspects of human physiology and impair
a person's daily activities and performance (Garcia-Ceja et al., 2018). Mental health problems or mental illness include
emotional, cognitive, behavioral, or combination-related health conditions that are associated with social, occupational, or
familial issues. Therefore, mental health issues also impact daily activities. Anxiety, depression, and stress are examples of
mental health issues, as are schizophrenia disorders (Mohd Shafiee & Mutalib, 2020). Changes in mood, personality, ina-
bility to cope with daily problems or stress, withdrawal from friends and activities, and other mental health issues are
prevalent worldwide (Garcia-Ceja et al., 2018). This has created a concerning situation for the mental health of adolescents
and young people worldwide (Pabreja et al., 2020). Stress is the response of the human body to a demanding condition that
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is characterized by extreme anxiety or strain. It is a psychophysiological state of extreme discomfort and distress that can
be extrapolated to acute mental health conditions such as depression or panic attacks (Gedam & Paul, 2021). It is not a
psychiatric diagnosis, but it is closely associated with a number of mental health disorders, including depression, anxiety,
psychosis, and post-traumatic stress disorder (Rois et al., 2021).

Increasingly hurried and focused lifestyles indicate that stress is an integral part of human life and is considered more
adaptable than anxiety (Ahuja & Banga, 2019). Anxiety and stress are frequently accompanied by comparable physical
symptoms, such as a rapid heartbeat, sweaty palms, and a pounding stomach, which are triggered by neuronal circuits that
are excessively dense when the brain fails to distinguish between an apparent and a real threat (Ahuja & Banga, 2019).
There is not a single person in the world who does not experience stress or depression. Stress is a significant indicator of
mental health. It influences every aspect of a person's life, including their emotions, thoughts, and actions (Ahuja & Banga,
2019). The pursuit of success, academic and occupational pressures are among the primary causes of stress. As a result,
stress levels are increasing in modern society (Acikmese & Alptekin, 2019). Stress is a change that strains the body, mind,
or spirit. Environmental change triggers a cascade of brain and body biological responses. The stress response assists or-
ganisms in adapting to their altering internal and external environments. This is accomplished by energy mobilization and
redistribution to adaptive response organs. The biological stress response is adaptive and beneficial in the short term. Bio-
energetic demands and stress response biological systems and molecules pose a threat to the organism. Long-term stress
can be harmful to the body if its feedback mechanisms are not properly regulated. This can cause metabolic, cardiovascular,
and mental disorders in humans, reducing life expectancy and quality of life (Vos et al., 2022). Stress can be caused by a
variety of factors, including workload, grief, or traumatic events. Work productivity is diminished by extreme stress, which
also causes numerous illnesses and negative emotions (Pankajavalli et al., 2021).

There are three types of effects of stress: subjective effects, behavioral effects, and cognitive pressure effects (Ahuja &
Banga, 2019). Subjective effects of pressure include feelings of guilt, disgrace, anxiety, hostility, and discontentment. Peo-
ple also feel exhausted, tense, anxious, irritable, ill-tempered, and desolate. Behavioral impacts of pressure involve the
modification of an individual's behavior. Considered effects of conduct stress include an increase in accidents, the use of
drugs or alcohol, laughter unrelated to the issue at hand, unusual or combative behavior, highly sensitive dispositions, and
excessive eating or drinking. Cognitive pressure has a number of adverse effects, including diminished mental capacity,
impaired judgment, rash decisions, carelessness, and sensitivity to analysis.

Medical Issues Created
from Persistent Stress

Anxiety

\ 4
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> Muscle Pain
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System

Fig. 1. Medical issues created from persistent stress is included in the original manuscript

The human body is designed to experience stress and respond to it; experiencing stress causes our body to produce physical
and mental responses and also aids our body in adjusting to new situations. Globally, depression, anxiety, stress, and other
stress-related diseases have increased significantly. Approximately 280 million people suffer from depression each year,
but very few receive timely treatment (Ghosh et al., 2022). Stress diminishes a person's physical and mental health (Igbal
et al., 2022). As the airway between the nose and the lungs constricts, stress can also lead to respiratory symptoms like
shortness of breath and rapid breathing (Ghosh et al., 2022). Persistent stress can cause genuine medical issues, including
anxiety, sleep deprivation, muscle pain, hypertension, and a weakened immune system (Ahuja & Banga, 2019), as illustrated
in Figure 1. Particularly, chronic stress causes impaired immunity, substance abuse, diabetes, cancer, stroke, and cardiovas-
cular disease. In the case of automatic stress detection, we measure biosignals such as ECG and EDA, which are some of
the most significant factors affecting human stress, and reduce a substantial amount of manual labor in the process. There
are several traditional methods for detecting stress, such as interviewing the individual with stress-related questions or
observing the facial expressions of stressed individuals, such as their blinking rate, pupils, and eyebrow rate (Ghosh et al.,
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2022). Currently, stress-related and personalized questionnaires are primarily used outside of a laboratory setting to measure
or score (label) stress. However, this technique does not permit continuous monitoring and is frequently susceptible to biases
such as demand effects, response biases, and memory biases (Vos et al., 2022). The technical sophistication of wearable
devices for personal health monitoring has increased significantly, and they are now capable of measuring a vast array of
physiological signals (Vos et al., 2022). Embedded in wearable devices such as smartphones, smartwatches, and fitness
bands are a vast array of sensors. Communication devices (WiFi, Bluetooth, etc.), inertial sensors (accelerometer, gyro-
scope, etc.), physiological sensors (heart rate, dermal activity, etc.), and ambient sensors (ambient pressure, temperature,
etc.) are just a few examples (Garcia-Ceja et al., 2018), as shown in Fig. 2. This facilitates the development of multimodal
sensing applications within the healthcare industry. It is possible to infer contextual information such as physical activity,
location, mood, and social relationships by combining data from subsets of these sensors. In some applications, multimodal
sensing settings have proven to produce superior results compared to single sensor modalities.

Multimodal Sensing Devices

icati . Physiological ’
Commur}lcatlon Inertial Sensors ysiologtcH Ambient Sensors
Devices Sensors
« WiFi *  Accelerometer ¢+ Heart Rate + Ambient Pressure
* Bluetooth * Gyroscope * Dermal Activity * Temperature

Fig. 2. Multimodal sensing devices is included in the original manuscript

Continuous measurement of these signals using wearables enables researchers to record and extract useful data for detecting
and monitoring a variety of potential health-related events, including stress (Vos et al., 2022). It is difficult, if not impossible,
to manually analyze large amounts of sensor data, which is why machine learning is important. Using machine learning
techniques, it is possible to extract meaningful information from sensor data and utilize it to continuously monitor the state
of the current user (Garcia-Ceja et al., 2018). Despite limitations with battery life and the number of available sensors in
certain models, wearables are less intrusive and easier to use than controlled laboratory measurement devices. Typically,
the diagnosis of mental illness is based on the individual's self-report, which requires questionnaires designed to detect
specific patterns of emotion or social interactions. Many individuals will hopefully be able to recover from mental illness
or emotional disorder if they receive the appropriate care and treatment. Traditional stress identification methods detect
highly complex stress and stress-causing events that have an impact on the quality of human life. Therefore, accurate anal-
ysis of stress-related studies is essential for minimizing stress-related risk factors (Pankajavalli et al., 2021).

Machine learning is a technique that employs advanced statistical and probabilistic techniques to create systems that can
improve with experience. It is believed to be an extremely valuable tool for predicting mental health. It enables numerous
researchers to extract valuable information from data, provide personalized experiences, and develop intelligent automated
systems. The widely employed machine learning algorithms, including support vector machine, random forest, and artificial
neural networks, have been used to forecast and classify future events (Chung & Teo, 2022). In the field of machine learning,
supervised learning is the most widely used method in a variety of research studies and experiments, particularly in the field
of disease prediction. In supervised learning, all data instances should contain the terms, attributes, and values. Specifically,
supervised learning is a technique for classifying using structured training data. Unsupervised learning, meanwhile, does
not require supervision to predict. The primary objective of unsupervised learning is data management without supervision.
It is extremely difficult for researchers to implement unsupervised learning techniques in clinical settings (Chung & Teo,
2022). When using machine learning to measure stress on a biomarker dataset, a robust model must be able to generalize
well from the training data to any new data within the problem domain. The training dataset must be sufficiently large and
diverse in order to generate such a model. A model with significant bias predicts values that are far from the actual true
values. A generalized model provides the optimal balance between bias and variance, resulting in the highest predictive
performance (Vos et al., 2022).

The following is the motivation for this work: The main purpose of this study is to lessen the negative effects that stress has
on a person's mental and physical health by reducing the influence of negative outcomes such as decreased focus and mental
health problems such as anxiety and depression. This research was motivated by the desire to lessen the harmful effects of
stress on a person's mental and physical health. According to recent reports, approximately one in four people around the
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world struggle with some form of mental illness. It is possible for academic and non-academic factors, along with socioec-
onomic, environmental, cultural, and psychological characteristics, to all play a role in the stress experienced by adolescents.
People are able to become aware of the levels of stress in their lives, seek help before the risks to their health become more
severe, and live lives that are less stressful as a result of detection systems. Recognizing and effectively dealing with one's
stress is absolutely necessary in order to reduce the risk of injury to one's health.

The fundamental purpose of this research is to assess whether a person is stressed and to measure their stress level as
precisely and quickly as feasible for each individual. Through the promotion of both mental and physical health, this work
seeks to maintain societal harmony. The novel contributions of this research work are:

e  An automatic human stress detection and recognition method with no human intervention based on machine learn-
ing algorithms.

e The most appropriate number of features from the pre-processed dataset will be selected using a feature selection
method based on an integrated feature selection approach.

e The final prediction will be based on the weighted average ensemble method applied to multiple best-performing
algorithms.

e  Various assessment metrics are validated to assess the effectiveness of the proposed prediction mechanism, includ-
ing confusion matrix, classification accuracy, false positive rate, precision and recall, sensitivity and specificity,
overall performance of numerical evaluation for all classifiers, AUC score, and cross-validated AUC.

This paper's remaining sections are arranged as follows: The limitations of the various approaches and procedures are re-
viewed in Section 2. A detailed description of the dataset used in this study is provided in Section 3. The suggested technique
is thoroughly examined in Section 4, with particular attention paid to its time, space, and methodological complexity. The
experimental findings and a performance analysis of the algorithm are presented in Section 5. A summary of the research
and future directions are provided in Section 6, which brings the study to a close.

2. Related Work

The stress we experience is a physical response to mental arousal or actual hardships. Small amounts of stress may be
required, advantageous, and surprisingly potent. Nevertheless, excessive pressure can result in real harm and increase the
risk of illness. There are numerous papers on stress identification, which are described below. In the field of stress moni-
toring, the majority of authors are committed to the use of techniques based on supervised learning classification, while the
use of unsupervised learning and other alternative methods remains relatively limited. The methods and limitations of the
cited studies are shown in Table 1.

Table 1
Summary of the methods and limitations of previous studies

Author Name

Method

Limitation

Shahapur et al. (2024)

Datar & Khobragade (2023)

Kene & Thakare (2022)

Vos et al. (2022)

Ghosh et al. (2022)

Igbal et al. (2022)

Walambe et al. (2021)

Machine Learning-based stress level prediction using Logistic
Regression, KNN, Decision Tree, Random Forest, and Gradi-
ent Boosting

The authors developed EEG-based mental stress prediction us-
ing Machine Learning algorithms. Features were extracted us-
ing FFT technique and the data was labeled using k-Means
clustering.

A system for stress detection of users is proposed based on the
Support Vector Machine (SVM) and Random Forest (RF) al-
gorithm.

An ensemble model is created that incorporates an artificial
neural network with an extreme gradient boosting model, and
validated it using LeaveOneSubjectOut (LOSO) validation.

By encoding time series raw data into Gramian Angular Field
pictures, this paper describes a deep-learning-based method for
mental stress detection. The normalized data are then identi-
fied with the use of a convolutional neural network (CNN).
This study examines the potential effectiveness of unsuper-
vised learning clustering classifiers for wearable stress moni-
toring devices, including affinity propagation, balanced itera-
tive reducing and clustering using hierarchies (BIRCH), K-
mean, mini-batch K-mean, mean shift, density-based spatial
clustering of applications with noise (DBSCAN), and ordering
points to identify the clustering structure (OPTICS).

This system design maps three individual neural network ar-
chitecture components to predict status based on body orienta-
tion, facial expression, and keystroke dynamics. Vanilla Neu-
ral Network is employed as an individual model for all three
modalities. The final layer of each modality neural network
was used to form ensemble neural network architecture.

The model relies on self-reported data, which
may introduce subjectivity.

The model experiences sensitivity to external
noise and environmental conditions affecting
EEG signal quality.

The number of instances is very low and does
not conduct multiclass classification.

The authors used different datasets for training
and testing which can have several limitations:
model overfitting, lack of diversity, data leak-
age, and unfair evaluation.

The authors encoded entire datasets to images
which increases dimensionality, as well as can
lose temporal information.

The proposed model does not exhibit improved
testing accuracy.

The model’s performance may be suboptimal
when it involves fewer modalities, leading to re-
duced accuracy and an increased likelihood of
producing false positives or false negatives.

Shahapur et al. (2024) developed a machine learning-based predictive model to examine student stress levels using stress-
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level text data. A total of 6000 samples from a Kaggle dataset were used in this study. To improve predictive accuracy, the
collected data was preprocessed using procedures such as feature selection, data cleaning, data balancing, and NaN value
removal. Finally, methods like Random Forest, Decision Tree, KNeighbors, Gradient Boosting, and Logistic Regression
were used to train the model. Since this approach relies on self-reported data, it may introduce subjectivity. Datar and
Khobragade (2023) used Al methods to predict mental stress from real-time EEG data. The authors collected real-time EEG
band data from twenty individuals, using a total of 200 responses in the study. The Fast Fourier Transform (FFT) feature
extraction method was applied to convert EEG signals into continuous signals. The unlabeled data was then grouped into
labeled data using the k-Means technique. After conversion, the data was classified into two groups (Stress and No Stress)
using various machine learning methods, including Random Forest, Support Vector Classifier, Logistic Regression, and
Gradient Boosting. However, the model is sensitive to external noise and environmental factors that impact the quality of
EEG signals. Kene and Thakare (2022) designed a system for predicting users' mental stress using a combination of machine
learning techniques. The authors analyzed the impact of various factors on user stress. The dataset comprised 270 partici-
pants, compiled through surveys of individuals of varying ages. This structured survey dataset contained attributes and class
labels related to stress estimation. Psychiatrists provided class label values based on input data collected from user surveys.
In this study, 270 male and female participants, aged 18 to 50, answered 25 questions related to stress analysis. Some fields
within the dataset lacked values. Preprocessing was performed to eliminate unnecessary data. Support Vector Machine
(SVM) and Random Forest (RF) algorithms were used for stress detection and classification. Performance evaluation was
based on accuracy, precision, and recall. SVM provided greater accuracy than RF. The proposed design can also predict
users' psychological stress using conversational and social media data. However, the study's limitation is that the number
of instances is low, and the authors did not conduct a multi-class classification.

Vos et al. (2022) evaluated the generalization ability of machine learning models trained on datasets containing stress bi-
omarker data from a small number of study subjects. They proposed a method to merge multiple small datasets into a larger
dataset, which, when combined with feature engineering, produced a more robust stress detection model with significantly
improved performance. This study used six public sensor biomarker datasets. Exploratory data analysis was conducted to
understand how physiological variance between study subjects complicates the development of machine learning models
for detecting elevated stress in new data. The authors trained a Gradient Boosting model on the SWELL dataset and tested
its predictive power on two datasets from other studies (WESAD, NEURO) to assess model generalization. After merging
four small datasets (SWELL, NEURO, WESAD, UBFC-Phys) to include 99 subjects, they used feature engineering to
generate additional features using statistical summaries and 25-second sliding windows. A synthetic training dataset, Syn-
thesizedStressData, was created by randomly sampling StressData and EXAM to include 200 synthetic subjects. Finally,
an ensemble model combining a Gradient Boosting model with an artificial neural network was tested using Leave-One-
Subject-Out (LOSO) validation and two new publicly available stress biomarker datasets (WESAD and Toadstool). The
ensemble approach improved predictive performance by 25%. However, using different datasets for training and testing
may introduce limitations such as model overfitting, lack of diversity, data leakage, and unfair evaluation.

Ghosh et al. (2022) presented a novel approach for detecting mental stress using deep learning. The proposed method en-
codes time-series raw data into Gramian Angular Field (GAF) images, resulting in highly accurate stress level detection.
The experiment was conducted using two standard benchmark datasets, WESAD and SWELL. For the WESAD dataset,
chest data from sensor modalities such as three-axis acceleration (ACC), electrocardiogram (ECG), body temperature
(TEMP), and respiration (RESP) were used. The SWELL dataset included data from computer logging, facial expressions,
body postures, ECG signals, and skin conductance. The experiment focused on detecting stress levels in individuals expe-
riencing unexpected email interruptions and time pressure. The data was first normalized using quantile normalization.
After feature extraction and normalization, the entire dataset was transformed into 10 X 10 GAF images. The time-series
matrix was reshaped, and the labels were converted into a binary class matrix. The data was then split into training and
testing sets with a 3:2 ratio, and a custom Convolutional Neural Network (CNN) model was developed. The model com-
prised three convolutional layers with a 3 x 3 kernel size and 64 filters, using the ReLU activation function, followed by
batch normalization. For multi-class classification, two dense layers with the Softmax activation function were added. Fi-
nally, the CNN model was trained on the data. The results were highly promising, demonstrating the effectiveness of the
proposed method for mental stress detection. However, the study's limitation is that encoding time-series datasets as images
increases dimensionality and may result in the loss of temporal information. Igbal et al. (2022) evaluated the feasibility of
using unsupervised learning clustering classifiers, including Affinity Propagation, Balanced Iterative Reducing and Clus-
tering using Hierarchies (BIRCH), K-Means, Mini-Batch K-Means, Mean Shift, Density-Based Spatial Clustering of Ap-
plications with Noise (DBSCAN), and Ordering Points To Identify the Clustering Structure (OPTICS), for stress monitoring
in wearable devices. These classifiers aimed to overcome the challenge of manually annotating and labeling physiological
signals as either stress or non-stress. Unlike traditional supervised classifiers that require hand-crafted features and labels,
unsupervised classifiers do not need labels and classify data based on clustering algorithms. Two publicly available datasets
were used to compare the classification results of supervised and unsupervised machine learning classifiers. The findings
showed that the unsupervised approach performed comparably to the supervised approach. This study demonstrates the
potential of unsupervised learning for developing non-invasive, continuous, and robust stress detection and monitoring
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systems. However, a limitation of this study is that the model does not exhibit improved testing accuracy.

Walambe et al. (2021) proposed a multimodal Al-based framework to monitor workload-related stress and working behav-
ior by concatenating heterogeneous raw sensor data streams (e.g., facial expressions, posture, heart rate, and computer
interaction). This data was securely stored and analyzed to identify personalized behavioral patterns associated with mental
strain and fatigue. The authors developed two fusion-based models. The early fusion model involved training each modality
on a separate network and using the output of the last hidden layer as input to the combination neural network, whereas the
Vanilla Neural Network was used independently. In late fusion, the prediction neural network received stress model prob-
abilities. Dropout layers were incorporated into all neural network layers to prevent overfitting, particularly due to irrelevant
or less useful data. Hidden layers used the ReLU activation function, as it performed best in all studies. The output layer
used a sigmoid activation function to predict stress levels (binary classification). These modalities improved model loss to
0.036, with a stress detection and classification accuracy of 96.09% on the test set. However, the model's limitation is that
its performance may be suboptimal when applied to tasks involving fewer modalities, leading to reduced accuracy and an
increased likelihood of false positives or false negatives.

3. Proposed Methodology

The stress we experience is a physical response to mental arousal or actual hardships. Small amounts of stress may be
required, advantageous, and surprisingly potent. Nevertheless, excessive pressure can result in real harm and increase the
risk of illness. The proposed methodology for stress level prediction is illustrated in Fig. 3.

Result Analysis
Stress Dataset Collection

Predictions

Data preprocessing
Classification with Machine

Encoding Catesorical Data Learning Algorithms
+ Decision Tree (DT)
+ Gradient Boosting

ik » Random Forest
Data Visunalization . AdaBoost

*» XGBoost

Handling Imbalance Data

Normalization Training Set Testing Set
Split the Dataset

Integrated Feature Selection

Dataset with Selected Features

Fig. 3. Block diagram of the proposed model is included in the original manuscript
A. Stress Dataset Collection

In this work, we used the SWELL dataset collected from Kaggle (Qiriro, 2019). The SWELL dataset was collected by a
team of researchers from the Institute for Computing and Information Sciences at Radboud University. The dataset was the
result of experiments conducted on 25 subjects who were engaged in typical office work such as writing reports, making
presentations, reading email, and searching for information. During the experiment, the researchers collected various types
of data from the subjects, including computer logging (recording keystrokes and mouse movements), facial expressions,
body postures, ECG signals, and skin conductance. Additionally, the researchers recorded the subjects' subjective experi-
ences of task load, mental effort, emotion, and perceived stress. This dataset has been widely used in research related to
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human-computer interaction, cognitive psychology, and physiological computing.
Every participant was exposed to three distinct work environments:

e No Stress: Participants were given 45 minutes to complete the tasks but had no idea that they could take as long
as they needed.
Time Pressure: Participants had only two-thirds as much time as in the control condition to complete the task.

e Interruption: Eight emails were sent to participants while they were in the middle of their tasks, causing interrup-
tions. Some emails requested specific actions, while others were merely distracting.

e B. Data Preprocessing

Data preprocessing is an essential step in machine learning and data analysis. The first step is to combine the training and
testing datasets into a single dataset, which makes other preprocessing steps easier and ensures consistent feature engineer-
ing.

1. Encoding Categorical Data

In this work, Label Encoding was used to encode the target column “condition”. The unique categories, “interruption”, “no
stress”, and “time pressure”, were assigned integer values of 0, 1, and 2, respectively.

2. Data Visualization

A count plot was used to display the number of occurrences of each category. Figure 4 shows that the number of records in
each of the three classes is not equal, indicating an imbalanced dataset.

200000

150000

count

100000

50000

o 1 2
condition

Fig. 4. Count Plot showing instances of different stress conditions is included in the original manuscript
3. Handling Imbalanced Data
We used SMOTE (Synthetic Minority Oversampling Technique) to balance the class distribution. Before applying SMOTE,

the number of instances was: Class 0 = 116,932, Class 1 = 222,240, Class 2 = 71,150. After applying SMOTE, all three
classes had 222,240 instances each, as illustrated in Fig. 5.

200000 4

150000 -

count

100000

50000 4

] 1 2
condition

Fig. 5. Count Plot after handling imbalanced dataset is included in the original manuscript

Table 2

Number of instances in the dataset before and after sampling
Dataset Class 0 Class 1 Class 2
Before Sampling 116,932 222,240 71,150
After Sampling 222,240 222,240 222,240

4. Normalization

According to Fig. 6, there is variation among data points in each column, so normalization is required. We performed Min-
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Max normalization, rescaling the data to a range between 0 and 1 using Eq. (1):
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Fig. 6. Visualization of independent columns with respect to target column is included in the original manuscript

C. Feature Selection

An integrated feature selection method based on RFE (Recursive Feature Elimination) was developed to choose useful
attributes. The algorithm is presented below, and the block diagram is illustrated in Fig. 7. Each feature subset and the final
integrated feature set are represented in Table 2. Finally, a new dataset was created with the integrated feature set.

Dataset

Define Feature Matrix X and Target
Variable y

Apply Recursive Feature Elimination
(RFE) with Different Estimators

Apply RFE with el R jazelyREE il
T Decision Tree Linear Discriminant
s Classifier Analysis

Feature Subset 1 Feature Subset 1 Feature Subset 1

Convert Feature Subsets into

Lists
Compute the Final Integrated
Feature Set

Fig. 7. Block diagram of integrated feature selection is included in the original manuscript

Algorithm 1: Integrated Feature Selection

Step 1: Load the dataset.
Step 2: Define feature matrix X and target variable y.
e Let X € R™" be the feature matrix, where m is the number of samples and n is the number of features.
e Lety € R™be the corresponding target variable.
Step 3: Compute feature subsets using Recursive Feature Elimination (RFE).
e Si=RFE(X, y, Logistic Regression)
e S;=RFE(X,y, Decision Tree Classifier)
e S;=RFE(X, y, Linear Discriminant Analysis)
where S, Sz, Ss represent the selected feature subsets obtained from different estimators.
Step 4: Convert the feature subsets into lists of selected features.
Step 5: Compute the final integrated feature set using the union operation: S = S: U Sz U Ss, where S represents the final
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feature set containing all unique selected features.

Table 2
Selected Feature Subsets and Integrated Feature Set for Stress Identification
Feature Subset Selected Features
1% Feature Subset 'MEAN_RR', 'MEDIAN_RR', 'SDRR', 'SDRR_RMSSD', 'HR', 'pNN25', 'KURT",
'KURT REL RR!,'VLF PCT,'LF PCT','LF_NU','HF NU'
2" Feature Subset 'MEDIAN_RR', 'SDRR’, 'SDRR_RMSSD', 'HR', 'pNN25', 'pNN50','MEDIAN_REL RR',
'RMSSD_REL RR','KURT REL RR','VLF,'LF HF', 'higuci'
3" Feature Subset 'SDRR', 'RMSSD!, 'SDSD!, 'SD1', 'SD2','MEAN REL RR','MEDIAN REL RR',
'SDRR_REL RR','RMSSD REL RR','SDSD REL RR','HF LF', higuci'
Integrated Feature Set 'HF', 'HF_LF', 'HR', 'KURT', 'KURT REL_RR','LF', 'LF_NU','LF_PCT','MEAN_REL RR/,
'MEAN_RR', MEDIAN_REL RR','MEDIAN_RR', RMSSD', 'SD1", 'SD2', 'SDRR’,
'SDRR_REL _RR','SDRR_RMSSD', 'SDRR_RMSSD REL RR','SDSD', 'SKEW', 'TP',
'VLF_PCT", 'higuci', 'pNN25', 'pNN50', 'sampen’
D. Dataset Splitting

The dataset was divided into a training set and a testing set, with 67% of the data allocated to training and 33% to testing.
E. Classification and Prediction

Several machine learning algorithms were selected to classify the data and predict the user's level of stress: Decision Tree
(DT), Random Forest, Gradient Boosting, AdaBoost, XGBoost, and Extra Tree Classifier.

4. Experimental Evaluation
The performance of our proposed model is compared with existing works in this section.
A. Experimental Setup

The experiment was carried out on Jupyter Notebook using the Python language. Specifically, a Dell laptop equipped with
an Intel Core i5 processor and 8 GB of RAM was used for the tests.

B. Evaluation Metrics

The effectiveness of this machine learning model is assessed using a performance matrix. The following parameters were
used to evaluate classifier performance: Area Under the ROC Curve (AUC), Average Accuracy, Recall, Precision, and
Specificity.
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Fig. 8. Accuracy of different classifiers without feature se- Fig. 9. Accuracy using RFE with Logistic Regression esti-
lection is included in the original manuscript mator is included

Based on the information presented in Fig. 8, it can be observed that the accuracy levels of various classifiers, namely
Gradient Boosting, Decision Tree (DT), Random Forest, AdaBoost, XGBoost, and Extra Tree Classifier, are 79.67%,
99.94%, 99.99%, 69.92%, 99.98%, and 99.99%, respectively without performing feature selection.

The data shown in Fig. 9 indicates that when using RFE with Logistic Regression estimator, the accuracy levels of different

classifiers, including Gradient Boosting, Decision Tree (DT), Random Forest, AdaBoost, XGBoost, and Extra Tree Classi-
fier, are 77.18%, 99.94%, 99.99%, 67.86%, 99.98%, and 99.99%, respectively.
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Fig. 10. Confusion matrix of AdaBoost, XGBoost, Extra Tree Classifier, Gradient Boosting, Decision Tree, and Random
Forest using RFE with Logistic Regression estimator.

Figs. 10 provide a visual representation of the confusion matrix for various classifiers. In these figures, the classifiers were
tested using RFE with Logistic Regression estimator as the feature selection algorithm. The figures help to provide insight
into how well each classifier is performing in terms of accurately predicting the correct class for the given data. By studying
the confusion matrix for each classifier, it may be possible to identify areas where the model is performing well or where it

may need improvement.
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Fig. 11. Accuracy of different classifiers using RFE with Decision Tree estimator.

According to the results presented in Fig. 11, the accuracy levels of different classifiers, namely Gradient Boosting, Decision
Tree (DT), Random Forest, AdaBoost, XGBoost, and Extra Tree Classifier, are 80.99%, 99.96%, 99.99%, 70.07%, 99.98%,
and 99.99%, respectively, when RFE with Decision Tree estimator is used as the feature selection algorithm.
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Classifier using RFE with Decision Tree estimator.
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Figs. 12 visually depict the confusion matrix for each classifier when RFE with Decision Tree estimator is used. According
to the results presented in Figure 13, the accuracy levels of different classifiers, namely Gradient Boosting, Decision Tree
(DT), Random Forest, AdaBoost, XGBoost, and Extra Tree Classifier, are 80.99%, 99.96%, 99.99%, 70.07%, 99.98%, and
99.99%, respectively, when RFE with Linear Discriminant Analysis estimator is used as the feature selection al-gorithm.
Figs. 14 visually depict the confusion matrix for each classifier when RFE with Linear Discriminant Analysis estimator is
used. According to the results presented in Fig. 15, the accuracy levels of different classifiers, namely Gradient Boosting,
Decision Tree (DT), Random Forest, AdaBoost, XGBoost, and Extra Tree Classifier, are 87.56%, 99.95%, 100%, 81.23%,
99.99%, and 100%, respectively, when integrated feature selection algorithm is used as the feature selection algorithm. It
can be stated from the results that integrated feature selection method usage has increased accuracy of overall every classi-
fiers. Figs. 16 visually depict the confusion matrix for each classifier when integrated feature selection algorithm is used.
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Fig. 13. Accuracy of different classifiers using RFE with Linear Discriminant Analysis estimator.
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Table 3

Comparison with other existing systems in terms of accuracy.
Author’s Model Testing Accuracy
Kene & Thakare (2022) 80.20%
Vos et al. (2022) 85.00%
Ghosh et al. (2022) 99.39%
Walambe et al. (2021) 96.67%
Proposed Model 100%

Table 4

Comparison with other existing systems in terms of fl-score.
Author’s Model F1-Score
Kene & Thakare (2022) 0.82
Vos et al. (2022) 0.78
Ghosh et al. (2022) 0.99
Walambe et al. (2021) 0.95
Proposed Model 1.00

Table 5

Comparison with other existing systems in terms of precision.
Author’s Model Precision
Kene & Thakare (2022) 0.82
Vos et al. (2022) 0.90
Ghosh et al. (2022) 0.99
Walambe et al. (2021) 0.95
Proposed Model 1.00

Tables 3, 4, and 5 present a comparison of existing work with our proposed model. As shown in Table 3, the model by
Walambe et al. (2021) achieved an accuracy of 96.67%, the system by Ghosh et al. (2022) achieved 99.39%, the model by
Vos et al. (2022) achieved 85.00%, and the model by Kene and Thakare (2022) achieved 80.20%. In comparison, our
proposed model achieved a perfect accuracy of 100%. Table 4 compares the F1-scores. Walambe et al. (2021) achieved an
F1-score of 0.95, Ghosh et al. (2022) achieved 0.99, Vos et al. (2022) achieved 0.78, and Kene and Thakare (2022) achieved
0.82. Our proposed model achieved an Fl-score of 1.00. Table 5 compares precision. Walambe et al. (2021) achieved a
precision of 0.95, Ghosh et al. (2022) achieved 0.99, Vos et al. (2022) achieved 0.90, and Kene and Thakare (2022) achieved
0.82. Our proposed model achieved a perfect precision of 1.00.

4. Conclusion and Future Work

The goal of this research work is to propose an automated method for classifying the mental stress of an individual using
machine learning approaches. The researchers used the publicly available multimodal SWELL-KW dataset for their exper-
iments. The proposed method includes a new integrated approach for feature selection that was developed specifically for
this study. The researchers tested their method using six different classifiers: Decision Tree, Gradient Boosting, XGBoost,
AdaBoost Classifier, Random Forest Classifier, and Extra Tree Classifier. They evaluated the accuracy of each classifier to
determine which approach was most effective for classifying mental stress. They also evaluated the model using single
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feature selection and integrated feature selection algorithm. The results showed that the proposed method achieved the
lowest accuracy for AdaBoost Classifier, with an accuracy rate of 81.23%. On the other hand, the proposed model achieved
the highest accuracy for both Random Forest Classifier and Extra Tree Classifier, with a perfect accuracy rate of 100%.
These findings suggest that the proposed automated method based on machine learning approaches is a highly effective
approach for classifying mental stress. The use of the SWELL-KW dataset, as well as the integrated method for feature
selection, were key factors in achieving accurate results. Overall, this research work highlights the potential of machine
learning techniques in identifying and classifying mental stress, which could have significant implications for the develop-
ment of new tools and interventions for individuals dealing with stress-related conditions.

In the future, the proposed method developed in this study will be extended to other stress datasets prepared for detecting
stress in different individuals. This means that the researchers plan to test the effectiveness of their proposed model on other
datasets that contain information about stress levels in individuals from diverse backgrounds, cultures, and demographics.
This will enable the researchers to further validate their approach and determine its robust-ness in different contexts. Addi-
tionally, the proposed method will be applied after collecting a real-time dataset. This means that we will collect new data
from individuals in real-time as they experience stress, rather than relying on pre-existing datasets. This will allow us to
assess the performance of our model in real-world scenarios and determine whether our approach can be used for practical
applications.

Overall, we aim to further develop and refine our proposed method for classifying mental stress, with the ultimate goal of
creating a reliable, accurate, and effective tool for identifying stress levels in individuals. The future directions outlined in
the study are crucial for achieving this goal and will provide valuable insights into the potential of machine learning ap-
proaches for stress detection and management.
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