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Keywords: combines optimized feature selection methods - Recursive Feature Elimination (RFE), Extra Trees
Classification model (ET), and Boruta - with various classification algorithms including Random Forest (RF), K-Nearest
Optimized feature Neighbors (KNN), Decision Tree (DT), Multilayer Perceptron (MLP), Support Vector Machine
Mental stress (SVM), Gradient Boosting, and voting classifier. The models were evaluated using 10-fold cross-
Machine learning validation and ranked using the TOPSIS multi-criteria decision-making approach. The

experimental results demonstrate high predictive performance across models (accuracy > 0.98),
with RF, DT, MLP, and Gradient Boosting achieving perfect accuracy (1.00). Among all
configurations, the RF-Boruta model emerged as the most optimal (TOPSIS score: 0.914558).
These findings highlight the effectiveness of combining systematic feature optimization with ML
classification for accurate and interpretable stress prediction, offering valuable insights for data-
driven mental health interventions.
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1. Introduction

Mental stress is one of the significant public health issues that impacts cognitive function, emotional stability, and overall well-being
(Kralj, 1989; WebMD, 2023). Recently, mental stress has become a significant global health concern, with research indicating a
steady rise in stress-related issues worldwide. The 2025 Global Emotions Report by CEOWORLD magazine, which surveyed
individuals across 197 countries, found that over one-third of respondents reported experiencing “a lot of stress”, represented in Fig.
1 (The highest ratios of stress via the ranks were in the western Euro, the northern part of America, and Australia. The lowest ratios
of stress were in Africa) (Wilson, 2025). This aligns with findings from the Worldwide Independent Network of Market Research
(WIN) 2024 survey, which revealed that 79% of individuals experience stress to varying degrees in their daily lives (Wincoordinator,
2024). Additionally, a 2024 Statista report highlighted that as of August 2024, 31% of adults worldwide considered stress the most
significant health concern in their country, with variations across different regions (Vankar, 2024). These statistics emphasize the
need for further research into the causes, effects, and mitigation strategies for stress-related conditions.

With the increasing prevalence of stress-related disorders, a number of models for stress prediction are being developed for accuracy
and efficiency. Traditional methods of stress assessment, such as self-reported questionnaires and physiological measurements, are
often subjective, time-consuming, and impractical for large-scale monitoring (Trang et al., 2023). To address these limitations,
machine learning (ML)-based classification models have gained significant attention for their ability to analyze complex patterns in

* Corresponding author

E-mail address tran.tu@wu.ac.th (T.A. Tuan)

ISSN 2561-8156 (Online) - ISSN 2561-8148 (Print)
© 2025 by the authors; licensee Growing Science, Canada.
doi: 10.5267/;.ijdns.2025.8.010


mailto:tran.tu@wu.ac.th

738

stress-related data and provide reliable predictions (Katiyar et al., 2024; Ladakis & Chouvarda, 2021; Malik & Khan, 2023a;
Pramodhani et al., 2022; Priya et al., 2020a; Saltzman et al., 2023; Singh et al., 2022a; Trivedi et al., 2022; Tuan, Trang, et al., 2024,
Tuan, Win, et al., 2024; Verma et al., 2024).

To enhance the accuracy of ML-based classification models, feature selection plays a crucial role. In this study, we propose a new
method that integrates multiple feature selection techniques - Recursive Feature Elimination (RFE), Extra Trees (ET), and Boruta
algorithms - along with the Decision Tree (DT) algorithm, using 10-fold cross-validation to optimize feature selection for mental
stress classification. By systematically identifying the most relevant features, we aim to improve the predictive capabilities of
classification models, ensuring a balance between model interpretability and performance. To evaluate the effectiveness of optimized
features, we employ multiple ML classifiers, including Random Forest (RF), K-Nearest Neighbors (KNN), DT, Multi-Layer
Perceptron (MLP), Support Vector Machine (SVM), Gradient Boosting, and voting classifier. A 10-fold cross-validation approach
is used to assess model performance and generalizability. TOPSIS (Technique for Order Preference by Similarity to Ideal Solution)
method is used to find an optimized model performance for mental stress prediction. The primary objective of this study is to
determine the optimal combination of feature selection methods and classification algorithms for accurate and efficient mental stress
prediction. The findings of this study contribute to the advancement of intelligent stress monitoring systems, which can aid in early
detection and intervention strategies for stress management.

Fig. 1. Global rank of mental stress based on rank

The remainder of this paper is structured as follows: Section 2 reviews related to works on mental stress classification. Section 3
describes the dataset and methodology, including feature selection and model evaluation. Section 4 presents experimental results
and analysis, while Section 5 discusses key findings, limitations, and future research directions. Finally, Section 6 concludes the
study with insights into the practical applications of the proposed approach.

2. Related Work

In this section, previous studies related to classification methods for mental stress across diverse populations and data sources will
be discussed.

Ahuja and Banga (2019) employed four ML algorithms to examine academic stress and internet usage among college students, with
SVM achieving the highest accuracy. However, this study did not incorporate formal feature selection techniques. Priya et al. (2020a)
utilized ML approaches and variable importance measures to assess mental stress severity using DASS-21 responses. While Naive
Bayes (NB) yielded the highest accuracy, RF was considered more reliable due to its robustness in handling class imbalance,
validated via F1-score analysis. Singh et al. (2022a) evaluated ML models on DASS-42 data, identifying SVM as the most accurate
model based on its superior F1-score, but again without applying systematic feature selection. Kumar et al. (2023) compared stress
levels during the COVID-19 pandemic between Rajyoga meditators and the general population using DASS-21, with SVM
outperforming other models in terms of accuracy and Fl-score. Malik et al. (2023a) reported that KNN achieved the best
performance, followed by logistic regression, in a DASS-21-based student dataset, incorporating basic feature importance analysis.
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Tuan et al. (2024) advanced the methodological rigor by integrating optimized hyperparameters and two feature selection techniques
(RFE and ET) to predict stress outcomes in recovered COVID-19 patients, with SVM again emerging as the top-performing model.
El et al. (2024) developed stress prediction models based on demographic and self-rated health data from two Lebanese universities,
identifying RF as the most effective using variable importance metrics. Doma et al. (2025) proposed a hybrid ensemble approach
with RFE to classify student stress levels across psychological, physiological, environmental, academic, and social dimensions,
achieving high accuracy. Pokic et al. (2025) explored two ML models for educational stress prediction, with findings supporting the
effectiveness of DT, although feature selection was not explicitly addressed. Further, recent studies by Tuan et al. (2024) and Wan
et al. (2024) employed ML techniques to detect stress from social media text, expanding the scope of mental health monitoring. In
the domain of wearable-based stress detection, researchers have adopted various models, including KNN (A. Kumar et al., 2024),
stacking ensembles (Anitha & others, 2025), SVM (Wahab et al., 2024), NB (2023), MLP (Rachakonda et al., 2020), and RF
(Shruthika & Rasheedha, 2024), typically using feature importance methods.

In summary, several methodological gaps persist in the existing literature. Many studies have employed a single or limited set of
feature selection techniques, without systematically comparing advanced methods such as Boruta, RFE, and ET within a unified
framework. Furthermore, prior work has often focused solely on psychometric scales (e.g., DASS-21 or DASS-42), without
incorporating a broader range of sociodemographic, behavioral, and clinical variables that may improve model generalizability.
Model performance was commonly assessed using isolated metrics (e.g., accuracy or Fl-score), with minimal adoption of multi-
criteria decision-making (MCDM) approaches such as TOPSIS for comprehensive evaluation. These gaps underscore the need for
integrated, interpretable, and comparative frameworks for effective mental stress prediction. This study contributes by: (1)
integrating RFE, ET, and Boruta feature selection techniques within a unified framework to optimize model performance; and (2)
incorporating a diverse set of input variables encompassing sociodemographic, behavioral, and clinical factors alongside an MCDM-
based evaluation using TOPSIS to support robust and interpretable classification of mental stress.

3. Research Methodology

Fig. 2 shows the structure of the proposed research.
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Fig. 2. ML-based framework for mental stress prediction
3.1. Data Collection

The dataset used in this study was obtained from (Imaginative Coder, 2024) and pertains to mental stress. It consists of 15,000 rows
and 13 columns. The data is categorized into three sections: demographic information (e.g., age, gender), behavioral factors (e.g.,
“sleep duration”, “quality of sleep”), and clinical measurements (e.g., “blood pressure”, “heart rate”).

s

3.2. Proposed Method

Fig. 2 depicts a framework based on ML for predicting mental stress. The framework consists of four main phases: (1) data
preprocessing, (2) feature selection with optimization, (3) classification models, and (4) model evaluation. The input to the
framework is the mental stress dataset, while the output corresponds to the predicted mental stress levels.
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3.2.1. Data Preprocessing

The dataset, consisting of 15,000 rows and 13 columns, is used to conduct experiments based on (Imaginative Coder, 2024). It
includes various types of variables, such as ordinal and categorical data. In this phase, the Scikit-learn library is used to transform
these ordinal and categorical variables into numerical values. Additionally, human mental stress levels are categorized based on
stress scores, ranging from “normal” (scores 0-1), “mild” (scores 2-3), “moderate” (scores 4-5), “severe” (scores 6—7), to
“extremely severe” (scores 9—10).

3.2.2. Feature Selection with Optimization

Improving model performance by eliminating irrelevant features is known as feature selection (Guyon & Elisseeff, 2003). In this
phase, the framework advances to select features from the pre-processed data using the proposed method. The method integrates
multiple feature selection techniques (e.g., RFE, ET, and Boruta methods (Guyon et al., 2002), (Geurts et al., 2006), (Kursa &
Rudnicki, 2010)) and the DT algorithm using 10-fold cross-validation. Before detailing the proposed method, the following
definitions are introduced:

Let n be the number of features in the dataset.
Let F, E, and B represent the results of feature importance obtained using the RFE, ET, Boruta methods, respectively.
Let Sk, Sk, and Sg be the sets of feature subsets selected from the F, E, and B, respectively.

The proposed method consists of the following steps:

e Input: the dataset with a given sample size and total features (e.g., 15,000 rows and 12 columns)
e Step 1: Ordering feature importance
o  Apply the RFE method using the DT classifier to rank features and assign the result as F'= {f}, f,..., fu} = {fi}, where
fiis the i" feature, and f;; < fifori =2, 3, ..., n.
o  Apply the ET method using the ET classifier to score features and assign the result as E = {e;.e»,..., e,} = {e;}, where
¢; is the j* feature, and ¢; ;< ¢; forj=2,3, ..., n.
o  Apply the Boruta method using the DT classifier to score features and assign the result as B = {b,, b,,..., b} = {bi},
where by is the k™ feature, and by.; < by fork=2,3, ..., n.
e  Step 2: Selecting the best feature subset
o Define a procedure FS for selecting feature subset as follows: “Each subset includes at least two features, and features
with higher importance are selected first”.
o  Select the best feature subset from £

= Apply the FS procedure for F to determine a set of feature subsets Sy = {SFl | Sg, CF, |SFl| >2,and f; €
Sp, = fi 2 fm) Vfin € Sp,}, where Sg, is a feature subset from Sp.

*  Each candidate subset Sy, is assessed through the DT algorithm under a 10-fold cross-validation procedure, and
the subset yielding the highest average accuracy is selected for progression to the next phase Sp =
arg Slg:él?F Acc(SFl).

o  Select the best feature subset from E

=  Apply the FS procedure for E to determine a set of feature subsets S = {SEl |SEl CE, |SEl| =2, andeg; €
Sg, = € = ey, Ve, & Sg,}, where Sg, is a feature subset from S.

*  Each candidate subset S, is assessed through the DT algorithm under a 10-fold cross-validation procedure, and

the subset yielding the highest average accuracy is selected for progression to the next phase Sz =

arg max Acc(Sg,).
SElE SE

o Select the best feature subset from B
=  Apply the FS procedure for B to determine a set of feature subsets Sz = {SBl |SBz C B, |SBz| > 2, and b, €
Sp, = by = by, Vb, € Sg,}, where Sp, is a feature subset from Sg.
*  Each candidate subset Sp, is assessed through the DT algorithm under a 10-fold cross-validation procedure, and

the subset yielding the highest average accuracy is selected for progression to the next phase S; =
arg Sgllgg(B Acc(Sp))-

e  Output: the best feature subsets for RFE, ET, and Boruta methods Sy, Sz, S5

3.2.3. Classification Models

To develop an accurate mental stress prediction system, this study employs seven classification models: RF, KNN, DT, MLP, SVM,
Gradient Boosting, and voting classifier. These models are selected for their effectiveness in handling complex, high-dimensional
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data and their ability to generalize well in predicting mental stress levels. The input of these ML models are the three optimal feature
subsets (S, Sg, Sg). To optimize the predictive performance of these models, hyperparameter tuning is conducted using “grid search”
and “random search”, ensuring the selection of the best parameter combinations for each classifier. The tuning process is validated
using 10-fold cross-validation, which helps prevent overfitting and enhances generalizability. The key hyperparameters considered
for each classification model are carefully optimized to enhance predictive performance (Table 1). For the RF model, the primary
hyperparameters include the number of estimators (“n_estimators”) and maximum depth of the trees (“max_depth”). In the case of
the KNN algorithm, the number of neighbors (“n_neighbors™) and the search algorithm (“algorithm”) are evaluated. For the DT, the
critical parameters are the splitting criterion (criterion), the maximum depth of the tree (“max_depth™), and the strategy for node
splitting (“splitter”). For the MLP, the key hyperparameters include the architecture of the hidden layers (“hidden_layer sizes”) and
the activation function (“activation”). In the SVM, the kernel function (“kernel”), the penalty parameter (“C”), and the kernel
coefficient (“gamma”) are tuned. For Gradient Boosting, the primary hyperparameters comprise the number of boosting stages
(“n_estimators”), and maximum depth of the trees (“max_depth”). Finally, for the Voting Classifier, the optimal configuration is
determined by selecting the most effective combination of base models to achieve robust performance.

After hyperparameter optimization, the models are evaluated based on multiple performance metrics, including accuracy, precision,
recall, and F1-score. The best-performing model is selected based on its ability to effectively classify mental stress while maintaining
a balance between bias and variance. The integration of optimized features and fine-tuned hyperparameters ensures a reliable and
efficient framework for mental stress prediction.

Table 1
Hyperparameters setting used for ML models
ML Options for Grid Search
model Hyperparameters of the 1% option Hyperparameters of the 2™ option
RF ‘n_estimators’: [50, 100, 200], ‘n_estimators’: [50, 100, 200], ‘max_features’: [‘sqrt’, ‘log2’], ‘max depth’:
‘max_features’: [‘sqrt’, ‘log2’] [None, 10, 20], ‘min_samples_split’: [2, 5, 10], ‘min_samples_leaf’: [1, 2, 4]
KNN ‘metric’: [‘minkowski’], ‘n_neighbors’: [5, 10, 20, 50],
‘n_neighbors’: [5, 10, 20, 50] ‘algorithm’: [‘auto’, ‘ball_tree’, ‘kd_tree’, ‘brute’]
‘criterion’: [‘gini’, ‘entropy’, ‘log loss’], ‘criterion’: [‘gini’, ‘entropy’, ‘log loss’], ‘splitter’: [‘best’, ‘random’],
DT ‘ccp_alpha’: [0.0, 0.01, 0.1] ‘max_depth’: [None, 5, 10, 20], ‘min_samples_split’: [2, 5, 10],
‘min_samples leaf’: [1, 2, 5], ‘max_features’: [None, ‘sqrt’, ‘log2’],
‘cep_alpha’: [0.0, 0.01, 0.1]
MLP ‘activation’: [‘identity’, ‘logistic’, ‘tanh’, ‘relu’], ‘activation’: [‘identity’, ‘logistic’, ‘tanh’, ‘relu’],
‘hidden_layer sizes’: [10, 20, 50, 100] ‘hidden_layer sizes’: [10, 20, 50, 100], solver: [‘Ibfgs’, ‘sgd’,‘adam’]
SUM ‘kernel’: [‘poly’], ‘gamma’: [0.1, 0.01, 0.02], ‘kernel’: [‘rbf’], ‘C’: [1, 10, 20], ‘gamma’: [0.1, 0.01, 0.02]
‘degree’: [1, 10, 20]
Gradient ‘n_estimators’: [50, 100, 150], ‘n_estimators’: [50, 100, 150], ‘max_depth’: [3, 5, 7], ‘min_samples_split’: [2,
Boostin ‘max_depth’: [3, 5, 7], 5, 10], ‘min_samples leaf’: [1, 2, 4], ‘criterion’: [‘friedman mse, ‘mse’,
& ‘min_samples_split’: [2, 5, 10] ‘mae’]
Viaifing ‘rf n estimators’: [50, 100], ‘rf _n_estimators’: [50, 100], ‘gb_ n_estimators’: [50, 100],
Classifier ‘gb_ n estimators’: [50, 100], “Ir__C*: [0.1, 1.0], “voting’: [*hard’, ‘soft’]

I C’:[0.1, 1.0]

Seven machine learning models from the previous stage, including three with the best hyperparameters derived from the RFE
method-based features and three with the best from the ET method-based features, are evaluated in this phase. The assessment is
conducted as follows: “Models utilizing the same machine learning algorithm are compared, and the model with the higher mean
accuracy is selected. Subsequently, the optimal prediction model is chosen based on the highest accuracy from the selected models”.
This process aims to identify the most effective prediction model.

3.2.4. Models Evaluation

The popular measurement metrics (precision, recall, F1-score, and accuracy) are used to evaluate and select the models with the best
performance (Chung & Teo, 2023; Malik & Khan, 2023b; Priya et al., 2020b; Singh et al., 2022b; Taskasaplidis et al., 2024).

Precision = TP 1)
recision = s
TP @
Recall = TP-I-—FN
Precision X Recall 3)

F1 —score = 2 X

Precision + Recall
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(TP + TN)
(TP + TN + FP + FN)

Accuracy =

where TP (True positive): The individual is actually experiencing mental stress, and the model correctly predicts them as stressed.
FP (False positive): The individual is not experiencing mental stress, but the model incorrectly predicts them as stressed. 7N (True
negative): The individual is not experiencing mental stress, and the model correctly predicts them as not stressed. FN (False

negative): The individual is actually experiencing mental stress, but the model incorrectly predicts them as not stressed.

To select an optimized model among outstanding classification models with multiple criteria (e.g., precision, recall, F1-score),
TOPSIS method is utilized to calculate a TOPSIS score for each outstanding model (Hwang et al., 1981; Mehea et al., 2016; Tzeng

& Huang, 2011). The highest TOPSIS score is the optimized model.

4. Results

4.1. Comparison of baseline characteristics

Dataset in this study is used to conduct from (Imaginative Coder, 2024) consisted of 15,000 rows and 13 columns. From scores of
stress, levels of human mental stress ranged from “normal” (scores 0-1), “mild” (scores 2-3), “moderate” (scores 4-5), “severe”

(scores 6-7), “extremely severe” (scores 9-10).

Table 2
Characteristics of participants.

n (%) or mean + SD

Variable Total Mild Moderate Severe
(n =15,000) (n =4,047) (n =7,455) (n=3,498)
Demographic factors
Age 44.13 £ 6.84 46.55 £ 6.94 43.53 +£6.78 42.61£6.10
Gender

Male 6,431 (42.87) 1,060 (7.07) 3,440 (22.93) 1,931 (12.87)

Female 8,569 (57.13) 2,987 (19.91) 4,015 (26.77) 1,567 (10.45)
Occupation

Accountant 1,134 (7.56) 460 (3.07) 456 (3.04) 218 (1.45)

Doctor 1,856 (12.37) 287 (1.91) 1,095 (7.30) 474 (3.16)

Engineer 1,719 (11.46) 1,000 (6.67) 629 (4.19) 90 (0.60)

Lawyer 1,340 (8.93) 483 (3.22) 852 (5.68) 5(0.03)

Manager 22 (0.15) 10 (0.07) 12 (0.08) -

Nurse 4,316 (28.77) 1,040 (6.93) 2,079 (13.86) 1,197 (7.98)

Sales Representative 115 (0.77) - 55(0.37) 60 (0.40)

Salesperson 1,974 (13.16) - 832 (5.55) 1,142 (7.61)

Scientist 193 (1.29) 9 (0.06) 98 (0.65) 86 (0.57)

Software Engineer 132 (0.88) 12 (0.08) 70 (0.47) 50(0.33)

Teacher 2,199 (14.66) 746 (4.97) 1,277 (8.51) 176 (1.17)
Behavioral Factors
Sleep Duration (hours/day) 6.70 + 0.62 7.63 +£0.53 6.97 +0.39 6.32+0.25
Quality of Sleep

4 39 (0.26) - - 39 (0.26)

5 324 (2.16) - - 324 (2.16)

6 5,212 (34.75) - 2,143 (14.29) 3,069 (20.46)

7 2,523 (16.82) 509 (3.39) 1,948 (12.99) 66 (0.44)

8 5,858 (39.05) 2,494 (16.63) 3,364 (22.43) -

9 1,044 (6.96) 1.044 (6.96) - -
Physical Activity Level 59.93 £ 16.81 60.58 + 14.34 61.08 £ 16.67 56.70 £19.19
Daily Steps 6,795.08 +1,329.71 6,525.46 + 848.55 6,868.95 +1,250.83 6,949.57 £ 1,815.49
Clinical Factors
Blood Pressure (mmHg)

Systolic 130.61 +7.56 129.66 + 8.58 131.70 £ 7.24 132.42 £ 6.05

Diastolic 85.99 £5.62 84.19 +£5.38 87.27+5.92 87.53 £5.31
Heart Rate (bpm) 70.86 +3.61 68.00 £2.91 70.88 +3.03 74.11 £2.58
Sleep Disorder

Healthy 5,000 (33.33) 2,090 (13.93) 2,467 (16.45) 443 (2.95)

Insomnia 5,000 (33.33) 782 (5.21) 2,543 (16.95) 1,675 (11.17)

Sleep Apnea 5,000 (33.33) 1,175 (7.83) 2,445 (16.30) 1,380 (9.20)
BMI Category

Underweight 4,962 (33.08) 2,041 (13.61) 2,464 (16.43) 457 (3.05)

Normal weight 624 (4.16) 171 (1.14) 294 (1.96) 159 (1.06)

Obese 659 (4.39) 167 (1.11) 338 (2.25) 154 (1.03)

Overweight 8,755 (58.37) 1,668 (11.12) 4,359 (29.06) 2,728 (18.19)
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Among the 15,000 participants in the sample, a majority of the participants were nurses (28.77%, 4,316), followed by teachers
(14.66%) and salespersons (13.16%). Gender differences were evident, with females (57.13%) reporting higher levels of stress
compared to males (42.87%). Participants in higher stress categories tended to have shorter sleep durations, with those experiencing
severe stress averaging 6.32 £ 0.25 hours of sleep per day, compared to 7.63 + 0.53 hours among those with mild stress. Sleep
disorders were also prevalent, with insomnia (33.33%) and sleep apnea (33.33%) being common among those reporting moderate
to severe stress. Physical activity levels and daily steps varied across stress levels, with those experiencing severe stress engaging in
less physical activity (56.70 £ 19.19 minutes/day) compared to those with mild stress (60.58 + 14.34 minutes/day). Despite this, the
highest daily step count was observed in participants with severe stress (6,949.57 + 1,815.49 steps), possibly indicating increased
restlessness or lifestyle factors influencing movement. Clinically, participants with higher stress levels showed elevated
cardiovascular indicators, with systolic blood pressure averaging 132.42 + 6.05 mmHg and diastolic pressure at 87.53 + 5.31 mmHg
in the severe stress group, compared to lower values in the mild stress group (129.66 + 8.58 mmHg and 84.19 + 5.38 mmHg,
respectively). Additionally, the heart rate was noticeably higher in those experiencing severe stress (74.11 + 2.58 bpm) compared to
those with mild stress (68.00 = 2.91 bpm), suggesting a link between stress and cardiovascular health. In terms of body weight, the
majority of participants were classified as overweight (58.37%), with this category being more prevalent among those reporting
severe stress (18.19%). Meanwhile, normal-weight individuals accounted for only 33.08% of the sample, with a smaller proportion
in the severe stress category (3.05%) (Table 2).

The correlation analysis highlights key relationships between demographic factors, health indicators, and lifestyle habits (Figure 3).
Gender negatively correlates with age (-0.48) and sleep disorders (-0.39), suggesting potential gender disparities in sleep-related
issues. Age is strongly associated with blood pressure (0.60), BMI (0.54), and sleep disorders (0.63), indicating increased health
risks with aging. Occupation negatively correlates with sleep duration (-0.38) and quality (-0.34), while positively correlating with
BMI (0.55), suggesting work-related stress and sedentary lifestyles contribute to poor sleep and weight gain. Sleep duration is
strongly linked to sleep quality (0.87) and negatively correlated with blood pressure (-0.22) and heart rate (-0.41), reinforcing its
role in cardiovascular health. Physical activity positively correlates with daily steps (0.80) and sleep quality (0.38) but has a moderate
effect on blood pressure (0.32), implying other factors influence cardiovascular health. BMI is strongly associated with blood
pressure (0.65) and sleep disorders (0.69), emphasizing weight management’s role in mitigating health risks. Sleep disorders
correlate strongly with blood pressure (0.74) and BMI (0.69) and moderately with heart rate (0.48), reinforcing the link between
poor sleep and cardiovascular risks. These findings underscore the interconnectedness of sleep, stress, and overall health.
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4.2. Feature Selection

The RFE method identifies the top ten most important features, ranked as follows: sleep duration, heart rate, daily steps, physical
activity level, age, blood pressure, quality of sleep, occupation, sleep disorder, and BMI category. Among these, BMI category and
gender are ranked as the least important features. The ET method returns the top ten most important features as quality of sleep,
sleep duration, heart rate, physical activity level, daily steps, age, blood pressure, occupation, gender, and BMI category, with
respective importance scores of 0.206, 0.2001, 0.175, 0.079, 0.073, 0.073, 0.059, 0.049, 0.031, 0.030, and 0.024. In this ranking,
BMI category and sleep disorder are identified as the least important features. Meanwhile, the Boruta method ranks the top ten most
important features as heart rate, physical activity level, age, daily steps, sleep duration, quality of sleep, blood pressure, occupation,
gender, and sleep disorder, with respective mean importance scores of 64.312, 53.156, 51.690, 49.961, 43.800, 42.655, 40.736,
33.075, 28.696, 27.214, and 25.842. Here, sleep disorder and BMI category are identified as the least important features (Fig. 4).

Among the features ranked by the RFE method, the highest mean accuracy (0.996) was achieved with the first seven features (“sleep

EERNT3

duration”, “heart rate”, “daily steps”, “physical activity level”, “age”, “blood pressure”, and “quality of sleep”) using n-leaves = 170
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and max-depth = 17. This was followed by a mean accuracy of 0.995 with the first five features, using n-leaves = 192 and max-
depth = 16. The lowest mean accuracy (0.919) was observed with only the first two features, using n-leaves = 202 and max-depth =
17. Using all features, the model achieved 0.995 accuracy with n-leaves = 185 and max-depth = 18 (Fig. 5).

For the ET method, the best performance (0.997) was observed with the first six features (“quality of sleep”, “sleep duration”, “heart
rate”, “physical activity level”, “daily steps”, and “age”) using n-leaves = 162 and max-depth = 17. This was followed by a mean
accuracy of 0.996 with the first seven features, using n-leaves = 170 and max-depth = 17. The lowest mean accuracy (0.875) was
recorded with only the first two features, using n-leaves = 66 and max-depth = 14. Using all features, the model achieved 0.994

accuracy with n-leaves = 185 and max-depth = 18 (Fig. 6).

Similarly, the Boruta method achieved its best performance (0.997) with the first six features (‘“heart rate”, “physical activity level”,
“age”, “daily steps”, “sleep duration”, and “quality of sleep”) using n-leaves = 162 and max-depth = 17. This was followed by a
mean accuracy of 0.996 with the first seven features, using n-leaves = 171 and max-depth = 18. The lowest mean accuracy (0.931)
was observed with only the first two features, using n-leaves = 162 and max-depth = 14. Using all features, the model achieved

0.994 accuracy with n-leaves = 185 and max-depth = 18 (Fig. 7).
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Fig. 4. Feature importance based on various feature selection methods
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4.3. Mental Stress Prediction

In the dataset, 7 features based on the RFE method, 6 features based on the ET method, and 6 features based on the Boruta method
were selected to tune the hyperparameters of seven ML models (RF, KNN, DT, MLP, SVM, Gradient Boosting, and voting classifier).

The RF, DT, MLP, and Gradient Boosting models achieved a perfect accuracy of 1.00 across all feature selection methods, including
RFE, ET, and Boruta. The RF model performed optimally with a maximum depth of 20, a maximum features of ‘sqrt’, and different
numbers of estimators (200 for RFE and 50 for ET). Similarly, the DT model demonstrated perfect accuracy with slight variations
in ‘criteria’, where RFE and Boruta used ‘entropy’, while ET applied ‘gini’ with additional constraints. The MLP model performed
consistently well across all feature selection methods with ‘tanh” activation, the ‘/bfgs’ solver, and different hidden layer sizes (100
for RFE, and 50 for ET and Boruta). The Gradient Boosting model achieved 1.00 accuracy with varying constraints on maximum
depth and minimum samples per leaf, emphasizing its robustness in handling complex datasets.

The KNN and Voting Classifier models exhibited strong performance, achieving an accuracy of 0.99 across all feature selection
techniques. The KNN model retained its effectiveness with ‘minkowski’ metric and 5 neighbors, regardless of the feature selection
method. Similarly, the Voting Classifier, employing a soft voting strategy that combined Gradient Boosting, Logistic Regression
(LR), and RF with optimal estimators and regularization, showed stable performance across all methods (Table 3).

Table 3
Hyperparameters tuning
ML and feature selection methods The best hyperparameters Accuracy
RFE-based ‘max depth’: 20, ‘max features’: ‘sqrt’, ‘min samples leaf’: 1, ‘min samples split’: 2, 1.00
‘n_estimators’: 200
E ET-based  ‘max_depth’: 20, ‘max_features’: ‘sqrt’, ‘min_samples leaf’: 1, ‘min_samples_split’: 2, 1.00
‘n_estimators’: 50
Boruta-based  ‘ccp_alpha’: 0.0, ‘criterion’: ‘log_loss’, ‘max_depth’: None, ‘max_features’: ‘log2’, 1.00
‘min_samples_leaf’: 1, ‘min_samples_split’: 2, ‘splitter’: ‘random’
RFE-based  ‘metric’: “minkowski’, ‘n_neighbors’: 5 0.99
é ET-based  ‘metric’: ‘minkowski’, ‘n_neighbors’: 5 0.99
Boruta-based  ‘metric’: ‘minkowski’, ‘n_neighbors’: 5 0.99
RFE-based  ‘ccp_alpha’: 0.0, “criterion’: ‘entropy’ 1.00
ET-based  ‘ccp_alpha’: 0.0, ‘criterion’: ‘gini’, ‘max_depth’: None, ‘max_features’: ‘sqrt’, 1.00
= o - P ) canls . ¢ >
@) min samples leaf’: 1, ‘min samples split’: 2, ‘splitter’: ‘best
Boruta-based  ‘ccp_alpha’: 0.0, ‘criterion’: ‘entropy’, ‘max_depth’: None, ‘max_features’: ‘log2’, 1.00
‘min_samples_leaf’: 1, ‘min_samples_split’: 2, ‘splitter’: ‘best’
. RFE-based  ‘activation’: ‘tanh’, ‘hidden_layer sizes’: 100, ‘solver’: ‘Ibfgs’ 1.00
§ ET-based  “activation’: ‘tanh’, ‘hidden_layer sizes’: 50, ‘solver’: ‘Ibfgs’ 1.00
Boruta-based  ‘activation’: ‘tanh’, ‘hidden_layer sizes’: 50, ‘solver’: ‘Ibfgs’ 1.00
s RFE-based  ‘C’: 20, ‘gamma’: 0.1, ‘kernel’: ‘rbf’ 0.98
s ET-based  “C’: 20, ‘gamma’: 0.1, ‘kemnel’: ‘rbf’ 0.98
n
Boruta-based  C’: 20, ‘gamma’: 0.1, ‘kernel’: ‘rbf> 0.98
RFE-based  ‘criterion’: ‘friedman_mse’, ‘max_depth’: 7, ‘min_samples leaf’: 1, ‘min_samples_split’: 1.00
2w 5, ‘n_estimators’: 150
g 5 ET-based  ‘criterion’: ‘friedman mse’, ‘max_depth’: 5, ‘min_samples_leaf' 2, ‘min_samples_split’: 5, 1.00
28 ‘n_estimators’: 150
om Boruta-based  ‘criterion’: 'friedman_mse', 'max_depth": 7, 'min_samples_leaf': 2, ‘min_samples_split’: 2, 1.00
‘n_estimators’: 150
5 RFE-based ‘gb_n estimators’: 100, ‘It C’: 0.1, ‘rf n_estimators’: 100, ‘voting’: ‘soft’ 0.99
%D ‘g ET-based  ‘gb_ n estimators’: 100, ‘Ir C’: 0.1, ‘rf n_estimators’: 100, ‘voting’: ‘soft’ 0.99
2 é Boruta-based  ‘gb__n_estimators’: 100, ‘Ir__ C’: 0.1, ‘rf__n_estimators’: 100, ‘voting’: ‘soft’ 0.99
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The precision, recall, and F1-scores indicate that RF, DT, MLP, and Gradient Boosting achieved perfect classification (1.00) across
all feature selection methods, demonstrating their robustness. KNN improved from 0.99 (RFE) to 1.00 (ET, Boruta), while the voting
classifier consistently scored 0.99, highlighting their strong but slightly lower performance. SVM exhibited the most variation, with
scores of 0.99 (RFE) dropping to 0.98 (ET, Boruta), suggesting sensitivity to feature selection (Fig. 8).
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Fig. 8. Performance comparison of ML models

To find the optimized model among the 12 outstanding models (RF, DT, MLP, and Gradient Boosting methods across three methods
of feature selection), TOPSIS was used to rank alternatives based on mean and standard deviation of precision, recall, F1-score, and
time. RF-Boruta was the most effective method, combining the RF method and the Boruta algorithm, achieving the highest TOPSIS
score of 0.914558, followed by RF-ET (0.913689) and DT-ET (0.913526). The findings suggest that ensemble-based and decision
tree-based feature selection methods are highly reliable for optimizing model accuracy while maintaining stability. Meanwhile,
MLP-ET (0.300178) and MLP-RFE (0.515340) had the lowest TOPSIS scores because of high computational costs and increased
variability in precision and recall. Gradient Boosting methods exhibit moderate TOPSIS scores, but their higher fit times significantly
reduce their rankings, indicating a trade-off between accuracy and efficiency (Table 4).

Table 4
TOPSIS scores for outstanding ML models (ranked by TOPIS score)

ML- Feature selection @ ?2) A3 () Q)] 6) (@) ®) ()] (10) Té)c 1:::5
RF-Boruta 099 099 099  0.002 0.002  0.002 0.011 0.003 0.015 0.001 0.914558
RF-ET 0.998 0.998 0.998 0.001 0.001 0.001 0.605 0.167 0.033 0.006 0.913689
DT-ET 099 099 099  0.002 0.002  0.002 0.015 0.001 0.015 0.002 0.913526
DT-RFE 0.996 0.996 0.996 0.002 0.002 0.002 0.037 0.018 0.026 0.009 0.870386
DT-Boruta 0.997 0.997 0.997 0.002 0.002 0.002 0.036 0.015 0.035 0.019 0.783744
Gradient Boosting -Boruta ~ 0.998 0.998 0.998 0.001 0.001 0.001 13.614 5.064 0.044 0.008 0.731729
Gradient Boosting -ET 0998 0998 0998  0.002 0.002  0.002 14.440 2.396 0.057 0.017 0.682011
Gradient Boosting -RFE 0.998 0.998 0.998 0.001 0.001 0.001 22.015 3.256 0.066 0.021 0.625774
MLP-Boruta 0.997 0.997 0.997 0.002 0.002 0.002 17.760 8.926 0.027 0.016 0.601386
RF-RFE 0.997 0.997 0.997 0.002 0.002 0.002 3.012 1.068 0.107 0.036 0.579231
MLP-RFE 0997 0997 0.997  0.001 0.001 0.001 30.485 11.120 0.041 0.024 0.515340
MLP-ET 0.994 0.994 0.994 0.008 0.008 0.008 22.041 10.366 0.037 0.019 0.300178

(1) mean_test precision; (2) mean_test recall; (3) mean_test F1; (4) std test precision; (5) std_test recall; (6) std_test F1; (7) mean_fit time;
(8) std_fit time; (9) mean_score_time; (10) std_score_time
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Fig. 9. Feature contributions of the RF model with the Boruta algorithm.
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The RF model, in combination with the Boruta feature selection algorithm, was identified as the most effective approach for mental
stress prediction and employed to examine the contribution of individual features using SHAP analysis (Figure 9). Among the six
features identified by the Boruta algorithm, “quality of sleep” and “sleep duration” were found to be the most significant factors.
Higher values in both factors, indicating better sleep quality and longer sleep duration, were associated with lower predicted stress
levels. Additionally, “physical activity level” also played an important role; increased physical activity was linked to reduced
predictions of stress. In contrast, “age” and “daily steps” exhibited comparatively minor effects on the model’s output. These
findings highlight the significant impact of sleep-related factors and physical activity on predicting mental stress, suggesting that
interventions targeting improved sleep quality and duration may play a crucial role in reducing stress.

5. Discussion

This study examined mental stress using a dataset that included demographic, behavioral, and clinical factors and found significant
health trends. Poor sleep and a higher BMI were associated with high-stress occupations, particularly in some professions. The
higher blood pressure, BMI, and sleep difficulties among older people highlighted age-related health hazards. Stress-related
circumstances and sleep quality showed apparent gender differences. Although exercise enhanced the quality of sleep, it was not
enough to control cardiovascular health on its own. The strong correlations found between BMI, sleep difficulties, and
cardiovascular markers highlighted the necessity of lifestyle changes and weight management to lower stress and improve well-
being. Getting enough sleep is still crucial for general health. These results are consistent with earlier research (Piao et al., 2024;
Tharmalingam, 2024; Vankar, 2024; Wilson, 2025; wincoordinator, 2024).

Our analysis leveraged demographic, behavioral, and clinical factors to identify key predictors of mental stress using the RFE, ET,
and Boruta feature selection methods. The findings reinforce prior research, highlighting “sleep duration”, “heart rate”, “daily steps”,
“physical activity level”, “age”, “quality of sleep”, and “blood pressure” as the most significant indicators of stress (Allison et al.,
2025; Ghaderi et al., 2015; Shah et al., 2024; Wang et al., 2024). All three feature selection methods consistently ranked these six
factors among the most important. The RFE method achieved the highest mean accuracy (0.996) with the top seven features,
including “blood pressure”. The ET and Boruta methods performed best (0.997) and with the top six features, omitting “blood
pressure”. These results emphasize the robustness of these predictors across different selection techniques, confirming their critical

role in assessing mental stress.

In terms of predicting mental stress using ML and feature selection methods, our results showed that accuracy above 0.97 across
various models underscored our approach’s robustness, demonstrating the importance of feature selection in optimizing mental stress
prediction. Among these ML models, RF, DT, MLP, and Gradient Boosting achieved perfect accuracy (1.00) across RFE, ET, and
Boruta methods. Our approach’s robustness was also shown via the high precision, recall, and F1-scores achieved across different
models. These findings show that ML methods effectively leverage feature selection to enhance prediction accuracy and stability,
reinforcing their suitability for mental stress assessment. The results align with previous studies highlighting the significance of ML
and feature selection methods in mental stress prediction (Abdelfattah et al., 2025; Ahuja & Banga, 2019; G. S. Kumar &
Ankayarkanni, 2025; Malik & Khan, 2023b; Mentis et al., 2024; Razavi et al., 2024; Sudha et al., 2025; Verma et al., 2024). RF-
Boruta emerged as the best-performing model with a TOPSIS score of 0.914558. SHAP analysis revealed that “quality of sleep”
and “sleep duration” were the most influential features, followed by “physical activity level”, indicating that sleep-related factors
and physical activity play key roles in mental stress prediction. This approach holds promise for deployment in clinical and non-
clinical settings, enabling real-time stress monitoring and supporting data-driven health interventions aimed at early detection and
prevention. However, our study has notable limitations. While feature selection methods improved interpretability, their rankings
varied slightly, indicating the need for further validation in diverse populations. Moreover, the dataset may not fully capture the
complexity of mental stress, as additional psychological or environmental factors were not included. Future research should consider
incorporating longitudinal data and expanding feature sets to enhance predictive accuracy and generalizability.

6. Conclusion

This study presented a unified machine learning framework for mental stress prediction by integrating demographic, behavioral, and
clinical factors with advanced feature selection techniques and multiple classification algorithms. Three feature selection methods -
RFE, ET, and Boruta - were systematically compared and combined with seven machine learning models: RF, KNN, DT, MLP,
SVM, Gradient Boosting, and Voting Classifier. Experimental results demonstrated high predictive performance across all models,
with accuracies exceeding 0.98. Among these, RF, DT, MLP, and Gradient Boosting achieved perfect classification accuracy (1.00),
while the RF-Boruta configuration achieved the highest overall performance according to TOPSIS with a score of 0.914558.
Furthermore, SHAP analysis identified “sleep quality”, “sleep duration”, and “physical activity” as the most influential predictors
of mental stress. These results highlight the potential of the proposed framework to be deployed in both clinical and non-clinical
settings for real-time stress monitoring, enabling data-driven health interventions aimed at early detection and prevention.

Acknowledgments

The authors are grateful to the School of Informatics, Informatics Innovation Center of Excellence (IICE), Research and Innovation
Institute of Excellence (RIIE), Center for International Affairs (CIA), Walailak University supporting this research.



748

Funding

This work was supported by Walailak University under the New Researcher Development scheme (Contract Number WU68242)
and the International Research Collaboration scheme (Contract Number WU-CIA-01801/2025).

Institutional Review Board Statement

Ethical review and approval were waived for this study due to the secondary data (Exemption with Approval Number: WUEC-25-
210-01 by the Ethics Committee in Human Research Walailak University).

References

Abdelfattah, E., Joshi, S., & Tiwari, S. (2025). Machine and Deep Learning Models for Stress Detection Using Multimodal
Physiological Data. I[EEE Access.

Ahuja, R., & Banga, A. (2019). Mental stress detection in university students using machine learning algorithms. Procedia Computer
Science, 152, 349-353.

Alamin, Z., Lorosae, T. A., Ramadhan, S., & others. (2024). Improving Performance Sentiment Movie Review Classification Using
Hybrid Feature TFIDF, N-Gram, Information Gain and Support Vector Machine. Mathematical Modelling of Engineering
Problems, 11(2).

Allison, M., Jefferson, F., Parker, L., Platt, T., Reed, R., & Harrison, R. (2025). Debiasing and Preserving Privacy in Sleep Datasets
Using Generative Adversarial Neural Networks. 2025 IEEE 15th Annual Computing and Communication Workshop and
Conference (CCWC), 593-598.

Anitha, K. L., & others. (2025). Stacking Ensemble Model for Stress Detection using Sleeping Habits. 2025 International
Conference on Intelligent and Innovative Technologies in Computing, Electrical and Electronics (IITCEE), 1-4.

Chung, J., & Teo, J. (2023). Single classifier vs. ensemble machine learning approaches for mental health prediction. Brain
Informatics, 10(1), 1-10.

Doma, V., Abd Almisreb, A., Yaman, E., Amanzholova, S., & Ismail, N. (2025). Classification of Student Stress Levels Using a
Hybrid Machine Learning Model. In AI-Driven: Social Media Analytics and Cybersecurity (pp. 77-104). Springer.

Dudi¢, A. oki¢l H. S. D. (2025). COMPARATIVE ANALYSIS OF CLASSIFICATION MODEL PERFORMANCE IN
PREDICTING STRESS LEVELS IN STUDENTS. 4nnual Conference on Challenges of Contemporary Higher Education
(ACCHE), 61-66.

El Morr, C., Jammal, M., Bou-Hamad, 1., Hijazi, S., Ayna, D., Romani, M., & Hoteit, R. (2024). Predictive machine learning models
for assessing lebanese university students’ depression, anxiety, and stress during COVID-19. Journal of Primary Care &
Community Health, 15,21501319241235588.

Geurts, P., Ernst, D., & Wehenkel, L. (2006). Extremely randomized trees. Machine Learning, 63, 3—42.

Ghaderi, A., Frounchi, J., & Farnam, A. (2015). Machine learning-based signal processing using physiological signals for stress
detection. 2015 22nd Iranian Conference on Biomedical Engineering (ICBME), 93-98.

Guyon, ., & Elisseeff, A. (2003). An introduction to variable and feature selection. Journal of Machine Learning Research, 3(Mar),
1157-1182.

Guyon, 1., Weston, J., Barnhill, S., & Vapnik, V. (2002). Gene selection for cancer classification using support vector machines.
Machine Learning, 46, 389-422.

Harish, B. S., Kumar, K., & Darshan, H. K. (2019). Sentiment analysis on IMDb movie reviews using hybrid feature extraction
method.

Hwang, C.-L., Yoon, K., Hwang, C.-L., & Yoon, K. (1981). Methods for multiple attribute decision making. Multiple Attribute
Decision Making: Methods and Applications a State-of-the-Art Survey, 58—191.

Imaginative Coder. (2024). Sleep health data. https://www.kaggle.com/datasets/imaginativecoder/sleep-health-data-sampled

Jayawickrama, J. G., & Rupasingha, R. (2023). Human Stress Detection Based on Sleeping Habits Using Machine Learning
Algorithms. 2023 3rd International Conference on Advanced Research in Computing (ICARC), 7-12.

Katiyar, K., Fatma, H., & Singh, S. (2024). Predicting Anxiety, Depression and Stress in Women Using Machine Learning
Algorithms. In Combating Women s Health Issues with Machine Learning (pp. 22—40). CRC Press.

Kaur, G., & Sharma, A. (2023). A deep learning-based model using hybrid feature extraction approach for consumer sentiment
analysis. Journal of Big Data, 10(1), 5.

Khan, J., Alam, A., & Lee, Y. (2021). Intelligent hybrid feature selection for textual sentiment classification. /EEE Access, 9,
140590-140608.

Kralj, M. M. (1989). Life-change stress and stress symptoms. Journal of College Student Development, 30, 333.

Kumar, A., Sharma, N., Chauhan, R., Joshi, K., Mitra, D., & Madaan, V. (2024). Predicting Stress Levels in Sleep Patterns using
Machine Learning Models and a Smart Yoga Pillow. 2024 7th International Conference on Contemporary Computing and
Informatics (IC31), 7, 516-522.

Kumar, G. S., & Ankayarkanni, B. (2025). Leveraging Conv-XGBoost algorithm for perceived mental stress detection using
Photoplethysmography. Intelligence-Based Medicine, 100209.

Kumar, P., Chandra, S., & others. (2023). Prediction and comparison of psychological health during COVID-19 among Indian
population and Rajyoga meditators using machine learning algorithms. Procedia Computer Science, 218, 697-705.

Kursa, M. B., & Rudnicki, W. R. (2010). Feature selection with the Boruta package. Journal of Statistical Software, 36, 1-13.



T.A. Tuan et al. /International Journal of Data and Network Science 9 (2025) 749

Ladakis, 1., & Chouvarda, I. (2021). Overview of biosignal analysis methods for the assessment of stress. Emerging Science Journal,
5(2),233-244.

Malik, S. S., & Khan, A. (2023a). Anxiety, Depression and Stress prediction among College Students using Machine Learning
Algorithms. 2023 Second International Conference on Electrical, Electronics, Information and Communication Technologies
(ICEEICT), 1-5.

Malik, S. S., & Khan, A. (2023b). Anxiety, Depression and Stress prediction among College Students using Machine Learning
Algorithms. 2023 Second International Conference on Electrical, Electronics, Information and Communication Technologies
(ICEEICT), 1-5.

Mehea, M., Staakova, S., Feranecova, A., & Raganiova, V. (2016). Selecting the savings account in the Slovak Republic. Problems
and Perspectives in Management, 14, Iss. 4, 8—16.

Mentis, A.-F. A., Lee, D., & Roussos, P. (2024). Applications of artificial intelligence- machine learning for detection of stress: a
critical overview. Molecular Psychiatry, 29(6), 1882—1894.

Piao, X., Xie, J., & Managi, S. (2024). Continuous worsening of population emotional stress globally: universality and variations.
BMC Public Health, 24(1), 3576.

Pramodhani, R. J., Vineela, P. S. S., Aseesh, V. S., Kumar, K., & Devi, B. S. K. (2022). Stress Prediction and Detection in Internet
of Things using Learning Methods. 2022 4th International Conference on Inventive Research in Computing Applications
(ICIRCA), 303-309.

Priya, A., Garg, S., & Tigga, N. P. (2020a). Predicting anxiety, depression and stress in modern life using machine learning
algorithms. Procedia Computer Science, 167, 1258-1267.

Priya, A., Garg, S., & Tigga, N. P. (2020b). Predicting anxiety, depression and stress in modern life using machine learning
algorithms. Procedia Computer Science, 167, 1258-1267.

Rachakonda, L., Bapatla, A. K., Mohanty, S. P., & Kougianos, E. (2020). SaYoPillow: Blockchain-integrated privacy-assured loMT
framework for stress management considering sleeping habits. I[EEE Transactions on Consumer Electronics, 67(1), 20-29.

Razavi, M., Ziyadidegan, S., Mahmoudzadeh, A., Kazeminasab, S., Baharlouei, E., Janfaza, V., Jahromi, R., & Sasangohar, F. (2024).
Machine learning, deep learning, and data preprocessing techniques for detecting, predicting, and monitoring stress and stress-
related mental disorders: scoping review. JMIR Mental Health, 11, e53714.

Saltzman, L. Y., Longo, M., & Hansel, T. C. (2023). Long-COVID stress symptoms: Mental health, anxiety, depression, or
posttraumatic stress. Psychological Trauma: Theory, Research, Practice, and Policy.

Shah, K., Patel, D., Chauhan, D., Shah, M., Patel, Y., Dubey, N., Patel, S., & Patel, A. (2024). Stress Detection Across Demographics:
Leveraging Linear Regression Analysis. International Conference on Information and Communication Technology for Intelligent
Systems, 503-516.

Shahi, T. B., Sitaula, C., & Paudel, N. (2022). A hybrid feature extraction method for Nepali COVID-19-related tweets classification.
Computational Intelligence and Neuroscience, 2022(1), 5681574.

Shruthika, L., & Rasheedha, A. (2024). Machine learning strategies for human stress level prediction: a comparative performance
analysis. 2nd International Conference on Computer Vision and Internet of Things (ICCVIoT 2024), 2024, 235-239.

Singh, S., Gupta, H., Singh, P., & Agrawal, A. P. (2022a). Comparative Analysis of Machine Learning Models to Predict Depression,
Anxiety and Stress. 2022 11th International Conference on System Modeling & Advancement in Research Trends (SMART),
1199-1203.

Singh, S., Gupta, H., Singh, P., & Agrawal, A. P. (2022b). Comparative Analysis of Machine Learning Models to Predict Depression,
Anxiety and Stress. 2022 11th International Conference on System Modeling & Advancement in Research Trends (SMART),
1199-1203.

Sudha, M. R., Malini, G. B. H., Sankar, R., Mythily, M., Kumaresh, P. S., Varadarajan, M. N., & Sujatha, S. (2025). Predictive
modeling for healthcare worker well-being with cloud computing and machine learning for stress management. International
Journal of Electrical & Computer Engineering (2088-8708), 15(1).

Taskasaplidis, G., Fotiadis, D. A., & Bamidis, P. (2024). Review of Stress Detection Methods Using Wearable Sensors. I[EEE Access.

Tharmalingam, L. (2024). Mental health diagnosis and treatment monitoring. https://www.kaggle.com/datasets/shijo96john/stress-
level-prediction

Trang, L. T. T., Le, C. N., Chutipatana, N., Shohaimi, S., & Suwanbamrung, C. (2023). Prevalence and predictors of depression,
anxiety, and stress among recovered COVID-19 patients in Vietnam. Roczniki Panstwowego Zaktadu Higieny, 74(2).

Trivedi, N. K., Tiwari, R. G., Witarsyah, D., Gautam, V., Misra, A., & Nugraha, R. A. (2022). Machine Learning Based Evaluations
of Stress, Depression, and Anxiety. 2022 International Conference Advancement in Data Science, E-Learning and Information
Systems (ICADEIS), 1-5.

Tuan, T. A., Nghia, N. H., An, T. D., & Loan, D. T. T. (2024). Exploring Mental Stress Expressions in Online Communities: A
Subreddit Analysis. Journal of Human, Earth and Future, 5(2), 131-150.

Tuan, T. A., Trang, L. T. T., An, T. D., Nghia, N. H., & Loan, D. T. T. (2024). An Analysis of Machine Learning for Detecting
Depression, Anxiety, and Stress of Recovered COVID-19 Patients. Journal of Human, Earth, and Future, 5(1), 1-18.

Tuan, T. A., Win, W. M., Trang, L. T. T., Nhan, N. T. T., An, T. D., & Loan, D. T. T. (2024). Mental health and long COVID status
prediction among recovered COVID-19 patients: A comparison of machine learning methods. International Journal of Data and
Network Science.

Tzeng, G.-H., & Huang, J.-J. (2011). Multiple attribute decision making: methods and applications. CRC press.

Vankar, P. (2024). Most stressed countries/regions worldwide in 2023. https://www.statista.com/statistics/1057961/the-most-
stressed-out-populations-worldwide/#statisticContainer



750

Verma, H., Kumar, N., Sharma, Y. K., & Vyas, P. (2024). StressDetect: ML for Mental Stress Prediction. Optimized Predictive
Models in Healthcare Using Machine Learning, 341-357.

Wahab, O., Adda, M., & Zrira, N. (2024). SereniSens: a Multimodal Al Framework with LLMs for Stress Prediction through Sleep
Biometrics. Procedia Computer Science, 251, 342—-349.

Wan, X., & Tian, L. (2024). User Stress Detection Using Social Media Text: A Novel Machine Learning Approach. International
Journal of Computers Communications & Control, 19(5).

Wang, H., Wang, J., Zhao, Z., Zhou, L., Xu, H., Ji, J., Shi, Q., & Zhang, S. (2024). Research on night stress management and sleep
staging based on PPG signal of smartwatch. Proceedings of the 2024 International Conference on Smart Healthcare and
Wearable Intelligent Devices, 36—40.

WebMD. (2023). Stress symptoms. https://www.webmd.com/balance/stress-management/stress-symptoms-effects_of-stress-on-the-
body#1

Wilson, D. (2025). Ranked: The World'’s Most And Least Stressed Countries, 2025. https://ceoworld.biz/2025/01/13/ranked-the-
worlds-most-and-least-stressed-countries-2025/

wincoordinator. (2024). Stress Levels Rise Around the World. https://winmr.com/stress-levels-rise-around-the-world/

© 2025 by the authors; licensee Growing Science, Canada. This is an open access article
@ @ distributed under the terms and conditions of the Creative Commons Attribution (CC-BY)

license (http://creativecommons.org/licenses/by/4.0/).



	2. Related Work
	3. Research Methodology
	Fig. 2 shows the structure of the proposed research.
	3.1. Data Collection
	3.2. Proposed Method
	3.2.1. Data Preprocessing
	3.2.2. Feature Selection with Optimization
	3.2.3. Classification Models
	3.2.4. Models Evaluation
	4. Results
	4.1. Comparison of baseline characteristics
	4.2. Feature Selection
	4.3. Mental Stress Prediction
	5. Discussion
	6. Conclusion
	Acknowledgments
	Funding
	Institutional Review Board Statement
	References

