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 Mental stress is a growing global health concern, closely linked to psychological, behavioral, and 
physiological disorders. Accurate and early prediction of mental stress is crucial for timely 
interventions and improved health outcomes. Despite numerous studies leveraging machine 
learning (ML) techniques for stress classification, many have overlooked the integration of 
systematic feature selection and comprehensive model evaluation, limiting generalizability and 
interpretability. To address these gaps, this study proposes a robust ML-based framework that 
combines optimized feature selection methods - Recursive Feature Elimination (RFE), Extra Trees 
(ET), and Boruta - with various classification algorithms including Random Forest (RF), K-Nearest 
Neighbors (KNN), Decision Tree (DT), Multilayer Perceptron (MLP), Support Vector Machine 
(SVM), Gradient Boosting, and voting classifier. The models were evaluated using 10-fold cross-
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 
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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 Naïve 
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 F1-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. 



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

 

 

739 

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. Đokic 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 F1-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.  
 

 
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”).  
 
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 SF, SE, and SB be the sets of feature subsets selected from the F, E, and B, respectively. 
 
The proposed method consists of the following steps: 
 

• Input: the dataset with a given sample size and total features (e.g., 15,000 rows and 12 columns) 
• Step 1: Ordering feature importance  

o Apply the RFE method using the DT classifier to rank features and assign the result as F = {f1, f2,…, fn} = {fi}, where 
fi is the ith feature, and fi-1 < fi for i = 2, 3, …, n. 

o Apply the ET method using the ET classifier to score features and assign the result as E = {e1,e2,…, en} = {ej}, where 
ej is the jth feature, and ej-1 < ej for j = 2, 3, …, n. 

o Apply the Boruta method using the DT classifier to score features and assign the result as B = {b1, b2,…, bn} = {bk}, 
where bk is the kth feature, and bk-1 < bk for k = 2, 3, …, n. 

• 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 F  

 Apply the FS procedure for F to determine a set of feature subsets 𝑆𝑆𝐹𝐹 = �𝑆𝑆𝐹𝐹𝑙𝑙 � 𝑆𝑆𝐹𝐹𝑙𝑙 ⊂ 𝐹𝐹, �𝑆𝑆𝐹𝐹𝑙𝑙� ≥ 2, and 𝑓𝑓𝑖𝑖 ∈
𝑆𝑆𝐹𝐹𝑙𝑙 ⇒  𝑓𝑓𝑖𝑖 ≥ 𝑓𝑓𝑚𝑚, ∀𝑓𝑓𝑚𝑚 ∉ 𝑆𝑆𝐹𝐹𝑙𝑙}, where 𝑆𝑆𝐹𝐹𝑙𝑙 is a feature subset from 𝑆𝑆𝐹𝐹. 

 Each candidate subset 𝑆𝑆𝐹𝐹𝑙𝑙 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 𝑆𝑆𝐹𝐹∗ =
arg max

𝑆𝑆𝐹𝐹𝑙𝑙∈ 𝑆𝑆𝐹𝐹
Acc(𝑆𝑆𝐹𝐹𝑙𝑙). 

o Select the best feature subset from E  
 Apply the FS procedure for E to determine a set of feature subsets  𝑆𝑆𝐸𝐸 = �𝑆𝑆𝐸𝐸𝑙𝑙 � 𝑆𝑆𝐸𝐸𝑙𝑙 ⊂ 𝐸𝐸, �𝑆𝑆𝐸𝐸𝑙𝑙� ≥ 2, and 𝑒𝑒𝑗𝑗 ∈

𝑆𝑆𝐸𝐸𝑙𝑙 ⇒  𝑒𝑒𝑗𝑗 ≥ 𝑒𝑒𝑚𝑚, ∀𝑒𝑒𝑚𝑚 ∉ 𝑆𝑆𝐸𝐸𝑙𝑙}, where 𝑆𝑆𝐸𝐸𝑙𝑙 is a feature subset from 𝑆𝑆𝐸𝐸. 
 Each candidate subset 𝑆𝑆𝐸𝐸𝑙𝑙 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 𝑆𝑆𝐸𝐸∗ =
arg max

𝑆𝑆𝐸𝐸𝑙𝑙∈ 𝑆𝑆𝐸𝐸
Acc(𝑆𝑆𝐸𝐸𝑙𝑙). 

o Select the best feature subset from B  
 Apply the FS procedure for B to determine a set of feature subsets  𝑆𝑆𝐵𝐵 = �𝑆𝑆𝐵𝐵𝑙𝑙 � 𝑆𝑆𝐵𝐵𝑙𝑙 ⊂ 𝐵𝐵, �𝑆𝑆𝐵𝐵𝑙𝑙� ≥ 2, and 𝑏𝑏𝑘𝑘 ∈

𝑆𝑆𝐵𝐵𝑙𝑙 ⇒  𝑏𝑏𝑘𝑘 ≥ 𝑏𝑏𝑚𝑚, ∀𝑏𝑏𝑚𝑚 ∉ 𝑆𝑆𝐵𝐵𝑙𝑙}, where 𝑆𝑆𝐵𝐵𝑙𝑙 is a feature subset from 𝑆𝑆𝐵𝐵. 
 Each candidate subset 𝑆𝑆𝐵𝐵𝑙𝑙 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 𝑆𝑆𝐵𝐵∗ =
arg max

𝑆𝑆𝐵𝐵𝑙𝑙∈ 𝑆𝑆𝐵𝐵
Acc(𝑆𝑆𝐵𝐵𝑙𝑙). 

• Output: the best feature subsets for RFE, ET, and Boruta methods 𝑆𝑆𝐹𝐹∗, 𝑆𝑆𝐸𝐸∗, 𝑆𝑆𝐵𝐵∗  
 

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 (𝑆𝑆𝐹𝐹∗, 𝑆𝑆𝐸𝐸∗, 𝑆𝑆𝐵𝐵∗). 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 
 model 

Options for Grid Search 
Hyperparameters of the 1st option  Hyperparameters of the 2nd option 

RF ‘n_estimators’: [50, 100, 200],  
‘max_features’: [‘sqrt’, ‘log2’] 

‘n_estimators’: [50, 100, 200], ‘max_features’: [‘sqrt’, ‘log2’], ‘max_depth’: 
[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’] 

DT 

‘criterion’: [‘gini’, ‘entropy’, ‘log_loss’], 
‘ccp_alpha’: [0.0, 0.01, 0.1] 

 

‘criterion’: [‘gini’, ‘entropy’, ‘log_loss’], ‘splitter’: [‘best’, ‘random’], 
‘max_depth’: [None, 5, 10, 20], ‘min_samples_split’: [2, 5, 10], 
‘min_samples_leaf’: [1, 2, 5], ‘max_features’: [None, ‘sqrt’, ‘log2’], 
‘ccp_alpha’: [0.0, 0.01, 0.1] 

MLP ‘activation’: [‘identity’, ‘logistic’, ‘tanh’, ‘relu’], 
‘hidden_layer_sizes’: [10, 20, 50, 100] 

‘activation’: [‘identity’, ‘logistic’, ‘tanh’, ‘relu’],  
‘hidden_layer_sizes’: [10, 20, 50, 100], solver: [‘lbfgs’, ‘sgd’,‘adam’] 

SVM 
‘kernel’: [‘poly’], ‘gamma’: [0.1, 0.01, 0.02], 
‘degree’: [1, 10, 20] 

‘kernel’: [‘rbf’], ‘C’: [1, 10, 20], ‘gamma’: [0.1, 0.01, 0.02] 
 

Gradient 
Boosting 

‘n_estimators’: [50, 100, 150],  
‘max_depth’: [3, 5, 7],  
‘min_samples_split’: [2, 5, 10] 

‘n_estimators’: [50, 100, 150], ‘max_depth’: [3, 5, 7], ‘min_samples_split’:  [2, 
5, 10],  ‘min_samples_leaf’: [1, 2, 4], ‘criterion’: [‘friedman_mse, ‘mse’, 
‘mae’] 

Voting 
Classifier 

‘rf__n_estimators’: [50, 100],  
‘gb__n_estimators’: [50, 100],  
‘lr__C’: [0.1, 1.0] 

‘rf__n_estimators’: [50, 100], ‘gb__n_estimators’: [50, 100],  
‘lr__C’: [0.1, 1.0], ‘voting’: [‘hard’, ‘soft’]   

 
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

TP + FP
 (1) 

Recall =  
TP

TP + FN (2) 

F1 − score =  2 ×
Precision ×  Recall
Precision + Recall  (3) 
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Accuracy =  
(TP + TN)

(TP + TN + FP + FN) (4) 

 
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. TN (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. 

Variable 
n (%) or mean ± SD 

Total  
(n = 15,000) 

Mild  
(n = 4,047) 

Moderate  
(n = 7,455) 

Severe  
(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. 
 

 

 
Fig. 3. Heap map among factors 

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 
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). 
 

 

Fig. 4. Feature importance based on various feature selection methods 
 

 

Fig. 5. Accuracy based on RFE method 

 

Fig. 6. Accuracy based on ET method. 
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Fig. 7. Accuracy based on Boruta method 

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 ‘lbfgs’ 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 

R
F 

RFE-based ‘max_depth’: 20, ‘max_features’: ‘sqrt’, ‘min_samples_leaf’: 1, ‘min_samples_split’: 2, 
‘n_estimators’: 200 

1.00 

ET-based ‘max_depth’: 20, ‘max_features’: ‘sqrt’, ‘min_samples_leaf’: 1, ‘min_samples_split’: 2, 
‘n_estimators’: 50 

1.00 

Boruta-based ‘ccp_alpha’: 0.0, ‘criterion’: ‘log_loss’, ‘max_depth’: None, ‘max_features’: ‘log2’, 
‘min_samples_leaf’: 1, ‘min_samples_split’: 2, ‘splitter’: ‘random’ 

1.00 

K
N

N
 RFE-based ‘metric’: ‘minkowski’, ‘n_neighbors’: 5 0.99 

ET-based ‘metric’: ‘minkowski’, ‘n_neighbors’: 5 0.99 
Boruta-based ‘metric’: ‘minkowski’, ‘n_neighbors’: 5 0.99 

D
T 

RFE-based ‘ccp_alpha’: 0.0, ‘criterion’: ‘entropy’ 1.00 
ET-based ‘ccp_alpha’: 0.0, ‘criterion’: ‘gini’, ‘max_depth’: None, ‘max_features’: ‘sqrt’, 

‘min_samples_leaf’: 1, ‘min_samples_split’: 2, ‘splitter’: ‘best’ 
1.00 

Boruta-based ‘ccp_alpha’: 0.0, ‘criterion’: ‘entropy’, ‘max_depth’: None, ‘max_features’: ‘log2’, 
‘min_samples_leaf’: 1, ‘min_samples_split’: 2, ‘splitter’: ‘best’ 

1.00 

M
LP

 RFE-based ‘activation’: ‘tanh’, ‘hidden_layer_sizes’: 100, ‘solver’: ‘lbfgs’ 1.00 
ET-based ‘activation’: ‘tanh’, ‘hidden_layer_sizes’: 50, ‘solver’: ‘lbfgs’ 1.00 

Boruta-based ‘activation’: ‘tanh’, ‘hidden_layer_sizes’: 50, ‘solver’: ‘lbfgs’ 1.00 

SV
M

 RFE-based ‘C’: 20, ‘gamma’: 0.1, ‘kernel’: ‘rbf’ 0.98 
ET-based ‘C’: 20, ‘gamma’: 0.1, ‘kernel’: ‘rbf’ 0.98 

Boruta-based ‘C’: 20, ‘gamma’: 0.1, ‘kernel’: ‘rbf’ 0.98 

G
ra

di
en

t 
B

oo
sti

ng
 

RFE-based ‘criterion’: ‘friedman_mse’, ‘max_depth’: 7, ‘min_samples_leaf’: 1, ‘min_samples_split’: 
5, ‘n_estimators’: 150 

1.00 

ET-based ‘criterion’: ‘friedman_mse’, ‘max_depth’: 5, ‘min_samples_leaf' 2, ‘min_samples_split’: 5, 
‘n_estimators’: 150 

1.00 

Boruta-based ‘criterion’: 'friedman_mse', 'max_depth': 7, 'min_samples_leaf': 2, ‘min_samples_split’: 2, 
‘n_estimators’: 150 

1.00 

V
ot

in
g 

C
la

ss
ifi

er
 RFE-based ‘gb__n_estimators’: 100, ‘lr__C’: 0.1, ‘rf__n_estimators’: 100, ‘voting’: ‘soft’ 0.99 

ET-based ‘gb__n_estimators’: 100, ‘lr__C’: 0.1, ‘rf__n_estimators’: 100, ‘voting’: ‘soft’ 0.99 
Boruta-based ‘gb__n_estimators’: 100, ‘lr__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). 
 

 

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 (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) TOPSIS 
Score 

RF-Boruta 0.996 0.996 0.996 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 0.996 0.996 0.996 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 0.998 0.998 0.998 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 0.997 0.997 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 

 
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. 
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