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Abstract:

The increasing use of social media and digital platforms has raised concerns regarding its potential relationship with sleep
patterns, lifestyle behaviors, productivity, and psychological well-being. Stress is a common health-related issue that may
be influenced by daily behavioral patterns, including screen time, social media usage, sleep duration, physical activity, and
work or study habits. This study aims to develop and evaluate machine learning models for predicting stress levels based
on non-invasive digital behavior and lifestyle indicators. The dataset used in this study consisted of 11,000 records with
three stress level categories: Low, Medium, and High. The predictor variables included age, daily screen time, social media
usage duration, sleep hours, exercise duration, study or work hours, productivity score, and the most frequently used social
media platform. Several machine learning algorithms were evaluated, including Logistic Regression, Decision Tree,
Random Forest, Support Vector Machine, K-Nearest Neighbors, and Gradient Boosting. Model performance was assessed
using accuracy, precision, recall, F1-score, confusion matrix analysis, and 5-fold stratified cross-validation. The
experimental results showed that the overall classification performance was modest. The Decision Tree model achieved
the best testing performance with an accuracy and macro F1-score of 0.3400, while Gradient Boosting achieved the highest
cross-validation performance with a mean accuracy of 0.3480 and a mean macro F1-score of 0.3467. Feature importance
analysis using Random Forest indicated that productivity score, sleep hours, study or work hours, social media hours, and
daily screen time were the most influential variables. These findings suggest that digital behavior and lifestyle indicators
may provide useful exploratory insights for stress-related analysis, although their predictive power remains limited.
Therefore, the proposed approach is more suitable as an exploratory digital well-being assessment framework rather than
a clinical diagnostic tool.

Keywords: Stress Prediction, Machine Learning, Social Media Usage, Sleep Patterns, Digital Well-Being, Health
Informatics, Feature Importance.
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1. Introduction

The rapid growth of digital technology and social media has significantly transformed human behavior,
communication patterns, work habits, and lifestyle routines [1]. Social media platforms are now widely used not only
for communication and entertainment, but also for learning, professional networking, and information sharing [2].
However, excessive digital engagement may influence several aspects of well-being, including sleep quality, physical

activity, perceived stress, and daily productivity. In the context of digital health, understanding the relationship
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between social media use and psychological well-being has become increasingly important, particularly as mental

health conditions and stress-related problems continue to affect individuals across different age groups [3], [4].

Stress is a common psychological response that may occur when individuals experience pressure related to work,
study, health, social relationships, or daily responsibilities. Although stress can be considered a normal response in
certain situations, prolonged or unmanaged stress may contribute to negative health outcomes and reduced quality of
life. Therefore, early identification of stress levels is important to support preventive health strategies and digital well-
being interventions [5], [6]. In recent years, artificial intelligence and machine learning have shown potential in
supporting health informatics by identifying patterns from behavioral and lifestyle data that may not be easily observed

through conventional analysis [7].

Previous studies in stress detection have commonly utilized physiological signals, wearable sensors, mobile
sensing data, or clinical questionnaires [8]. While these approaches are useful, they may require specific devices,
controlled data collection procedures, or self-reported clinical instruments [9], [10]. In contrast, behavioral indicators
such as daily screen time, social media duration, sleep hours, exercise habits, work or study duration, and productivity
scores can provide a non-invasive and accessible alternative for estimating stress risk [11], [12]. These variables are
particularly relevant in the modern digital environment, where individuals’ daily routines are closely connected with

technology use and online activities [13].

Despite the growing interest in digital mental health, there is still a need for machine learning studies that examine
how social media usage, sleep patterns, physical activity, and productivity-related variables can be used to predict
stress levels. Many existing studies focus primarily on the negative effects of social media or screen time, while fewer
studies integrate multiple behavioral and lifestyle indicators into a predictive model. Furthermore, model
interpretability remains an important issue in health-related artificial intelligence because prediction results should be

understandable and useful for researchers, practitioners, and decision-makers.

This study aims to develop and evaluate machine learning models for predicting stress levels based on social media
usage, sleep patterns, lifestyle habits, and productivity indicators. The dataset used in this study consists of 11,000
records containing demographic information, daily screen time, social media usage duration, sleep duration, exercise
time, study or work hours, productivity scores, stress levels, and the most frequently used social media platform.
Several machine learning algorithms are compared to identify the best-performing model for stress level classification.
In addition, feature importance analysis is applied to provide interpretability regarding the factors that contribute most

to stress level prediction.

The main contributions of this study are as follows. First, this study proposes a machine learning-based approach
for stress level prediction using non-invasive digital behavior and lifestyle data. Second, it compares several
classification algorithms to evaluate their effectiveness in predicting low, medium, and high stress levels. Third, it
provides an interpretable analysis of important behavioral factors associated with stress prediction [14]. The findings
of this study are expected to contribute to Al-driven health informatics, particularly in the development of early stress

risk screening and digital well-being assessment systems.
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2. Method

This study employed a quantitative machine learning approach to predict stress levels based on social media usage,
sleep patterns, lifestyle behaviors, and productivity indicators. The research workflow consisted of several stages,
including dataset preparation, exploratory data analysis, data preprocessing, model development, model evaluation,
and feature importance analysis. The overall methodological process was designed to identify the most effective
classification model and to interpret the contribution of each behavioral variable to stress level prediction [15].
Dataset Description:

The dataset used in this study contains 11,000 records representing individual behavioral patterns related to digital
media usage, sleep habits, exercise routines, work or study duration, productivity, and stress levels. Each record
consists of demographic and lifestyle-related variables that can be used to analyze digital well-being and behavioral
health patterns [16].

The target variable in this study is stress_level, which consists of three categorical classes: Low, Medium, and
High. These classes represent the level of stress experienced by each individual. The predictor variables include age,
daily screen time, social media usage duration, sleep duration, exercise duration, study or work duration, productivity

score, and the most frequently used social media platform [17].
The description of each variable is presented in Table 1.

Table 1. Dataset Variables

Variable Description
user_id Unique identifier for each individual
age Age of the individual

daily_screen_time_hours

Total daily screen time in hours

social_media_hours

Time spent on social media platforms per day

sleep_hours

Average daily sleep duration

exercise_minutes

Daily exercise duration in minutes

study_work_hours

Hours spent on study or work activities

productivity_score

Productivity score on a scale of 1-100

stress_level

Stress level category: Low, Medium, or High

platform

Most frequently used social media platform

The user id variable was removed from the modeling process because it only serves as an identifier and does

not provide predictive information. The remaining variables were used as input features for the classification models.

Research Workflow:
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The research procedure followed a structured machine learning pipeline. First, the dataset was loaded and
examined to identify the number of records, variables, missing values, duplicate data, and class distribution. Second,
exploratory data analysis was conducted to understand the distribution of numerical and categorical variables. Third,
data preprocessing was performed to prepare the dataset for machine learning algorithms. Fourth, several classification
models were trained and evaluated using the same data partition. Finally, feature importance analysis was performed
to interpret the most influential variables in stress prediction [18].

Data Preprocessing:

Data preprocessing was conducted to transform the raw dataset into a suitable format for machine learning models.
The preprocessing stage included data cleaning, feature selection, categorical encoding, target encoding, and feature

scaling.

First, the dataset was inspected for missing values and duplicate records. The dataset did not contain missing
values, allowing all available records to be used in the analysis. Duplicate records, if found, were removed to prevent
redundancy in the training process. The user id column was excluded because it is an identity variable and has no

direct relationship with stress prediction.

Second, the categorical variable platform was transformed using one-hot encoding. This method converts
categorical platform names into binary numerical features so that they can be processed by machine learning
algorithms. The target variable stress level was encoded into numerical labels representing the three stress

categories.

Third, feature scaling was applied using standardization. Standardization transforms the feature values so that they
have a mean of zero and a standard deviation of one. This step is particularly important for algorithms that are sensitive

to feature scale, such as Logistic Regression, Support Vector Machine, and K-Nearest Neighbors.
Data Splitting:

The dataset was divided into training and testing sets using an 80:20 ratio. A total of 80% of the data was used for
model training, while the remaining 20% was used for model testing. Stratified sampling was applied to preserve the
proportion of each stress level class in both training and testing sets. This approach ensures that the distribution of

Low, Medium, and High stress levels remains consistent across the training and testing subsets.

The data splitting process was performed using a fixed random state to ensure reproducibility. The training data
were used to build the classification models, while the testing data were used to evaluate model performance on unseen
data.

Machine Learning Models:

This study compared several machine learning algorithms to classify stress levels. The selected models represent
different types of classification approaches, including linear models, tree-based models, distance-based models,

margin-based models, and ensemble learning models [19].
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The models used in this study were:

e Logistic Regression: Logistic Regression was used as a baseline classification model. Although it is
commonly used for binary classification, it can also be extended to multi-class classification problems.
This model provides a simple and interpretable benchmark for stress level prediction.

e Decision Tree: Decision Tree is a tree-based model that classifies data by splitting features based on
decision rules. It is easy to interpret but may be prone to overfitting if not properly controlled.

o Random Forest: Random Forest is an ensemble learning method that combines multiple decision trees to
improve classification performance and reduce overfitting. It is also useful for identifying important
features through feature importance scores.

e Support Vector Machine: Support Vector Machine is a classification algorithm that attempts to find an
optimal decision boundary between classes. The radial basis function kernel was used to handle possible
non-linear relationships among variables.

o K-Nearest Neighbors: K-Nearest Neighbors classifies data based on the majority class among the nearest
neighboring samples. This model is sensitive to feature scaling, making standardization an important
preprocessing step.

e Gradient Boosting: Gradient Boosting is an ensemble method that builds models sequentially, where each
new model attempts to correct the errors of the previous model. It is often effective for structured tabular
data.

The comparison of multiple models allows this study to identify which algorithm is most suitable for predicting

stress levels using behavioral and lifestyle data.
Model Evaluation:

The performance of each model was evaluated using several classification metrics, including accuracy, precision,

recall, and F1-score. These metrics were calculated using the testing dataset [20].

Accuracy measures the proportion of correctly classified samples among all samples. Precision measures how
many predicted samples in a certain class are actually correct. Recall measures how many actual samples in a certain
class are successfully identified by the model. F1-score is the harmonic mean of precision and recall and is useful for

evaluating the balance between these two metrics.

Since the target variable consists of three classes, macro-average and weighted-average metrics were used. Macro-
average treats all classes equally by calculating the average metric across classes, while weighted-average considers
the number of samples in each class. In addition, a confusion matrix was generated for each model to provide a more

detailed view of correct and incorrect predictions for each stress level category.

The evaluation metrics used in this study are defined as follows:

Accuracy
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Precision

Recall

F1-score

where TP represents true positive, TN represents true negative, FP represents false positive, and FN represents

false negative.
Cross-Validation:

In addition to the train-test evaluation, 5-fold stratified cross-validation was applied to assess model stability. In
this procedure, the dataset was divided into five subsets while maintaining the proportion of each stress level class.
Each model was trained and validated five times, with each subset used once as the validation set [21]. The average

accuracy and macro F1-score were then calculated to evaluate the consistency of model performance.

The use of stratified cross-validation helps reduce bias caused by a single train-test split and provides a more

reliable estimation of model generalization performance.
Feature Importance Analysis:

To improve model interpretability, feature importance analysis was conducted using the Random Forest model
[22]. Feature importance provides information about the relative contribution of each predictor variable in the

classification process. Variables with higher importance scores have greater influence on the model’s prediction.

This analysis was used to identify which behavioral and lifestyle factors contributed most to stress level prediction.
The examined features included daily screen time, social media usage duration, sleep duration, exercise duration,

study or work hours, productivity score, age, and social media platform indicators.

The feature importance results were visualized using a bar chart to support interpretation and discussion. This step
is important because health-related machine learning models should not only provide predictions but also offer

understandable insights regarding the factors associated with stress levels.
Experimental Environment:

All experiments were conducted using the Python programming language. The main libraries used in this study
included Pandas and NumPy for data processing, Matplotlib and Seaborn for data visualization, and Scikit-learn for
machine learning model development and evaluation. The experiments were designed to be reproducible by using a

fixed random state during data splitting and model training.
3. Result and Discussion

This section presents the experimental results of stress level prediction using several machine learning models.
The evaluation includes dataset distribution, model performance comparison, cross-validation results, confusion

matrix analysis, and feature importance interpretation. The objective of this analysis is not only to identify the best-
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performing model, but also to understand the extent to which social media usage, sleep patterns, lifestyle behaviors,
and productivity indicators can be used to classify stress levels.

Dataset Characteristics:
The dataset consisted of 11,000 records with three stress level categories: Low, Medium, and High. The

distribution of the target variable was relatively balanced, with 3,715 samples labeled as Low stress, 3,681 samples as

Medium stress, and 3,604 samples as High stress. This balanced distribution indicates that the classification task was
not strongly affected by class imbalance.

Table 2. Distribution of Stress Level Classes

Stress Level Number of Samples
Low 3.715
Medium 3.681
High 3.604
Total 11

The dataset also included several numerical variables related to digital behavior and lifestyle patterns. The average
age of individuals in the dataset was 32.56 years. The average daily screen time was 6.56 hours, while the average
time spent on social media was 4.25 hours. The average sleep duration was 5.99 hours per day, and the average

exercise duration was 59.47 minutes per day. The average productivity score was 50.62 on a scale of 1 to 100.

Table 3. Descriptive Statistics of Numerical Variables

Variable Mean Std. Dev. Min Max
Age 32.56 9.69 16.00 49.00
Daily screen time hours 6.56 3.18 1.00 12.00
Social media hours 425 2.16 0.50 8.00
Sleep hours 5.99 1.73 3.00 9.00
Exercise minutes 59.47 34.72 0.00 119.00
Study/work hours 5.54 2.59 1.00 10.00
Productivity score 50.62 28.84 1.00 99.99

The distribution of the most frequently used social media platforms was also relatively balanced. LinkedIn had the
highest number of users, followed closely by Snapchat, YouTube, Twitter, and Instagram.

Table 4. Distribution of Social Media Platforms

Platform Number of Samples
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LinkedIn 2.239

Snapchat 2.235

YouTube 2.2
Twitter 2.183

Instagram 2.143

Overall, the dataset had a balanced target distribution and no missing values, making it suitable for direct machine
learning experimentation. However, balanced class distribution does not necessarily guarantee high predictive
performance, especially when the input variables do not have strong discriminative relationships with the target

classes.
Model Performance on Testing Data:

Six machine learning models were evaluated using an 80:20 train-test split. The testing set consisted of 2,200
samples. The models were compared using accuracy, macro precision, macro recall, and macro F1-score. Macro-

average metrics were emphasized because they treat each stress level class equally.

Table 5. Model Performance on Testing Data

Model Accuracy Precision Macro Recall Macro F1-Score Macro
Decision Tree 3,400 3,403 3,398 3,400
Logistic Regression 3,377 3,355 3,368 3,328
Gradient Boosting 3,286 3,277 3,282 3,271
K-Nearest Neighbors 3,309 3,326 3,317 3,259
Support Vector Machine 3,268 3,261 3,263 3,252
Random Forest 3,241 3,238 3,238 3,236

Based on the testing results, the Decision Tree model achieved the highest macro F1-score of 0.3400 and the
highest accuracy of 0.3400. Logistic Regression ranked second, with an accuracy of 0.3377 and a macro F1-score of

0.3328. The remaining models produced macro F1-scores between 0.3236 and 0.3271.

Although Decision Tree obtained the best testing performance, the difference between models was very small. All
models produced performance close to 0.33, which is approximately the expected baseline for a balanced three-class
classification problem. This suggests that the available features may not contain sufficiently strong patterns to clearly

distinguish Low, Medium, and High stress levels.

Figure 1 shows the comparison of machine learning models based on macro F1-score.
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Mcdel Comparison Based on Macro F1-Score

Decision Tree

Logistic Regression

Gradient Boosting

K-Nearest Neighbors

Machine Learning Model

Support Vector Machine

Random Forest

0.00 0.05 0.10 0.15 0.20 0.25 0.30 0.35
Macro F1-Score

Figure 1. Model comparison based on macro F1-score

The figure confirms that Decision Tree produced the highest macro F1-score, followed by Logistic Regression and
Gradient Boosting. However, the overall range of macro F1-scores was narrow, indicating that no model clearly

outperformed the others.
Cross-Validation Results:

To evaluate the stability of the models, 5-fold stratified cross-validation was conducted. Unlike the single train-
test split result, Gradient Boosting achieved the highest cross-validation performance, with a mean accuracy of 0.3480

and a mean macro F1-score of 0.3467.

Table 6. Five-Fold Cross-Validation Results

Model CV Accuracy Mean CV Accuracy Std CV F1 Macro Mean CV F1 Macro Std
Gradient Boosting 3,480 100 3,467 101
Random Forest 3,409 130 3,401 128
Logistic Regression 3,456 21 3,382 20
Support Vector Machine 3,372 93 3,356 98
K-Nearest Neighbors 3,356 78 3,298 76
Decision Tree 3,284 96 3,281 95

The cross-validation results show a slightly different ranking compared with the testing results. Gradient Boosting
performed best during cross-validation, while Decision Tree performed best on the testing set. This difference
indicates that the model ranking is not fully stable across different data partitions. However, the performance values

remain close across all models, further supporting the finding that the dataset has limited class separability.
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The low standard deviation values indicate that the models performed consistently across folds, but the average
performance remained modest. Therefore, the issue is not mainly caused by unstable training, but more likely by the
limited predictive signal contained in the available variables.

Confusion Matrix Analysis:

The confusion matrices provide a more detailed view of the classification behavior of the models. The confusion
matrices for Gradient Boosting, Random Forest, and Support Vector Machine show that the models frequently
misclassified samples across the three stress categories.

For Gradient Boosting, the model correctly classified 196 High stress samples, 254 Low stress samples, and 273
Medium stress samples. However, a large number of High stress samples were incorrectly predicted as Low or
Medium. Similarly, Low and Medium stress samples were also distributed across incorrect predicted classes.

Confusion Matrix - Gradient Boosting .
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Figure 2. Confusion matrix of Gradient Boosting

For Random Forest, the model correctly classified 213 High stress samples, 255 Low stress samples, and 245
Medium stress samples. Similar to Gradient Boosting, Random Forest showed no strong diagonal dominance in the

confusion matrix. This means that correct predictions were not substantially higher than incorrect predictions.
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Confusion Matrix - Random Forest
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Figure 3. Confusion matrix of Random Forest

For Support Vector Machine, the model correctly classified 193 High stress samples, 263 Low stress samples, and
263 Medium stress samples. The model showed a tendency to predict samples as Low or Medium more frequently
than High. This pattern suggests that High stress may be more difficult to distinguish using the current behavioral and
lifestyle features.

Confusion Matrix - Support Vector Machine
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Figure 4. Confusion matrix of Support Vector Machine

Overall, the confusion matrix analysis indicates that the models struggled to separate the three stress categories.

The values were distributed relatively evenly across predicted classes, which is consistent with the low macro F1-
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scores. This result suggests that the current variables may represent general lifestyle patterns, but they may not be

sufficient as standalone indicators for accurate stress level classification.
Feature Importance Analysis:

Feature importance analysis was conducted using the Random Forest model to identify which variables contributed
most to the classification process. The results showed that productivity score, sleep hours, study/work hours, social

media hours, and daily screen time were the most influential features.

Table 7. Feature Importance Based on Random Forest

Feature Importance
Productivity score 1,425
Sleep hours 1,402
Study/work hours 1,400
Social media hours 1,400
Daily screen time hours 1,397
Exercise minutes 1,276
Age 1,082
Platform Twitter 159
Platform LinkedIn 157
Platform YouTube 157
Platform Snapchat 147

The five highest-ranked features had very similar importance values, ranging from 0.1397 to 0.1425. This indicates
that no single feature dominated the prediction process. Productivity score had the highest importance score, followed

by sleep hours, study/work hours, social media hours, and daily screen time [23].

The importance of productivity score suggests that perceived or measured productivity may be relevant to stress
classification. Sleep hours also appeared as one of the most important variables, which is reasonable because sleep
patterns are often associated with psychological well-being and daily functioning [24]. Social media hours and daily
screen time also contributed to the model, supporting the idea that digital behavior may have some relationship with

stress levels.

However, the platform-related variables had very low importance values. This indicates that the type of social
media platform used was less informative than the amount of time spent on social media or overall screen exposure

[25]. In other words, behavioral intensity appears to be more relevant than platform category in this dataset.
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Discussion:

The experimental results show that machine learning models were able to produce measurable classifications of
stress levels, but the overall predictive performance was low. The best model on the testing data was Decision Tree,
with an accuracy and macro F1-score of 0.3400. Meanwhile, Gradient Boosting achieved the best cross-validation
macro F1-score of 0.3467. These values are only slightly above the expected random baseline for a balanced three-

class classification task.

This finding has an important implication. Although social media usage, sleep duration, exercise, productivity, and
work or study hours are theoretically relevant to stress, their relationships with stress level in this dataset may not be
sufficiently strong or linear for accurate classification. Stress is a complex psychological condition influenced by many
factors, including emotional state, social support, work pressure, financial condition, personality, physical health, and
environmental context. The current dataset only captures a limited subset of behavioral indicators, which may explain

the modest model performance.

The confusion matrices further support this interpretation. The models did not show strong diagonal dominance,
meaning that correct predictions were not clearly concentrated along the diagonal. Instead, many samples from each
actual stress level were predicted as other stress categories. This indicates a high degree of overlap among Low,

Medium, and High stress groups based on the available predictors.

From the feature importance analysis, productivity score, sleep hours, study/work hours, social media hours, and
daily screen time were the most influential variables. This suggests that daily functioning and digital exposure may
have a measurable role in stress prediction [26]. However, the relatively similar importance values across multiple
features indicate that stress prediction in this dataset depends on a combination of weak signals rather than one

dominant factor.

The results also highlight the importance of interpretability in health-related machine learning studies. If the study
only focused on accuracy, the findings would appear limited. However, by including feature importance analysis, this
study provides insight into which lifestyle and digital behavior variables contribute most to the prediction process.
This is relevant for Al-driven health informatics because predictive systems in health-related contexts should be

interpretable, transparent, and carefully evaluated.

These findings suggest that the proposed machine learning framework may be more suitable as an exploratory
digital well-being assessment approach rather than a clinical diagnostic tool. The model should not be interpreted as
areplacement for psychological assessment or clinical evaluation. Instead, it can be viewed as an initial computational

approach for examining how behavioral data may relate to stress risk.

Future research should consider adding richer psychological, contextual, and physiological variables to improve
predictive performance. For example, self-reported anxiety, depression indicators, perceived workload, quality of

sleep, emotional well-being scores, social support, heart rate variability, and wearable sensor data may provide
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stronger signals for stress classification [27]. In addition, advanced explainable Al methods such as SHAP or LIME

could be applied to provide a more detailed interpretation of individual-level predictions.

Overall, the results indicate that machine learning can be applied to digital behavior and lifestyle data for stress
level prediction, but the current feature set has limited discriminative power. The main contribution of this study lies
in demonstrating an interpretable machine learning workflow for stress prediction and identifying the relative

influence of behavioral variables in a digital health informatics context.
4. Conclusion

This study developed and evaluated machine learning models for stress level prediction based on social media
usage, sleep patterns, lifestyle behaviors, and productivity indicators. The dataset consisted of 11,000 records with
three stress level categories: Low, Medium, and High. Several machine learning algorithms were compared, including
Logistic Regression, Decision Tree, Random Forest, Support Vector Machine, K-Nearest Neighbors, and Gradient

Boosting.

The experimental results showed that the overall classification performance was relatively low. On the testing data,
the Decision Tree model achieved the highest performance, with an accuracy and macro Fl-score of 0.3400.
Meanwhile, the 5-fold stratified cross-validation results showed that Gradient Boosting achieved the best average
performance, with a mean accuracy of 0.3480 and a mean macro F1-score of 0.3467. Although these models produced
measurable classification results, their performance was only slightly above the baseline for a balanced three-class

classification problem.

The confusion matrix analysis indicated that the models had difficulty distinguishing between Low, Medium, and
High stress levels. Misclassification occurred across all stress categories, suggesting that the available features did not
provide strong separability among the target classes. This finding implies that stress is a complex psychological

condition that may not be accurately predicted using only general digital behavior and lifestyle indicators.

Feature importance analysis using Random Forest showed that productivity score, sleep hours, study or work
hours, social media hours, and daily screen time were the most influential variables in the prediction process. These
results suggest that daily functioning, sleep duration, and digital exposure may contribute to stress level prediction.
However, the importance values were relatively similar across several variables, indicating that no single feature

strongly dominated the classification outcome.

Overall, this study demonstrates that machine learning can be applied to explore stress level prediction using non-
invasive behavioral and lifestyle data [28]. However, the current dataset has limited predictive power for accurate
stress classification. Therefore, the proposed approach is more appropriate as an exploratory digital well-being
assessment framework rather than a clinical diagnostic tool. Future studies should incorporate richer psychological,
contextual, and physiological variables, such as sleep quality, perceived workload, anxiety indicators, emotional well-
being scores, social support, and wearable sensor data [29], [30]. In addition, advanced explainable Al techniques

such as SHAP or LIME may be used to provide deeper interpretation of the factors influencing stress prediction.
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