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Abstract 

Stress is a prevalent psychological and physiological condition that significantly impacts human health and productivity. With 

the increasing availability of wearable sensors, physiological data, and behavioral information, artificial intelligence (AI) has 

emerged as a promising tool for automatic stress detection. This paper presents a comprehensive survey of AI-driven 

approaches for stress detection using machine learning (ML) and deep learning (DL) techniques. It discusses the various data 

modalities—such as physiological signals (EEG, ECG, GSR), facial expressions, speech, and textual data—used for stress 

assessment. The paper also compares traditional ML models (SVM, Random Forest, KNN) with modern DL architectures 

(CNN, LSTM, Transformer-based models). Finally, it highlights existing challenges, datasets, and research gaps, and proposes 

future directions for integrating AI-based stress detection with personalized yoga recommendation systems for holistic mental 

well-being. 
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Introduction 

In the modern era, stress has become one of the most 
common mental health challenges due to workload, social 
pressures, and environmental factors. Chronic stress can 
lead to anxiety, depression, and cardiovascular diseases. 
Conventional methods for stress detection rely on subjective 
questionnaires or self-reporting, which are often inaccurate 
and inconsistent. Recent advancements in AI, particularly in 
machine learning (ML) and deep learning (DL), have 
enabled the development of intelligent systems capable of 
detecting stress automatically through data-driven methods. 
By analyzing physiological, behavioral, and contextual data, 
AI can accurately identify stress levels and provide 
personalized interventions, such as yoga, meditation, or 
relaxation techniques. 
 

Literature Review 

Machine Learning (ML) and Deep Learning (DL) have 
become central to stress detection systems due to their 
ability to extract patterns from physiological and behavioral 
data. This section provides a comprehensive review of the 
advancements, models, and comparative performance of 
ML and DL techniques in stress detection. 
 

1. Machine Learning Approaches 

Machine learning relies on handcrafted feature extraction 
and supervised classification techniques. Common 
algorithms include Support Vector Machines (SVM), 
Random Forests (RF), Decision Trees (DT), K-Nearest 
Neighbors (KNN), Naïve Bayes, and Logistic Regression. 
These models often require pre-processing steps such as 
feature selection, normalization, and dimensionality 
reduction (e.g., PCA). 
▪ Support Vector Machine (SVM): SVM performs well 

in high-dimensional spaces and can model non-linear 
relationships using kernel functions. Studies using 
physiological signals such as EDA and HRV have 
reported accuracies between 80% and 90%. 

 

▪ Random Forest (RF): RF classifiers are robust against 
overfitting and can handle noisy data effectively. They 

are frequently used in multimodal systems combining 
ECG, EEG, and GSR data, achieving accuracies around 
85%. 

 

▪ K-Nearest Neighbors (KNN): A distance-based 

classifier that performs well on small datasets. 

However, its performance decreases with higher data 

dimensionality. 

 

▪ Naïve Bayes and Logistic Regression: Simple and 

interpretable models suitable for binary stress 

classification but unable to capture complex non-linear 

relationships. 

 

2. Deep Learning Approaches 

Deep learning models automatically extract hierarchical 

features from raw input data, eliminating the need for 

manual feature engineering. Common DL models include 

Convolutional Neural Networks (CNN), Recurrent Neural 

Networks (RNN), Long Short-Term Memory (LSTM) 

networks, and hybrid models. 

▪ Convolutional Neural Networks (CNN): Effective in 

detecting facial expressions, EEG patterns, and 

spectrograms derived from biosignals. 

 

▪ Recurrent Neural Networks (RNN) and LSTM: 

Capture temporal dependencies in sequential data such 

as ECG, speech, and EDA. LSTM can handle long-term 

dependencies. 

 

▪ Hybrid CNN-LSTM Architectures: Combine CNN’s 

spatial feature extraction capability with LSTM’s 

temporal modeling. Achieve superior accuracy in 

multimodal systems. 

 
▪ Transformer Models: Use self-attention mechanisms 

to capture global dependencies, especially effective for 

text and multimodal stress detection. 
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3. Comparative Analysis of ML and DL Models 

 
Algorithm Type Data Used Feature Engineering Accuracy (%) Computational Cost Interpretability 

SVM ML Physiological (EDA, HRV) Required 85 Medium High 

Random Forest ML Physiological + Behavioral Required 86 Medium High 

KNN ML Behavioral Required 80 Low High 

CNN DL Image, EEG, Spectrograms Not Required 90 High Moderate 

LSTM DL ECG, EDA, Speech Not Required 92 High Low 

CNN-LSTM DL Multimodal Not Required 94 Very High Low 

Transformer DL Textual, Multimodal Not Required 93 Very High Moderate 

 

The comparison shows that deep learning models 

outperform traditional machine learning algorithms in terms 

of accuracy and scalability, though they demand higher 

computational resources and are less interpretable. 

 

Data Modalities for Stress Detection 

Stress detection systems leverage diverse data modalities 

that reflect physiological, psychological, and behavioral 

aspects of stress responses. The choice of data modality 

significantly influences the accuracy, robustness, and real-

time applicability of AI models. 

 

1. Physiological Signals 

Physiological signals provide direct and objective indicators 

of stress. These include: 

▪ Electrocardiogram (ECG): Measures HRV, which 

decreases during stress. 

▪ Electro dermal Activity (EDA): Reflects skin 

conductance due to sweat gland activity. 

▪ Electroencephalogram (EEG): Captures brainwave 

patterns; alpha and beta band changes correlate with 

stress. 

▪ Respiration and Skin Temperature: Indicate 

physiological arousal under stress. 

 

2. Behavioral Indicators 

Behavioral signals provide insights into stress-induced 

changes in human behavior: 

▪ Facial Expressions: Micro-expressions analyzed using 

CNNs indicate emotional stress. 

 

▪ Speech Patterns: Variations in tone, pitch, and speed 

are used for stress detection using RNN/LSTM models. 

 

3. Textual and Contextual Data 

Textual analysis focuses on linguistic cues in social media 

posts, emails, and messages. Transformer-based models 

such as BERT detect stress-related language and sentiment. 

 

4. Multimodal Systems 

Combining multiple modalities (ECG, EEG, facial video) 

enhances stress detection reliability. Deep fusion 

architectures integrate these inputs for robust and context-

aware predictions. 

 
Data Type Sensors/Source Features Extracted Applications 

Physiological EEG, ECG, GSR, EMG, HRV Frequency, amplitude, HRV Real-time stress monitoring 

Behavioral Facial expressions, speech Voice pitch, micro-expressions Emotion-based stress inference 

Textual Social media posts, text Sentiment, linguistic style Online stress detection 

Multimodal Combination of sources Fusion of features Enhanced accuracy and robustness 

 

5. Popular Datasets Used 

 
Dataset Description Modality No. of Subjects 

WESAD Wearable Stress and Affect Dataset ECG, EDA, EMG 15 

DREAMER EEG & ECG-based dataset for emotion recognition EEG, ECG 23 

SWELL Office-based stress dataset ECG, EDA, respiration 25 

DEAP Dataset for emotion and stress analysis EEG, video, physiological 32 

AffectiveROAD Multimodal driving stress dataset ECG, GSR, video 24 

 

Evaluation Metrics 

To evaluate the performance of AI-based stress detection 

models, metrics such as Accuracy, Precision, Recall, F1-

Score, AUC-ROC Curve, and Confusion Matrix are 

commonly used. 

The formulas for classification metrics are:  

Confusion Matrix: A table that summarizes the 

performance of a classification model. 

True Positive (TP): Correctly predicted as positive. 

True Negative (TN): Correctly predicted as negative. 

False Positive (FP): Incorrectly predicted as positive (Type 

I error). 

False Negative (FN): Incorrectly predicted as negative 

(Type II error). 

Accuracy: The ratio of total correct predictions to total 

predictions. 

 
 

Precision: Out of all the positive predictions, how many 

were actually correct. 
 

 
Recall (Sensitivity): Out of all the actual positive cases, 
how many were correctly identified. 
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F1-Score: The harmonic mean of precision and recall, 

useful for imbalanced datasets. 
 

 
 

AUC-ROC Curve 

ROC (Receiver Operating Characteristic) Curve: A 

graph  

showing the performance of a classification model at all 

classification thresholds. It plots the True Positive Rate  

(TPR) against the False Positive Rate (FPR). 
 

 

 
 

AUC (Area Under the Curve): A single scalar value 

representing the area under the ROC curve. It quantifies the 

overall performance of the classifier across all thresholds; a 

higher AUC indicates better performance. 

 

 
 

Fig 1: Confusion Matrix 

 

Challenges and Limitations 

Although Artificial Intelligence has shown great potential in 

stress detection, several challenges and limitations still exist 

in the development and practical implementation of these 

systems. 

 

1. Data Scarcity and Lack of Labeled Stress Datasets 

One of the major problems in building AI-based stress 

detection systems is the lack of large, high-quality labeled 

datasets. Stress is a complex psychological condition that 

cannot always be measured directly. Most datasets rely on 

physiological signals such as heart rate, electrodermal 

activity, or EEG signals, but collecting and labeling such 

data requires controlled environments and expert 

supervision. 

In addition, stress levels are often subjective, meaning that 

two individuals may report different stress levels under 

similar conditions. Because of this, it becomes difficult to 

create standardized datasets that can be used for training 

robust machine learning models. 

 
2. Personalization and Variability in Individual Stress 

Responses 

Stress responses differ greatly from person to person. 

Physiological signals such as heart rate variability, skin 

conductance, and breathing patterns can vary based on 

factors such as age, health condition, lifestyle, and 

emotional state. 

A model trained on one group of people may not perform 
well on another group because of these variations. 
Therefore, developing personalized stress detection models 
that can adapt to individual physiological patterns remains a 
major challenge for researchers. 
 

3. Complexity of Multimodal Data Fusion 

Many advanced stress detection systems use multimodal 
data, which means they combine information from multiple 
sources such as physiological signals, speech patterns, facial 
expressions, and behavioral data. 
While multimodal systems can improve accuracy, 
combining different types of data is technically complex. 
Each data source may have different formats, sampling 
rates, and noise levels. Designing algorithms that can 
effectively synchronize, process, and integrate these diverse 
data streams is a challenging task. 
 

4. Real-Time Deployment Challenges 

For stress detection systems to be useful in real-world 
applications, they must operate in real time. However, deep 
learning models such as CNNs and LSTMs require 
significant computational resources for training and 
inference. 
Wearable devices and mobile applications often have 
limited processing power and battery capacity. As a result, 
deploying these models on resource-constrained devices 
without compromising accuracy is a major technical 
challenge. 
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5. Privacy and Security Concerns 

Stress detection systems often collect sensitive 
physiological and behavioral data, including heart rate, 
facial images, voice recordings, and emotional responses. 
Handling such personal data raises serious privacy and 
security concerns. 
If this data is not properly protected, it could be misused or 
accessed by unauthorized individuals. Therefore, developers 
must implement strong data protection, encryption, and 
ethical guidelines to ensure user privacy and maintain trust 
in AI-based health monitoring systems. 
 

Future Directions 

To overcome the current limitations and improve the 
effectiveness of stress detection systems, several promising 
research directions are being explored. 
 

1. Development of Personalized Stress Detection 

Models 

Future research is expected to focus on creating 
personalized AI models that can adapt to the unique 
physiological and behavioral patterns of individual users. 
These models can learn from a user's historical data and 
continuously improve their accuracy over time. 
Personalized systems may provide more reliable stress 
detection and enable more effective stress management 
strategies. 
 

2. Integration with Wearable IoT Devices 

The rapid growth of wearable technologies such as 
smartwatches, fitness trackers, and health monitoring 
devices has opened new possibilities for stress detection. 
These devices can continuously collect physiological signals 
such as heart rate, skin temperature, and activity levels. By 
integrating AI algorithms with Internet of Things (IoT) 
devices, stress levels can be monitored in real time during 
daily activities, providing users with instant feedback and 
recommendations. 
 

3. Multimodal Fusion Systems 

Future stress detection systems are likely to rely on 
multimodal approaches, combining multiple types of data 
sources for improved accuracy. 
For example, physiological signals may be combined with 
facial expression analysis, speech emotion recognition, and 
behavioral patterns to provide a more comprehensive 
understanding of a person's stress state. Multimodal fusion 
techniques can significantly enhance the reliability of stress 
detection systems. 
 

4. Implementation of Explainable Artificial 

Intelligence (XAI) 

One of the major criticisms of deep learning models is that 
they often act as “black boxes,” meaning their decision-
making processes are not easily understandable. 
Explainable Artificial Intelligence (XAI) aims to make AI 
systems more transparent by providing explanations for 
their predictions. Implementing XAI in stress detection 
systems can help healthcare professionals and users 
understand why a system identifies a particular stress level, 
thereby increasing trust and acceptance. 
 

5. Integration with Yoga and Mindfulness 

Recommendation Systems 

Beyond detecting stress, future systems may also provide 
personalized stress management solutions. By integrating 

AI-based stress detection with yoga, meditation, or 
mindfulness recommendation systems, users can receive 
tailored suggestions to reduce stress levels. 
For example, if high stress is detected, the system may 
recommend breathing exercises, meditation sessions, or 
yoga postures that are known to promote relaxation and 
mental well-being. 

 
Conclusion 

Artificial Intelligence has emerged as a powerful tool for 

automated stress detection and mental health monitoring. 

With the help of advanced machine learning and deep 

learning techniques, AI systems can analyze complex 

physiological and behavioral data to identify stress levels 

with high accuracy. 

Deep learning models such as Convolutional Neural 

Networks (CNN) and Long Short-Term Memory (LSTM) 

networks have demonstrated superior performance 

compared to traditional machine learning methods when 

dealing with complex and high-dimensional data. These 

models can capture patterns in physiological signals, speech, 

and facial expressions, making them highly suitable for 

stress detection applications. 

Despite these advancements, several challenges remain. 

Issues such as limited availability of labeled datasets, 

variability in individual stress responses, computational 

requirements for real-time deployment, and concerns related 

to data privacy and security must be carefully addressed. 

Future research should focus on developing adaptive, 

personalized, and interpretable AI systems that can provide 

reliable stress detection while ensuring user privacy. 

Furthermore, integrating stress detection technologies with 

wearable devices, IoT systems, and wellness applications 

such as yoga and mindfulness programs can create 

comprehensive solutions for managing stress in everyday 

life. 

In conclusion, AI-driven stress detection systems have the 

potential to significantly improve mental health monitoring 

and stress management, contributing to healthier and more 

balanced lifestyles. 

 
References 

1. Gedam S, Paul S. A review on mental stress detection 

using wearable sensors and machine learning 

techniques, IEEE Access,2021:9:84045–84066. 

2. Can YS, Arnrich B, Ersoy C. Stress detection in daily 

life scenarios using smartphones and wearable sensors: 

A survey, Journal of Biomedical Informatics, 2019, 92. 

3. Schmidt P, Reiss A, Duerichen R, Van Laerhoven K. 

Introducing WESAD: A multimodal dataset for 

wearable stress and affect detection, in Proc. ACM Int. 

Conf. Multimodal Interaction (ICMI), 2018, 400–408. 

4. Healey J, Picard RW. Detecting stress during real-

world driving tasks using physiological sensors, IEEE 

Transactions on Intelligent Transportation 

Systems,2005:6(2):156–166. 

5. Ghosh S et al. Classification of mental stress from 

wearable physiological signals using deep learning, 

IEEE/ACM Transactions on Computational Biology 

and Bioinformatics, 2022. 

6. Rashid N, Mortlock T, Al Faruque MA. Stress 

detection using context-aware sensor fusion from 

wearable devices, IEEE Internet of Things Journal, 

2023. 



 

565 

7. Liu Y et al. Machine learning and physiological signals 

for early stress detection: A systematic review, Applied 

Sciences,2025:15(21). 

8. Lazarou E et al. Predicting stress levels using 

physiological data: Real-time stress prediction review, 

Sensors, 2024. 

9. Abd Al-Alim M et al. A machine-learning approach for 

stress detection using wearable sensors, Computers in 

Biology and Medicine, 2024. 

10. Zhu L et al. Multimodal physiological signals and 

machine learning for real-time stress detection, in Proc. 

IEEE Int. Symposium on Medical Measurements and 

Applications, 2022. 

11. Mouadili M et al. Advancing stress detection and health 

monitoring using deep learning on physiological 

signals, Bioengineering, 2025. 

12. Yang S et al. A deep learning approach to stress 

recognition using wearable sensor data, Scientific 

Reports, 2025. 

13. Pataca AO et al. Machine learning models for 

predicting stress episodes using physiological signals, 

Computers in Biology and Medicine, 2025. 

14. Vos G et al. Generalizable machine learning for stress 

monitoring from wearable devices: A systematic 

literature review, IEEE/ArXiv Preprint, 2022. 

15. Hasanpoor Y et al. Stress detection using PPG signal 

and combined deep CNN-MLP network, IEEE/ArXiv 

Preprint, 2024. 

16. Healey J, Picard R. Detecting Stress During Real-

World Driving Tasks Using Physiological Sensors, 

IEEE Trans. Intelligent Transportation Systems, 2005. 

17. Sano A, Picard RW. Stress Recognition Using 

Wearable Sensors and Mobile Phones, Affective 

Computing and Intelligent Interaction, 2013. 

18. Choudhary T, Kumar R. A Review on Machine 

Learning and Deep Learning for Stress Detection, 

Journal of Biomedical Informatics, 2022. 

19. Li Z et al. Deep Learning-Based Multimodal Stress 

Detection: A Comprehensive Review, IEEE Access, 

2023. 


