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ABSTRACT  

The mental stress has turned into a serious problem in the present day because of the rising 

academic, professional, social and emotional stress in the society. Chronic stress can have 

detrimental impacts on physical and mental well-being, causing anxiety and depression, heart 

disease, sleep problems, and decreased productivity. The traditional stress assessment 

methods are largely based on questionnaires, clinical interviews and self-reporting which are 

time-consuming and not appropriate for continuous real-time monitoring. The development 

of intelligent stress detection systems has been driven by recent developments in Artificial 

Intelligence (AI), wearable devices, and Machine Learning (ML) that have made it possible 

to automatically detect stress levels based on physiological, behavioral, and multimodal data. 

Stress classification and prediction have been achieved using various ML and deep learning 

techniques including Support Vector Machine (SVM), Random Forest (RF), Decision Tree 

(DT), K-Nearest Neighbor (KNN), Convolutional Neural Network (CNN), Recurrent Neural 

Network (RNN), Long Short-Term Memory (LSTM), XGBoost and hybrid learning models. 

Research in this area has also been enhanced by publicly available datasets like WESAD, 

SWELL-KW, DEAP and SWEET. This review paper provides a detailed summary of the 

machine learning approaches for stress detection systems such as physiological signal 

analysis, wearable-based monitoring, multimodal learning, explainable AI, and real-time 

prediction of stress. The paper also covers the major challenges, limitations, future research 

directions and emerging trends of intelligent stress detection systems. 
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1. INTRODUCTION 

Stress is a psychological and physiological reaction that is triggered by a difficult situation, 

emotional stress, or environmental change. The academic burden, work load, financial 

insecurity, imbalance of lifestyle and influence of social media have been the main reasons 

for the increase in mental stress in recent years. Stress is a negative influence on human 

health and can result in serious disorders like anxiety, depression, hypertension, insomnia, 

cardiovascular diseases, and impaired cognitive function [2, 4]. Hence, the detection of stress 

at an early stage and the monitoring of stress throughout its lifespan are significant topics of 

research in healthcare and artificial intelligence. 

Traditional stress assessment techniques are primarily psychological questionnaires, clinical 

observation and self-report questionnaires. These methods are common but subjective, labor 

intensive, and cannot be used for real-time monitoring. Moreover, manual evaluation 

techniques are not suitable to continuously monitor a person's mental condition in everyday 

environments. To overcome these limitations, researchers have proposed automatic stress 

detection systems based on wearable devices, physiological signals and intelligent machine 

learning algorithms [1, 2]. 

The progress of wearable technology and sensor devices has allowed for the continuous 

monitoring of physiological signals like Electrocardiogram (ECG), Electroencephalogram 

(EEG), Galvanic Skin Response (GSR), Heart Rate Variability (HRV), Respiration Rate, 

Skin Temperature (ST), and Photoplethysmography (PPG). These physiological parameters 

can give valuable data on autonomic nervous system activity and emotional reactions to 

stress. Such data can be acquired in real-world settings continuously by modern wearable 

devices like smartwatches, wristbands, fitness trackers, and biosensors [2, 4, 7]. 

Machine Learning (ML) and Deep Learning (DL) techniques have played a major role in 

improving the accuracy and automation of stress detection systems. Stress classification has 

been successfully done using various algorithms such as Support Vector Machine (SVM), 

Decision Tree (DT), Random Forest (RF), Naïve Bayes, K-Nearest Neighbor (KNN), 

Logistic Regression, Convolutional Neural Networks (CNN), Recurrent Neural Networks 

(RNN), Long Short-Term Memory (LSTM), and ensemble learning models [1, 5, 6]. These 
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algorithms can detect intricate physiological patterns, uncover hidden connections, and make 

precise predictions about stress with minimal human involvement. 

Multimodal stress detection systems have also been a recent research interest that integrates 

physiological signals, behavioural patterns, facial expressions, speech analysis, text analysis 

and contextual information to enhance prediction accuracy. The use of Explainable Artificial 

Intelligence (XAI) methods like SHAP and LIME has gained traction to offer interpretable 

and trustworthy predictions for healthcare applications. Moreover, the use of federated 

learning, edge computing and IoT systems in healthcare is gaining momentum as potential 

technologies for privacy-preserving and real-time stress monitoring [3, 8, 10]. 

This paper reviews stress detection methods based on machine learning in detail. It provides a 

summary of the recent literature, commonly used datasets, ML and DL techniques, 

physiological signals, wearable technologies, challenges, limitations, and future research 

directions of intelligent stress monitoring systems. 

 

2. Literature Review 

The development of intelligent stress detection systems has been greatly enhanced by recent 

progress in Artificial Intelligence (AI), wearable technologies, and Machine Learning (ML). 

Machine learning and deep learning algorithms have been applied to the analysis of 

physiological signals, behavioural patterns and multimodal data to accurately and in real-time 

predict stress. This literature review provides a summary of the key contributions in the area 

of machine learning for stress detection, techniques used, datasets utilized, results found, and 

limitations. 

To detect stress in free-living conditions, Abd Al-Alim et al.[1] introduced a machine 

learning-based stress detection framework with wearable sensors. The authors applied the 

SWEET dataset which consists of ECG, skin temperature, and skin conductance signals from 

240 participants. For binary and multi-class stress classification, different machine learning 

algorithms such as KNN, SVC, Decision Tree, Random Forest, and XGBoost were used. 

Experimental results indicated that XGBoost and Random Forest models provided better 

classification results than other models. The study proved wearable technology as a tool for 

continuous stress monitoring. But data imbalance and environmental variability were the 

drawbacks of the system. 

Pinge et al. [2] presented a comprehensive review of wearable-based stress detection systems 

using machine learning techniques. The study examined different kinds of physiological 
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signals, wearable devices, preprocessing methods, feature extraction methods, and ML 

algorithms utilized in the monitoring of stress. Field-study data, signal cleaning techniques 

and deployment issues were discussed in the review. The authors found key challenges 

including lack of generalization, noisy sensor data and limited real-time implementation. 

Future directions such as multimodal learning, personalized stress prediction and edge 

computing approaches were also noted in the paper. 

Moser et al. [3] introduced an explainable deep learning approach for automatic stress 

detection based on the physiological sensor data acquired from the Empatica E4 wristband 

device. To achieve better prediction performance in low data settings, the authors introduced 

an LSTM based Deep Generative Ensemble (LSTM-DGE) model combined with conditional 

GANs. Explainability and feature interpretation were performed using Integrated Gradients 

(IG). Experimental results indicated better recall and precision than conventional stress 

detection techniques. The study successfully integrated explainable AI with deep learning to 

predict stress, but faced computational complexity challenges. 

Lazarou et al. [4] summarized the existing models for real-time stress prediction using 

wearable physiological sensors. Heart rate, electrodermal activity, skin temperature, and 

motion signals were used to examine stress prediction models. The authors talked about real-

time stress monitoring systems, methods of processing physiological data and wearable 

technologies. The review highlighted the importance of continuous stress prediction for 

healthcare and personalized intervention systems. But practical deployment is limited by 

factors like sensor reliability, battery life and variations in context. 

Gedam et al. [5] presented a deep learning based mental stress detection system for Indian 

housewives by capturing their ECG, GSR and skin temperature signals using wearable 

physiological sensors. The authors used the RNN and LSTM classifiers in combination with 

feature selection techniques like Recursive Feature Elimination (RFE) and SelectKBest. The 

proposed LSTM model has an accuracy of 97.51%, high precision and high recall. The study 

showed that wearable devices and feature optimization methods can be used to classify stress. 

But, the study was predominantly concerned with a particular group of population and it did 

not allow for generalisation. 

 

Gedam et al. [6] have proposed machine learning framework for stress detection of Indian 

students using wearable technologies and low cost physiological sensors. The authors 

compared the performance of nine ML algorithms on ECG, GSR, and skin temperature 
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signals, such as XGBoost, Random Forest, SVM, and ensemble learning methods. The 

proposed framework also performed well on benchmark datasets like WESAD and SWELL-

KW, with XGBoost achieving the highest accuracy of 96.17%. The system was also tested in 

real-time, further confirming its practicality. The study needed more data and more varied 

data for greater robustness, however. 

Shedage et al. [7] presented a multimodal framework for stress detection based on 

physiological signals by using machine learning methods. The authors used the Wearable 

Stress and Affect Detection dataset for stress classification. Several physiological parameters 

were examined to enhance the prediction. The proposed system obtained better accuracy in 

stress detection by fusing multiple features. The framework, however, had a number of issues 

with computational complexity and sensor synchronization. 

Iranfar et al. [8] presented the multimodal stress detection method using ReLearn framework 

with missing physiological data. The framework combined feature selection, data imputation, 

outlier detection and classification models to deal with partial sensor readings. The 

experimental results indicated that the proposed system was able to obtain 86.8% 

classification accuracy even when more than 50% of the data was missing. This work 

highlighted the need for strong preprocessing and missing data management in wearable 

stress monitoring systems. 

Zhou et al. [9] looked at the generalizability of physiological characteristics related to stress 

and anxiety using machine learning methods. The study employed ECG and EDA signals 

from datasets like WESAD, CASE and Anxiety Phases Dataset. The algorithms such as 

SVM, Random Forest, LightGBM and XGBoost were tested with cross-corpus validation 

methods. The findings showed that many models learned emotional arousal patterns, rather 

than stress-specific characteristics. The study pointed out the necessity of having more 

general and transferable models for stress detection. 

In this paper, Sinhal et al. [10] introduced an ensemble machine learning model for healthcare 

stress monitoring with wearable sensor data. A stacking classifier consisting of Random 

Forest, XGBoost, and Multi-Layer Perceptron (MLP) models was integrated and used for the 

enhanced prediction of stress. To overcome class imbalance problems in physiological 

datasets, SMOTE was used. The study highlighted the need for ensemble learning to enhance 

the robustness and generalization of models. The authors proposed future directions such as 

edge-computing based real-time stress monitoring systems. 
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From the literature reviewed, it can be seen that machine learning and deep learning methods 

have demonstrated good results in stress detection based on physiological data and 

multimodal data. Stress classification tasks have been effectively solved by various 

algorithms including SVM, Random Forest, CNN, LSTM and ensemble learning models with 

high accuracy. Despite these achievements, there are still significant limitations in the 

datasets available, model generalisation, computational complexity, privacy concerns, and 

real-time implementation, which all present opportunities for further research and 

development in intelligent stress monitoring systems. 

 

3. Challenges in Machine Learning-Based Stress Detection 

There are several challenges associated with implementing stress detection systems based on 

machine learning in the real world and their overall performance. The lack of large and 

diverse datasets is one of the significant challenges. The current stress detection datasets are 

mostly gathered in laboratory settings with controlled conditions and stress is induced by 

specific tasks or experiments. These datasets are typically small in size and are not 

representative of the actual stress conditions that may occur in real-life activities. 

Additionally, many datasets are imbalanced, meaning that the number of stress samples and 

non-stress samples are not equal, which can cause the model to be biased and decrease 

classification accuracy. There is also no standardised multimodal data, which makes it hard to 

compare the various machine learning models fairly. 

Noise and sensor errors in physiological signals acquired from wearable devices are other 

major challenges. ECG, EEG, GSR, PPG and respiration rate are very sensitive to body 

motion, sensor displacement, poor skin contact and environmental noise. In real time 

monitoring, the wearable device can send incomplete or corrupted data, because of the 

limitation of the hardware or the communication failure. This noisy information has a 

negative impact on feature extraction and model prediction accuracy. Preprocessing 

techniques like filtering, denoising, normalization and artifact removal can enhance the 

quality of the signals, but they add to the complexity of the system and the computational 

burden. 

Another big challenge for stress detection systems is the generalization of machine learning 

models. Physiological stress responses are not uniform and models trained on one dataset 

may not be effective on another due to differences in physiological stress response between 

individuals, environments, devices, and stress conditions. Physiological responses to stress 
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are related to a variety of factors, including age, gender, health condition, emotional state, 

and lifestyle. Therefore, a model that works well for one population may not perform well for 

another. The fragility decreases the reliability of stress detection systems in real healthcare 

applications and points to the necessity of more generalized and adaptive learning models. 

Another aspect of stress monitoring systems with wearables is privacy and security. These 

systems can monitor sensitive physiological and behavioural data from users, such as heart 

rate patterns, emotional state, sleep behaviour, and activity levels, on a continuous basis. 

There is a potential for serious ethical and security issues if personal health information is 

accessed, leaked or misused. A lot of cloud-based healthcare systems store user information 

on a remote server, which makes it more susceptible to hackers and privacy breaches. Hence, 

secure communication protocols, encrypted storage systems, and privacy-preserving learning 

methods like federated learning are gaining significance in the field of stress detection 

studies. 

Another challenge of complex machine learning and deep learning models is computational 

complexity. CNN, RNN, LSTM, BiLSTM, and Transformer-based algorithms demand high 

performance computing, high memory, and long training time. However, the integration of 

such intricate models on portable healthcare systems, smart phones, and wearable devices is 

challenging because of limited hardware capabilities and battery life. The need for continuous 

signal processing and quick prediction for timely intervention also adds to the computational 

demands when considering real-time stress monitoring. 

One difficulty is that many machine learning and deep learning systems are not explainable. 

While deep learning models can be used to make accurate predictions, they are typically 

black box models with complex decision-making processes that are hard to interpret. Doctors 

might not believe predictions that are not clearly explained or understood. Lack of 

transparency restricts the use of AI stress monitoring systems in clinical settings. Explainable 

AI techniques like SHAP, LIME, attention mechanisms and saliency mapping are therefore 

becoming more important to enhance interpretability and trustworthiness. 

 

Another limitation of stress detection systems is real-time processing. Real-time acquisition, 

pre-processing, feature extraction and classification of large amount of physiological data 

within minimal delay are essential in continuous monitoring. Real-time implementation can 

be difficult because of the processing power, memory and battery life of wearable devices. 

Stress predictions may be delayed, leading to less effective interventions or health care 
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recommendations. It is, therefore, essential to have efficient edge computing frameworks and 

lightweight machine learning models for practical deployment. 

Last but not least, personalized stress variability is one of the most challenging issues in 

stress detection studies. An individual's reaction to stress is influenced by his or her 

emotional state, personality, lifestyle, medical history, and the environment. Physiological 

responses to stress may vary from individual to individual, with some people having more 

intense responses and others having less. This variability makes it very challenging to create 

a universal stress detection model that would be equally effective for all users. Thus, 

personalised and adaptive machine learning frameworks are needed to enhance the prediction 

of stress in a specific user and health monitoring. 

 

4. Future Research Directions 

Future studies on stress detection using machine learning will likely be directed toward 

creating large-scale and diverse multimodal datasets from real-world settings. The size of 

existing datasets is relatively small, and they are typically collected in controlled laboratory 

settings, thus limiting the ability to generalize the models and apply them in real-world 

contexts. Physiological signals, behavioral information, facial expressions, speech patterns, 

contextual data and textual data from various populations in natural conditions should be 

included in future datasets. These datasets can enhance the robustness, reliability and 

accuracy of stress prediction systems. 

Another exciting research area is the use of wearable sensors in conjunction with Internet of 

Things (IoT) and edge computing. Wearable devices with IoT capabilities can gather 

physiological data continuously and send it to intelligent healthcare systems to be monitored 

in real time. Edge computing can help to lower the latency of processing data by analysing it 

locally on a device or wearable device rather than using cloud servers. This can lead to faster 

response times, lower communication overhead, and better privacy for users in healthcare 

applications. 

Explainable Artificial Intelligence (XAI) is also anticipated to be a key element in future 

stress detection systems. The development of transparent and interpretable machine learning 

models that provide meaningful explanations of the results of prediction is a growing focus of 

research. Explainable models can contribute to understanding the connection between 

physiological patterns and the stress situation, which enhances trust and clinical acceptance 

of AI-based healthcare systems. 
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An additional important direction of the future research is the development of personalized 

and adaptive stress detection models. Stress responses are different among people, so future 

systems should be able to learn user-specific physiological patterns and adapt to behavioral 

and environmental changes continuously. Adaptive learning frameworks can offer better and 

more individual stress analysis than general models. 

Privacy-preserving machine learning techniques such as federated learning are also gaining 

importance in healthcare analytics. By using federated learning, the training of the model can 

be done on a number of devices without the need to send sensitive user data to centralized 

servers. This can help enhance data privacy, security, and regulatory compliance without 

compromising collaborative model improvement. 

The future stress detection systems are also anticipated to incorporate cloud computing and 

mobile healthcare technology to keep track of stress continuously and in real-time. Wearable 

devices can be linked to smartphone applications that deliver immediate stress prediction, 

mental health advice and emergency alerts. Cloud platforms can be used for storing vast 

amounts of data, analyzing it, and managing healthcare remotely for clinicians and medical 

institutions. 

Researchers are also working on hybrid deep learning and ensemble learning models to 

enhance prediction performance. The complex temporal and spatial characteristics of 

physiological and behavioral data can be captured by combining multiple algorithms, such as 

CNN, LSTM, Transformer, Random Forest, and XGBoost. There are many advantages to 

such hybrid systems in terms of classification accuracy, robustness, and reliability in noisy 

and imbalanced datasets. 

Another emergent field of study is multimodal stress analysis. The future systems could 

integrate physiological signals, facial expressions, speech analysis, typing behavior, posture, 

and social media text to gain a holistic view of stress. Multimodal learning is able to learn 

emotional and behavioral patterns better than single modality systems, which results in more 

accurate and reliable stress prediction. 

Another promising area of research is the development of AI models that are energy-efficient 

for wearable devices.Energy-efficient AI models for wearable devices are also an important 

research direction. In order to minimize the energy consumption of the wearable devices 

while preserving high accuracy, lightweight machine learning frameworks, TinyML 

approaches, model compression, model pruning, and model quantization techniques are being 

investigated. 
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Last but not least, clinical validation and deployment of stress detection systems in healthcare 

should be a focus of future research. While a number of machine learning models have high 

accuracy in experiments, very few systems have been clinically tested in real healthcare 

environments. Researchers, psychologists, clinicians, and healthcare organizations will need 

to work together to create reliable, clinically validated, and easy-to-use stress monitoring 

systems that can aid in mental healthcare management.. 

 

5. CONCLUSION 

The application of machine learning and deep learning has greatly enhanced the design of 

intelligent stress monitoring systems based on wearable sensors and physiological data. 

Several ML models like SVM, RF, XGBoost, CNN, RNN and LSTM have shown good 

results for stress classification and prediction. Stress monitoring has also been improved 

thanks to recent developments in multimodal learning, explainable AI and wearable health 

technologies. But there are problems like limited data sets, generalization, privacy and 

computation complexity. Moving forward, there are opportunities for further research in the 

areas of real-time monitoring, personalized healthcare, federated learning, and explainable 

stress prediction systems to enhance the effectiveness and reliability of intelligent mental 

health monitoring systems.. 
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