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Abstract: Stress is a pervasive factor in modern life, strongly linked to mental health disorders such as
depression and anxiety, as well as physical illnesses, including cardiovascular disease. Traditional stress
assessment methods, such as self-reports, cortisol testing, and EEG monitoring, are limited by
subjectivity, invasiveness, or impracticality for continuous use. Advances in artificial intelligence (Al)
and machine learning (ML) have created new opportunities for noninvasive, real-time stress detection
through facial expression recognition, multimodal monitoring, and hybrid ensemble systems. This
review synthesizes literature published between 2021 and 2025 and compares methodologies, datasets,
evaluation metrics, and applications. We highlight the strengths, limitations, and future research
priorities, with an emphasis on explainable Al, dataset diversity, and ethical deployment. The findings
suggest that Al-based stress detection systems hold transformative potential in clinical, workplace, and
personal wellness contexts, although further validation and regulation are essential for large-scale
adoption

Index Terms - Stress detection, Facial expression recognition, Machine learning, Artificial intelligence,
Mental health monitoring.

|. INTRODUCTION

° Background on Stress and Its Impact on Mental Health

Stress is a natural physiological and psychological response to perceived challenges or threats, often
characterized by heightened autonomic nervous system arousal. When confronted with stressors, the
body activates the “fight or flight” mechanism, resulting in increased heart rate, blood pressure, and
cortisol secretion. Although short-term stress can be adaptive, chronic exposure is detrimental, leading
to long-term health consequences.

Prolonged stress is strongly associated with mental health disorders such as depression, anxiety, and
physical illnesses such as cardiovascular disease, obesity, and compromised immune function. The
World Health Organization identifies stress as a major health challenge of the 21st century, highlighting
its widespread impact on personal well-being, workplace productivity and societal healthcare costs.
Therefore, the early detection of stress plays a critical role in preventing these downstream consequences
and fostering timely intervention.
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° Traditional Stress Assessment Methods and Their Limitations

Historically, stress detection has relied on three broad categories of assessments:

Self-reports, such as questionnaires and interviews. While useful for subjective evaluation, these
suffer from recall bias, inconsistency, and social desirability effects.

Cortisol testing, a biomarker of stress, is measured using saliva or blood samples. Although
biologically grounded, cortisol measurement is invasive, expensive, and only captures stress at specific
time points rather than continuously.

. Electroencephalography (EEG) and other neuroimaging techniques. While accurate for detecting
stress-related brain activity, these methods are impractical for real-world use because of their high
costs, obtrusiveness, and need for specialized equipment.

These limitations create a gap for innovative solutions that allow continuous, objective, and
noninvasive monitoring.

. Emergence of Al and ML in Stress Detection

The last decade has seen the rapid integration of Artificial Intelligence (Al) and Machine Learning (ML)
in healthcare. Al excels at recognizing complex nonlinear patterns in data that are difficult to capture
using traditional statistical methods. In stress detection, Al methods leverage multimodal signals, such
as facial expressions, physiological data, speech, and behavior logs, to provide automated, real-time
assessments.

One particularly promising domain is facial expression recognition, which is rooted in Ekman and
Friesen’s Facial Action Coding System (FACS), which maps micro-expressions to underlying emotional
states. Deep learning models, such as Convolutional Neural Networks (CNNs), can analyze subtle facial
cues (e.g., eyebrow tension, eye openness, and lip movement) to detect stress with high accuracy.
Moreover, multimodal monitoring approaches combine facial data with physiological indicators, such
as heart rate variability, offering more robust insights into stress levels.

By reducing the reliance on subjective reporting and invasive measures, Al-driven stress detection has
the potential to transform both clinical and personal wellness practices.

II. METHODOLOGY

° Literature Search Strategy

This review employed a systematic approach to survey the recent literature on Al-based stress detection.
The databases searched included IEEE Xplore, Elsevier ScienceDirect, SpringerLink, and PubMed.
Complementary searches were conducted using Google Scholar to capture preprints and conference
proceedings.

Keywords included: “Al stress detection,” “facial expression recognition,” “multimodal monitoring,”
“machine learning stress detection,” “wearable stress detection,” and “mental health Al systems.”
Boolean operators (AND/OR) were used to refine the results.

The search was limited to peer-reviewed studies published between 2021 and 2025, although
foundational works (e.g., Ekman’s FACS) were included to provide historical context. The inclusion
criteria required studies to focus on AI/ML techniques applied to stress detection, while the exclusion
criteria eliminated studies focusing solely on unrelated affective computing applications (e.g.,
entertainment emotion recognition).
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° Data Extraction and Synthesis

From each selected study, the following data were extracted: author/year, methodology, dataset used,
features extracted, classification model, performance metrics and identified limitations. The data were
organized into comparative tables for clarity.

A narrative synthesis approach was used to summarize the findings, emphasizing both technical
contributions (e.g., deep learning models and feature extraction methods) and practical implications

(e.g., clinical, occupational, or personal applications). Quality assessment considered methodological
rigor, data set diversity, and validation strategies.

I11. AI-BASED STRESS DETECTION TECHNIQUES

. Facial Expression Recognition

The Facial Action Coding System (FACS), introduced by Ekman and Friesen, forms the basis for
modern facial analysis. The FACS categorizes facial muscle movements into Action Units (AUs), which
correspond to emotions such as fear, sadness, anger, and happiness. Stress often manifests as micro-
expressions, such as furrowed brows, lip compression, or tightened jaw muscles.

Modern deep learning methods leverage FACS within Convolutional Neural Networks (CNNs),
Residual Networks (ResNets), and Vision Transformers (ViTs) for automatic feature extraction. For
example, Sukhavasi et al. (2022) demonstrated a hybrid CNN-SVM pipeline for driver stress detection,
achieving an accuracy of ~ 92% even under challenging conditions, such as low-light driving. Real-time
systems utilize lightweight models, such as MobileNet, for deployment in webcams and smartphones.

. Multimodal Monitoring Approaches

Although facial expressions provide valuable signals, stress manifests in multiple physiological systems.
Integrating biosignals (e.g., heart rate, skin conductance, and respiration) with facial cues enhances
robustness. The WESAD dataset (Schmidt et al., 2018) is widely used and combines wearable sensor
data with emotional labels. Lee et al. (2025) applied explainable deep neural networks (XAI-DNNSs) to
WESAD, achieving 92.89% accuracy while offering model interpretability.

Voice analysis has also shown promise, as stress alters the vocal pitch, tone, and rhythm. Deep Recurrent
Neural Networks (RNNs) trained on speech data capture these subtle changes. The combination of
facial, physiological, and voice data enables multimodal fusion systems that outperform single-signal
models.

° Hybrid Models and Ensemble Technigues

Hybrid approaches combine multiple Al algorithms. For instance, Yadav et al. (2025) proposed
ensemble learning models that integrated decision trees, CNNSs, and gradient boosting for workplace
stress detection. These systems reduce bias and improve generalizability.

Transfer learning, which leverages pre-trained facial recognition models (e.g., VGG-Face, FaceNet),
has been successfully adapted for stress detection using smaller labeled datasets. Finally, Explainable
Al (XAI) techniques, such as SHAP values and attention maps, ensure interpretability and build trust
for clinical adoption.
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Figure 1. Workflow of Al-Based Stress Detection System
This figure illustrates the pipeline: data acquisition (via webcams/wearables), preprocessing, feature
extraction using CNNs or signal processing, classification using ML/DL models, stress level detection,
and intervention suggestions.

IV. DATASETS AND BENCHMARKS

. Publicly Available Datasets

Several datasets are crucial for advancing Al-based stress detection.

WESAD (Wearable Stress and Affect Dataset): Multimodal biosignal dataset with labeled
stress/emotion states.

SWELL dataset: Focuses on workplace stress using ECG and EDA signals.

FER-2013, CK+, JAFFE: Facial expression datasets, though not stress-specific, used to pre-train
models.

The limitations of these datasets include small sample sizes, lack of cultural diversity, and
controlled laboratory conditions, which reduce ecological validity.
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° Evaluation Metrics and Benchmarks

Performance is typically evaluated using accuracy, precision, recall, Fl-score, and AUC-ROC.
However, the lack of standardized protocols makes cross-study comparisons difficult. Benchmarking

efforts are required to harmonize evaluations and establish baselines across modalities.

Table 1. Comparison of Al Techniques for Stress Detection

Author/Year Method/M | Dataset | Acc Limitations
odel Used | urac
y
Sukhavasi et al. Hybrid Driver | 92% Sensitive to
(2022) CNN-SVM | Emotio occlusion
n
Dataset
Lee et al. (2025) XAI-DNN | WESA | 92.8 Limited
D 9% generalization
Yadav et al. Ensemble | Workp | 90% | Needs large-scale
(2025) (CNN + lace + validation
Gradient | Stress
Boosting) | Dataset

This table highlights recent Al methods, their datasets, reported accuracies, and key limitations of
these methods.
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V. APPLICATIONS AND USE CASES
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Figure 2. Future of Multimodal Stress Detection
This figure presents the envisioned pipeline: multimodal data (facial, voice, and biosignals) —
advanced Al models (transformers, GNNs, and XAl) — personalized monitoring — integration with
healthcare — ethical frameworks.

Al-driven stress detection offers opportunities for the early diagnosis of stress-related disorders,
continuous monitoring of at-risk patients, and integration with telemedicine platforms. Systems
embedded in wearable devices can alert clinicians to real-time patient stress fluctuations.

° Workplace and Occupational Health

Work-related stress contributes to burnout, absenteeism, and reduced productivity at work. Al systems
integrated into occupational wellness programs can monitor employee stress levels, trigger preventive
interventions, and provide aggregated insights for organizational policymaking. Ethical guidelines are
essential to avoid the misuse of employee data.

. Personal Wellness and Self-Management

Consumer-grade stress detection apps integrated into smartphones, smartwatches, and fitness trackers
already exist (e.g., Fitbit stress tracking app). Al-based facial monitoring systems can extend this by
offering personalized coping strategies such as guided meditation, breathing exercises, or adaptive
digital content.
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Table 2. Applications of Al-Based Stress Detection

Domain Application Benefits
Healthcare Telemedicine stress monitoring Early diagnosis, continuous
monitoring
Workplace Employee wellness monitoring Reduce burnout, increase
productivity
Personal Smartphone stress apps Personalized coping strategies,
convenience

VI. CHALLENGES AND LIMITATIONS

. Technical Challenges

Generalization across diverse populations remains difficult because of dataset bias. Systems must also
be robust to environmental factors (e.g., lighting and occlusion) and capable of real-time edge processing
to reduce latency.

. Ethical and Privacy Concerns

Stress detection involves the use of sensitive biometric data. These risks include privacy violations,
discrimination, and the misuse of surveillance. Ethical deployment requires data protection frameworks,
transparency, and informed consent.

. Validation and Clinical Acceptance

Large-scale clinical trials are lacking, which hinders their acceptance in healthcare.

VIl. FUTURE DIRECTIONS

. Advancements in Al and ML Techniques

Future studies should leverage self-supervised learning, graph neural networks, and transformer
architectures to improve the accuracy of stress recognition.

. Improving Dataset Quality and Diversity

The creation of longitudinal datasets spanning weeks or months with cross-cultural diversity is essential
for real-world adoption.
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° Towards Personalized Stress Management

Adaptive systems can integrate context awareness (location, time, and activity) with personalized
interventions such as digital therapeutics, biofeedback, and cognitive behavioral therapy
recommendations.

VIIl. CONCLUSION

This review highlights how Al and ML, particularly facial expression recognition and multimodal
monitoring, have transformed stress detection. Significant advancements include deep learning for facial
micro-expression analysis, ensemble learning for improved robustness, and multimodal fusion with
biosignals and speech data. However, limitations persist in terms of dataset diversity, privacy, and
clinical validation.

Research priorities include developing explainable, ethical, and cross-culturally valid models, while
industry adoption hinges on regulation and user trust. Interdisciplinary collaboration among computer
scientists, psychologists, ethicists, and healthcare providers is essential for ensuring responsible
innovation.

Stress detection and management systems have the potential to improve individual mental well-being
and reduce the societal burden of stress-related disorders, making this field both timely and impactful.
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