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Abstract - The increasing prevalence of stress, cognitive fatigue, emotional exhaustion, and mental health disorders 

among students and working professionals has created an urgent need for continuous and intelligent monitoring 

systems. Recent advancements in wearable sensing technologies, Internet of Things (IoT), artificial intelligence (AI), 

and physiological signal processing have enabled the development of stress detection and mental wellbeing assessment 

frameworks. However, despite significant progress, existing systems continue to face several limitations related to 

personalization, real-world deployment, multimodal sensor integration, explainability, interoperability, energy 

efficiency, and privacy preservation. This paper presents a comprehensive review and critical analysis of recent 

literature on wearable and AI-enabled stress monitoring systems. Referred all studies covering wearable biosensors, 

physiological signal analysis, context-aware monitoring, machine learning models, IoT healthcare frameworks, and 

mental health assessment approaches were systematically analysed. The study identifies major research gaps including 

the absence of scalable personalized models, insufficient multimodal sensor fusion frameworks, limited real-world 

validation, lack of explainable artificial intelligence mechanisms, inadequate edge computing integration, and poor 

interoperability among healthcare devices. Based on the identified limitations, a unified research roadmap is proposed 

that integrates multimodal physiological sensing, context-aware analytics, explainable machine learning, edge-cloud 

computing, and secure IoT architecture for next-generation mental wellbeing monitoring systems. The findings provide 

valuable insights for researchers and practitioners developing intelligent wearable healthcare solutions and establish 

future directions for personalized mental health monitoring in smart wellness ecosystems. 

Keywords: Stress Detection, Cognitive Fatigue, Wearable Sensors, Artificial Intelligence, Internet of Things, 

Explainable AI, Mental Wellbeing, Physiological Signal Processing, Edge Computing, Healthcare Monitoring. 

1. INTRODUCTION 

Mental health has emerged as one of the most critical public health concerns of the twenty-first century. Rapid 

technological advancements, increasing workplace demands, academic competition, and evolving socioeconomic 

pressures have significantly altered human lifestyles and work environments. These changes have contributed to 

a substantial increase in stress, cognitive fatigue, anxiety, burnout, and other mental health disorders across various 

population groups. According to reports published by the World Health Organization (WHO), mental health 

conditions are among the leading causes of disability worldwide and continue to impose significant social and 

economic burdens on individuals, organizations, and healthcare systems [10], [14]. 

The prevalence of stress-related disorders has become particularly evident among students and working 

professionals. Students preparing for competitive examinations such as the Joint Entrance Examination (JEE), 

National Eligibility cum Entrance Test (NEET), Common Entrance Test (CET), and other academic assessments 

often experience prolonged periods of psychological pressure, uncertainty, and performance anxiety. Similarly, 

professionals employed in information technology, manufacturing, healthcare, and service industries encounter 

stress due to project deadlines, shift-based work schedules, prolonged digital exposure, onsite support 

responsibilities, work-life imbalance, and organizational expectations. Such factors frequently lead to sleep 

disturbances, reduced productivity, cognitive fatigue, emotional exhaustion, and deteriorating mental wellbeing. 

Traditional approaches for stress assessment primarily rely on self-reported questionnaires, psychological surveys, 

clinical interviews, and subjective behavioural observations. Although these methods provide valuable insights, 

they often suffer from limitations including recall bias, subjective interpretation, infrequent assessment intervals, 

and inability to support continuous monitoring. Furthermore, psychological evaluations typically require expert 
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intervention and may not adequately capture dynamic physiological changes associated with real-time stress 

responses. 

Recent advancements in wearable sensing technologies have created new opportunities for continuous and non-

invasive monitoring of physiological parameters associated with mental health conditions. Modern wearable 

devices can acquire diverse physiological signals including heart rate (HR), heart rate variability (HRV), 

electrocardiogram (ECG), photoplethysmography (PPG), electrodermal activity (EDA), galvanic skin response 

(GSR), blood oxygen saturation (SpO₂), skin temperature, respiration patterns, and electroencephalogram (EEG) 

signals. These physiological indicators have demonstrated strong correlations with stress levels, cognitive 

workload, emotional states, and fatigue conditions [4], [6], [9], [12]. 

The integration of artificial intelligence and machine learning techniques has further enhanced the capabilities of 

wearable healthcare systems. Machine learning algorithms can identify complex relationships among 

physiological variables and enable automated detection of stress patterns, fatigue indicators, emotional states, and 

behavioural changes. Various studies have explored traditional machine learning approaches such as Support 

Vector Machines (SVM), Decision Trees, Random Forests, and ensemble classifiers, while more recent research 

has focused on deep learning architectures including Convolutional Neural Networks (CNNs), Long Short-Term 

Memory (LSTM) networks, and multimodal deep learning frameworks [3], [11], [16], [25]. 

Simultaneously, Internet of Things (IoT) technologies have enabled seamless connectivity among wearable 

devices, smartphones, edge computing nodes, and cloud-based healthcare platforms. IoT-enabled healthcare 

ecosystems facilitate continuous data collection, remote monitoring, predictive analytics, and personalized 

healthcare interventions. Cloud-assisted healthcare frameworks support large-scale data storage and 

computational analysis, while emerging edge computing approaches aim to reduce latency, improve privacy, and 

enhance real-time decision-making capabilities [17], [19]. 

Despite these technological advancements, existing wearable stress monitoring systems continue to face several 

limitations that hinder their practical deployment and widespread adoption. Many proposed solutions are 

developed using small participant groups and laboratory-controlled environments, limiting their generalizability 

to real-world conditions. Personalized stress responses vary significantly among individuals, yet most current 

machine learning models rely on generalized prediction mechanisms. Additionally, multimodal sensor fusion 

remains challenging due to synchronization issues, computational complexity, and power consumption 

constraints. The increasing adoption of deep learning models has also introduced concerns regarding model 

transparency and explainability, particularly in healthcare applications where decision interpretability is essential. 

Another significant limitation involves the insufficient integration of contextual information within stress 

monitoring frameworks. Factors such as workload intensity, shift schedules, commute duration, environmental 

conditions, sleep quality, personality traits, and social pressures significantly influence stress levels but are often 

excluded from existing monitoring systems. Furthermore, challenges related to data privacy, cybersecurity, 

interoperability, and healthcare standardization continue to impede the development of scalable and secure mental 

wellbeing monitoring platforms. 

To address these challenges, this paper presents a critical review and research gap analysis of wearable, IoT-

enabled, and AI-based stress monitoring systems. The study systematically analyses recent developments in 

physiological sensing technologies, machine learning approaches, context-aware monitoring systems, and 

healthcare IoT frameworks. Based on the identified limitations, a comprehensive research roadmap is proposed 

to guide the development of next-generation intelligent mental wellbeing monitoring systems. 

The major contributions of this paper are summarized as follows: 

1. A comprehensive review of wearable, AI-enabled, and IoT-based stress monitoring technologies. 

2. Classification of existing literature into physiological sensing, machine learning, context-aware 

monitoring, and healthcare IoT domains. 

3. Identification of key research gaps affecting current stress and cognitive fatigue monitoring systems. 

4. Development of a future research roadmap integrating multimodal sensing, contextual intelligence, 

explainable AI, and edge-cloud computing. 
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5. Recommendations for future research directions aimed at improving personalization, scalability, 

interoperability, and healthcare applicability. 

2. LITERATURE REVIEW 

The literature on stress, cognitive fatigue, and mental wellbeing monitoring has evolved from early affective 

computing and physiological stress sensing systems to contemporary frameworks that integrate wearable 

biosensors, contextual information, machine learning, and Internet of Things (IoT) connectivity. The reviewed 

studies collectively show a clear transition from single-signal, task-specific detection approaches toward 

multimodal, context-aware, and personalized monitoring paradigms. 

2.1 Physiological Signal-Based Stress and Fatigue Monitoring 

Physiological signals remain the foundation of most wearable stress detection systems because stress responses 

are strongly reflected in autonomic nervous system activity. Early work by Picard et al. [25] demonstrated that 

affective physiological states could be inferred from bio signals, laying the groundwork for machine-based 

emotional intelligence. Healey and Picard [24] further showed the feasibility of detecting stress during real-world 

driving using physiological sensors, confirming that stress detection could extend beyond controlled laboratory 

experiments. 

Subsequent research has explored different physiological modalities. ECG-based approaches have been used 

widely because cardiac dynamics provide useful indicators of stress and workload; however, wearability and long-

term comfort remain concerns [9]. HRV, often derived from ECG or PPG, is a common marker of autonomic 

balance and stress reactivity. PPG-based systems are attractive because they are low-cost and easy to integrate 

into wrist-worn devices, and recent studies have examined personalized normalization methods to improve fatigue 

detection in real-life settings [5]. Electrodermal activity and galvanic skin response are also commonly used 

because of their sensitivity to sympathetic activation. Skin temperature, respiration, sleep-related indicators, and 

SpO2 further enrich the physiological feature set in multimodal systems [1], [11], [12]. 

EEG has also attracted attention for mental stress monitoring because it can capture direct neural responses linked 

to cognitive load and emotional regulation. However, practical adoption is hindered by signal artifacts, user 

discomfort, and reduced suitability for long-duration daily use [4]. As a result, many recent studies have shifted 

toward low-cost, wearable, and less intrusive sensing configurations that balance accuracy with usability. 

2.2 Machine Learning and Deep Learning for Stress Recognition 

Machine learning has become central to automatic stress and fatigue assessment. Conventional classifiers such as 

support vector machines, random forests, and decision trees are frequently used because they are computationally 

efficient and easier to deploy on resource-constrained devices [11], [16]. These methods perform well when 

feature engineering is carefully designed, but their performance often depends on hand-crafted physiological 

features and limited generalization across users. 

Deep learning has expanded the capabilities of stress prediction by learning richer spatiotemporal representations 

from raw or minimally processed signals. Multimodal approaches such as CCT-LSTM combine temporal 

dependencies with cross-channel interactions, allowing the model to capture complex stress-related patterns [3]. 

However, deep architectures often require larger datasets, greater computational resources, and careful 

optimization for wearable or edge deployment. This creates a practical trade-off between model accuracy and 

deployment feasibility in real-world healthcare systems. 

The literature also reflects growing interest in explainable and personalized machine learning. Stress responses 

vary substantially across individuals because of differences in baseline physiology, personality, lifestyle, and 

environmental exposure [1], [11], [22]. Accordingly, personalization has emerged as a key design principle. Rather 

than using one-size-fits-all models, newer approaches increasingly seek to adapt to user-specific physiological 

profiles and behavioural patterns. This shift is important not only for improving prediction accuracy but also for 

enhancing trust in AI-driven health decisions. 

 

2.3 Context-Aware and Real-World Stress Monitoring 
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A major weakness of many early stress detection systems is their dependence on controlled settings that do not 

reflect real-life complexity. Context-aware stress monitoring addresses this limitation by incorporating 

information such as activity type, time of day, user movement, environmental conditions, and task context. 

Gjoreski et al. [20] demonstrated that wrist-device stress monitoring can benefit substantially from contextual 

cues. Similarly, Aqajari et al. [2] and Rashid et al. [7] show that incorporating wearable and mobile context 

information improves the practical relevance of stress recognition systems in everyday environments. 

Context becomes especially important in workplace and academic settings, where stress is shaped by external 

conditions such as shift schedules, commute duration, workload intensity, deadlines, competition, and social 

pressure. Purely physiological models may misclassify these patterns if the user is physically active, traveling, 

resting, or engaged in cognitively demanding work. Therefore, context-aware models can reduce ambiguity and 

improve prediction reliability by interpreting physiological variation within the correct situational frame. 

Despite this promise, context-aware systems often rely on smartphones or additional sensors, which can increase 

complexity and energy consumption. Sensor synchronization and heterogeneous data fusion also remain major 

technical issues, particularly when combining data streams with different sampling rates, missing values, and 

noise levels [7]. These barriers explain why many context-aware prototypes demonstrate promising experimental 

results but are not yet widely deployed at scale. 

2.4 Wearable Platforms, IoT Integration, and Deployment Issues 

The move from isolated sensing prototypes toward connected healthcare ecosystems has been enabled by IoT and 

cloud computing. Sharma et al. [17] reviewed IoT-enabled healthcare monitoring systems and highlighted the role 

of networking, remote access, and large-scale analytics in next-generation health platforms. Hossain and 

Muhammad [19] demonstrated cloud-assisted industrial IoT health monitoring architectures, showing how remote 

computation can support continuous observation and decision support. 

For wearable stress monitoring, IoT integration offers several advantages: continuous transmission of 

physiological data, real-time alerts, cloud-based storage, and remote clinician access. However, cloud dependency 

may introduce latency, connectivity issues, and privacy risks. Edge computing is increasingly seen as an important 

alternative because local processing can support faster decisions, better energy efficiency, and improved data 

confidentiality. The challenge is to balance the computational limitations of wearable devices with the need for 

timely, accurate, and secure stress prediction. 

Device interoperability is another important deployment issue. Standards such as IEEE Std 2700-2022 [13] and 

ISO/IEEE 11073-10441 [21] provide a foundation for communication among personal health devices, but the 

implementation of interoperable systems remains inconsistent. Without common data formats, communication 

protocols, and device-level integration strategies, it becomes difficult to build scalable stress monitoring 

ecosystems that can combine data from multiple vendors and sensing modalities. 

2.5 Policy, Standards, and Population-Level Mental Health Context 

While most of the reviewed studies focus on technical solutions, policy-oriented documents provide the broader 

societal context. WHO reports on mental health in the workplace [10], [14] emphasize that stress and burnout are 

not merely individual concerns but organizational and public health challenges. Likewise, the National Mental 

Health Survey of India [15] highlights the need for India-specific mental health solutions, especially given 

differences in healthcare access, workforce structure, academic pressure, and digital adoption. 

This policy context is important because it demonstrates that technical stress-monitoring systems must be designed 

for deployment in realistic social and occupational environments. The literature suggests growing demand for 

affordable, non-invasive, scalable, and culturally adaptable monitoring platforms that can support early 

intervention and preventive mental healthcare. 
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Figure 1. Classification of literature related to wearable stress, cognitive fatigue, and mental wellbeing 

monitoring systems. 

3. CRITICAL ANALYSIS OF EXISTING LITERATURE 

Although the reviewed studies have made substantial progress in physiological sensing, machine learning, context 

awareness, and IoT-based health monitoring, several methodological and practical limitations remain. A critical 

analysis of the literature shows that the field is still transitioning from proof-of-concept demonstrations to robust 

real-world systems. 

3.1 Limited Personalization and User-Specific Adaptation 

A consistent limitation across the literature is the inadequate handling of inter-individual variability. Stress 

manifests differently across users depending on age, baseline physiology, personality, work style, and 

psychological resilience. Studies such as [1], [11], and [22] explicitly highlight the need for personalized models, 

yet many systems still rely on population-level classifiers trained on limited participant groups. This can lead to 

poor transferability when models are deployed on new users or in new environments. Personalized calibration, 

adaptive learning, and transfer learning therefore remain essential research directions. 

3.2 Insufficient Real-World and Longitudinal Validation 

Many studies report good performance in controlled laboratory or short-duration experimental conditions, but 

fewer demonstrate robust performance in long-term daily life deployment. This limitation is especially visible in 

fatigue monitoring and real-life stress recognition studies [5], [12], [18], [20], [22], where environmental 

variability, missing data, motion artifacts, and inconsistent user behaviour strongly affect system reliability. 

Without longitudinal datasets and extended field trials, it is difficult to assess whether a proposed model can 

sustain performance across weeks or months of continuous use. 

3.3 Explainability and Trust Deficits in AI Models 

As models become more complex, their decision-making processes become harder to interpret. This is problematic 

in mental health applications where users, clinicians, and workplace stakeholders may require transparent 

explanations for alerts or predictions. Reviews of stress detection methods [16] and recent multimodal deep 

learning systems [3] show that accuracy alone is no longer sufficient. The field increasingly needs explainable AI 

mechanisms that reveal which physiological features, contextual cues, or temporal patterns contributed to the 

stress estimate. Explainability is also important for identifying false alarms, validating model behaviour, and 

improving user trust. 

3.4 Sensor Fusion and Synchronization Challenges 
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Multimodal stress detection is attractive because no single bio signal captures the full complexity of stress and 

fatigue. However, combining multiple wearable sensors introduces practical challenges related to synchronization, 

calibration, missing data, and noise propagation [7], [8]. Multiplexed wearable platforms may improve sensing 

richness but also increase hardware complexity and power consumption [8]. In many implementations, the added 

sensing burden reduces usability, battery life, or form-factor comfort. Efficient sensor fusion methods that retain 

predictive benefit while minimizing computational and energy costs remain a major need. 

3.5 Comfort, Wearability, and Daily-Use Constraints 

A central requirement for stress monitoring is that the device must be acceptable for everyday use. ECG systems 

may provide valuable cardiac information, but they can be uncomfortable for prolonged wear [9]. Low-cost EEG 

devices are promising in principle, but artifact sensitivity and user discomfort limit their everyday adoption [4]. 

These trade-offs show that technically sophisticated signals are not always suitable for continuous monitoring. 

Practical deployment requires balancing signal quality, comfort, and user compliance. 

3.6 Incomplete Context Integration 

Although context-aware methods are increasingly popular, many systems still use context only partially or 

indirectly. Some models incorporate activity or device motion, but fewer include broader situational variables 

such as workload, commute duration, shift timing, sleep disruption, academic pressure, and social stressors. Yet 

these factors can strongly influence physiological state and stress interpretation. The literature therefore suggests 

that future systems should integrate richer occupational and academic context to avoid misclassification and to 

support meaningful personalization [2], [7], [20], [24]. 

3.7 Security, Privacy, and Interoperability Concerns 

Healthcare IoT systems collect highly sensitive physiological and behavioural data, which raises significant 

privacy and cybersecurity concerns [17], [19]. At the same time, current wearable ecosystems often suffer from 

limited interoperability across platforms and devices [13], [21]. This creates barriers to real-world adoption 

because users may own devices from different vendors or expect integration with mobile and cloud systems. 

Secure communication, access control, data minimization, and standardized interoperability must therefore be 

treated as core requirements rather than afterthoughts. 

3.8 Need for Integrated Frameworks for Mental Wellbeing 

The reviewed literature is highly fragmented. Some works focus on low-cost EEG [4], others on PPG 

normalization [5], while others emphasize context or IoT infrastructure [2], [17], [19]. Very few studies provide a 

unified framework that integrates physiological sensing, contextual awareness, personalization, explainability, 

and secure deployment in a single architecture. This fragmentation limits translation into practical mental 

wellbeing systems. A next-generation framework should therefore connect sensing, analytics, decision support, 

and intervention design in a coherent and scalable manner. 

3.9 Summary of Comparative Findings 

Table 1 summarizes the major characteristics and limitations of the reviewed studies. The comparison confirms 

that the literature has moved steadily toward more advanced sensing and analytics, but the transition to scalable 

and trustworthy real-world systems is still incomplete. 

Table 1. Comparative analysis of representative studies on wearable stress and fatigue monitoring 

Ref. Main Topic Primary Modality / Approach Key Limitation Gap Addressed 

[1] 
Personalized stress 

detection 

Wearable bio 

signals 

Scalability and personalization 

complexity 

Need for scalable 

personalized models 

[2] 
Context-aware stress 

monitoring 

Wearables + 

mobiles 

Real-world variability reduces 

accuracy 

Need for adaptive 

systems 
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[3] 
Multimodal deep 

learning 

CCT-

LSTM 

High computational 

complexity 

Need for lightweight explainable 

models 

[4] Low-cost EEG stress monitoring EEG Artifact sensitivity and discomfort Need for reliable daily-use EEG 

[5] 
Cognitive fatigue 

monitoring 

Personalized PPG 

normalization 

Limited long-term 

validation 

Need for continuous real-life 

fatigue monitoring 

[6] 
Mental fatigue sensor 

review 

Multiple sensing 

systems 

Lack of standard 

methodology 

Need for unified monitoring 

frameworks 

[7] 
Context-aware sensor 

fusion 

Wearable sensor 

fusion 

Synchronization 

challenges 

Need for efficient multimodal 

fusion 

[8] 
Multiplexed wearable 

sensors 

Multi-sensor 

platform 

Power and complexity 

issues 

Need for energy-efficient 

platforms 

[9] Wearable ECG monitoring ECG Discomfort in long usage Need for comfortable monitoring 

[10] 
WHO workplace mental 

health 

Policy 

perspective 

No technical 

implementation 

Need for technology-enabled 

workplace monitoring 

[11] 
ML-based stress and fatigue 

detection 

Machine 

learning 

Generalization across 

users 

Need for personalized ML 

models 

[12] 
Cognitive fatigue 

monitoring 

Physiological 

sensors 

Limited real-world 

deployment 

Need for practical real-time 

systems 

[13] 
Wearable device 

standards 

Interoperability 

standard 

Inconsistent 

implementation 

Need for standardized 

systems 

[14] 
WHO mental health 

guidelines 

Policy 

guidance 

No direct technical 

framework 

Need for smart monitoring 

integration 

[15] 
National mental health 

survey 

Population 

report 

No wearable technology 

focus 

Need for India-specific 

systems 

[16] 
Stress detection 

review 

Signal processing and 

ML 

Explainability and dataset 

diversity 

Need for explainable AI 

systems 

[17] 
IoT healthcare monitoring 

review 

IoT healthcare 

systems 

Security and privacy 

concerns 

Need for secure 

frameworks 

[18] 
Smartphone-based stress 

detection 

Physiological + 

behavioural sensing 

Limited 

physiological depth 

Need for hybrid wearable-

smartphone systems 

[19] Cloud-assisted health monitoring Cloud IoT architecture Cloud dependence Need for edge-based analytics 

[20] 
Wrist-device stress 

monitoring 

Context-based 

monitoring 

Context dependency affects 

performance 

Need for adaptive 

systems 

[21] 
Health device communication 

standard 

Device 

interoperability 

Compatibility 

limitations 

Need for universal 

interoperability 
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[22] 
Stress recognition using wearables 

and phones 

Wearables + mobile 

phones 

Small participant 

groups 

Need for large-scale 

validation 

[23] Stress in America survey Survey-based assessment Not sensor-based Need for real-time stress assessment 

[24] 
Real-world driving stress 

detection 

Physiological 

sensors 

Task-specific 

application 

Need for general-purpose 

detection 

[25] 
Affective physiological state 

analysis 

Early affective 

computing 

Early-stage 

limitations 

Need for advanced AI-integrated 

systems 

4. RESEARCH GAP ANALYSIS 

The critical review of existing literature reveals that significant advancements have been achieved in wearable 

sensing technologies, artificial intelligence, physiological signal processing, and Internet of Things (IoT)-enabled 

healthcare systems. Nevertheless, several fundamental challenges continue to limit the effectiveness, scalability, 

and real-world applicability of current stress and cognitive fatigue monitoring frameworks. The identified research 

gaps indicate opportunities for future investigations aimed at developing more intelligent, reliable, and 

personalized mental wellbeing monitoring systems. 

4.1 Lack of Personalized Stress Monitoring Models 

One of the most frequently reported limitations in the reviewed literature is the inadequate personalization of 

stress prediction models. Existing machine learning and deep learning frameworks are generally trained using 

population-level datasets and assume similar physiological responses across all users [1], [11], [22]. However, 

physiological reactions to stress vary significantly depending on age, gender, personality traits, health conditions, 

occupation, and environmental exposure. 

For example, an elevated heart rate may indicate stress for one individual while representing normal physiological 

activity for another. Consequently, generalized models often exhibit reduced accuracy when deployed in diverse 

populations. Although recent studies have introduced personalized learning approaches, their scalability remains 

limited due to calibration requirements and insufficient long-term validation. 

Therefore, future research should focus on adaptive machine learning techniques, transfer learning methods, and 

personalized physiological baselines capable of dynamically adjusting to individual behavioural and physiological 

characteristics. 

4.2 Limited Real-World Validation and Longitudinal Deployment 

A substantial proportion of existing stress monitoring studies have been conducted under laboratory-controlled 

conditions involving relatively small participant groups [2], [5], [12], [22]. While such environments facilitate 

controlled experimentation, they fail to capture the complexity and variability of real-world scenarios. 

Daily life stressors such as workplace workload, academic competition, traffic congestion, sleep disruption, 

environmental noise, and social interactions significantly influence physiological responses. Models trained using 

controlled datasets may therefore experience reduced performance when deployed in practical settings. 

Furthermore, only a limited number of studies have evaluated system performance over extended periods. 

Longitudinal monitoring is essential for understanding behavioural adaptation, circadian rhythm variations, and 

chronic stress development. 

Future research should prioritize large-scale field studies, long-duration monitoring experiments, and real-world 

validation across diverse demographic and occupational groups. 

4.3 Lack of Explainable Artificial Intelligence 

The growing adoption of deep learning models has significantly improved stress prediction accuracy. However, 

most state-of-the-art systems operate as black-box models, providing limited transparency regarding their 

decision-making processes [3], [16], [25]. 
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In healthcare applications, explainability is crucial because users, clinicians, and healthcare providers require clear 

justification for stress predictions and intervention recommendations. The absence of interpretability may reduce 

user trust and hinder clinical adoption. 

Explainable Artificial Intelligence (XAI) techniques such as SHAP (Shapley Additive Explanations), LIME 

(Local Interpretable Model-Agnostic Explanations), and attention-based visualization methods have demonstrated 

potential for improving transparency. Nevertheless, their integration into wearable stress monitoring systems 

remains limited. 

Future frameworks should incorporate explainable prediction mechanisms capable of identifying the 

physiological and contextual factors contributing to stress classification outcomes. 

4.4 Challenges in Multimodal Sensor Fusion 

Modern wearable devices can simultaneously acquire multiple physiological signals including ECG, PPG, HRV, 

EDA, EEG, SpO₂, and skin temperature. Although multimodal sensing improves stress detection accuracy, 

effective integration of heterogeneous data remains a major challenge [7], [8]. 

Differences in sampling frequency, signal quality, synchronization requirements, and noise characteristics 

complicate data fusion processes. Additionally, increased sensing complexity often results in higher computational 

demands and greater energy consumption. 

Current sensor fusion frameworks lack standardized methodologies capable of efficiently combining 

physiological, behavioural, and contextual information while maintaining computational efficiency. 

Future research should focus on lightweight multimodal fusion algorithms, adaptive feature selection methods, 

and edge-based processing strategies to support real-time stress monitoring. 

4.5 Insufficient Context-Aware Intelligence 

Stress is a multidimensional phenomenon influenced by physiological, psychological, environmental, and social 

factors. However, many existing monitoring systems rely predominantly on physiological measurements while 

neglecting contextual information [2], [20], [24]. 

Factors such as workload intensity, project deadlines, shift schedules, commute duration, sleep quality, academic 

competition, and social pressure significantly affect stress responses. Failure to incorporate these variables may 

lead to inaccurate predictions and increased false alarm rates. 

The literature demonstrates growing interest in context-aware monitoring systems, yet comprehensive 

frameworks capable of integrating dynamic contextual variables remain scarce. 

Future monitoring platforms should incorporate occupational, academic, environmental, and behavioural context 

information to improve stress interpretation and prediction accuracy. 

4.6 Security and Privacy Concerns in IoT Healthcare Systems 

Wearable stress monitoring systems continuously collect highly sensitive physiological and behavioural 

information. As data transmission increasingly relies on cloud and IoT infrastructures, concerns regarding privacy, 

cybersecurity, and unauthorized access have become more prominent [17], [19]. 

Current healthcare IoT architectures often prioritize functionality and connectivity while providing limited 

attention to data protection mechanisms. Security vulnerabilities may expose users to privacy breaches and reduce 

acceptance of wearable mental health technologies. 

Future research should investigate secure communication protocols, blockchain-enabled healthcare architectures, 

federated learning frameworks, and privacy-preserving machine learning techniques capable of ensuring data 

confidentiality without compromising analytical performance. 

4.7 Lack of Standardization and Interoperability 
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The reviewed studies reveal substantial diversity in sensor configurations, communication protocols, data formats, 

and machine learning methodologies. Although standards such as IEEE 2700 and ISO/IEEE 11073 provide 

guidance for wearable healthcare systems [13], [21], practical implementation remains inconsistent. 

The absence of interoperability limits device compatibility and hinders the development of integrated healthcare 

ecosystems. As a result, data collected from different devices often cannot be seamlessly combined or analysed. 

Future efforts should focus on standardized data acquisition protocols, unified communication architectures, and 

interoperable healthcare frameworks supporting multi-vendor wearable ecosystems. 

4.8 Absence of Unified Mental Wellbeing Monitoring Frameworks 

Perhaps the most significant gap identified in the literature is the lack of a comprehensive framework capable of 

integrating physiological sensing, contextual awareness, artificial intelligence, IoT communication, explainability, 

personalization, and security into a single ecosystem. 

Most existing studies focus on individual components rather than holistic system design. Consequently, healthcare 

practitioners and researchers lack a unified architecture capable of supporting scalable, real-time, and personalized 

mental wellbeing monitoring. 

Addressing this gap forms the primary motivation for the future research framework proposed in the next section. 

 

Research Gap 
Evidence from 

Literature 
Impact Future Direction 

Personalization [1], [11], [22] Reduced Accuracy Adaptive AI Models 

Real-World 

Validation 
[2], [5], [12], [22] Poor Generalization Longitudinal Studies 

Explainability [3], [16], [25] Reduced Trust Explainable AI 

Sensor Fusion [7], [8] 
Data Synchronization 

Issues 
Lightweight Fusion 

Context Awareness [2], [20], [24] Misclassification Dynamic Context Integration 

Security & Privacy [17], [19] User Risk Federated Learning 

Interoperability [13], [21] Device Incompatibility Standardized Frameworks 

Unified Architecture [6], [14] Fragmented Systems 
Integrated Healthcare 

Platform 

Table 2: Research Gaps and Future Directions 

5. PROPOSED CONCEPTUAL ARCHITECTURE FOR NEXT-GENERATION MENTAL 

WELLBEING MONITORING SYSTEMS 

Based on the identified research gaps, a context-aware wearable and IoT-enabled intelligent framework is 

proposed for continuous stress, cognitive fatigue, and mental wellbeing monitoring. The framework integrates 

multimodal physiological sensing, contextual intelligence, edge computing, explainable artificial intelligence, and 

cloud-assisted healthcare analytics within a unified architecture. 

The proposed framework is designed to overcome the limitations of current systems by emphasizing 

personalization, scalability, real-time processing, and interoperability. 
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Figure 2. Proposed context-aware wearable and IoT-enabled framework for real-time stress, cognitive fatigue 

and mental wellbeing monitoring 

5.1 Layer 1: Multimodal Physiological Data Acquisition 

The first layer consists of wearable biosensors responsible for continuous physiological data collection. 

The sensing module may include: 

• Heart Rate (HR) 

• Heart Rate Variability (HRV) 

• Electrocardiogram (ECG) 

• Photoplethysmography (PPG) 

• Electrodermal Activity (EDA/GSR) 

• Skin Temperature 

• Blood Oxygen Saturation (SpO₂) 

• Sleep Quality Indicators 

• Optional EEG Signals 

The integration of multiple physiological modalities improves robustness and enables comprehensive assessment 

of stress and cognitive fatigue conditions. 

5.2 Layer 2: Context Awareness and Behavioural Intelligence 

The second layer collects contextual information influencing stress levels. 

Relevant contextual variables include: 

• Workload Intensity 

• Shift Work Schedules 

• Commute Duration 

• Academic Competition Levels 

• Sleep Duration and Quality 

• Physical Activity 

• Environmental Conditions 
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• Personality Traits 

• Social and Occupational Factors 

Contextual intelligence enhances interpretation of physiological responses and supports personalized stress 

assessment. 

5.3 Layer 3: Edge-Based Signal Processing 

To reduce latency and dependence on cloud connectivity, preprocessing and feature extraction operations are 

performed at the edge. 

Major functions include: 

• Signal Denoising 

• Motion Artifact Removal 

• Feature Extraction 

• Feature Selection 

• Data Compression 

• Local Event Detection 

Edge computing improves response time, reduces communication overhead, and enhances privacy protection. 

5.4 Layer 4: Explainable Artificial Intelligence Engine 

The intelligent analytics layer employs machine learning and explainable AI techniques to identify stress and 

fatigue patterns. 

Potential algorithms include: 

• Random Forest 

• XGBoost 

• Support Vector Machines 

• LSTM Networks 

• Hybrid Deep Learning Models 

To improve transparency, explainability mechanisms such as SHAP and LIME are incorporated to provide 

interpretable predictions and identify influential physiological and contextual factors. 

5.5 Layer 5: Cloud-Assisted Healthcare Analytics 

The cloud layer supports computationally intensive operations and long-term data analysis. 

Functions include: 

• Historical Trend Analysis 

• Personalized Health Profiling 

• Population-Level Analytics 

• Model Updating and Retraining 

• Healthcare Dashboard Generation 

• Predictive Risk Assessment 

Cloud resources complement edge intelligence while supporting scalability. 
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5.6 Layer 6: Personalized Wellness Recommendation System 

The final layer delivers actionable recommendations based on predicted stress and fatigue levels. 

Potential outputs include: 

• Stress Alerts 

• Fatigue Warnings 

• Sleep Improvement Suggestions 

• Relaxation Recommendations 

• Mindfulness Exercises 

• Occupational Health Guidance 

• Academic Performance Support 

The recommendation engine transforms monitoring outcomes into proactive mental health interventions. 

5.7 Expected Benefits of the Proposed Framework 

The proposed framework offers several advantages over existing approaches: 

1. Personalized stress prediction through adaptive learning mechanisms. 

2. Improved accuracy through multimodal physiological sensing. 

3. Enhanced interpretability through explainable AI integration. 

4. Reduced latency through edge-based processing. 

5. Better security through privacy-preserving IoT architecture. 

6. Scalability for workplace, academic, and healthcare environments. 

7. Support for future smart wellness ecosystems and digital healthcare platforms. 

The proposed architecture establishes a comprehensive roadmap for the next generation of wearable mental 

wellbeing monitoring systems and addresses the major limitations identified in the reviewed literature. 

6. FUTURE RESEARCH DIRECTIONS 

The rapid advancement of wearable sensing technologies, artificial intelligence, and IoT-enabled healthcare 

systems has created significant opportunities for the development of intelligent mental wellbeing monitoring 

platforms. However, the research gaps identified in the preceding sections indicate that substantial work remains 

before these systems can achieve large-scale real-world adoption. Based on the literature analysis and proposed 

framework, several promising future research directions are identified. 

6.1 Explainable Artificial Intelligence for Mental Health Monitoring 

Although deep learning models have demonstrated superior performance in stress and fatigue prediction, their 

black-box nature limits interpretability and clinical trust. Future research should focus on integrating Explainable 

Artificial Intelligence (XAI) techniques capable of providing transparent and interpretable decision-making. 

Methods such as SHAP, LIME, attention visualization, and feature attribution analysis can help identify the 

physiological and contextual factors influencing stress predictions. Explainable systems will improve user 

confidence, facilitate healthcare professional acceptance, and support ethical AI deployment in mental health 

applications. 

6.2 Federated Learning and Privacy-Preserving Analytics 
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Privacy remains a major concern in wearable healthcare systems because physiological data often contains highly 

sensitive personal information. Conventional cloud-based learning approaches require centralized data storage, 

increasing the risk of privacy breaches. 

Federated learning offers a promising alternative by enabling machine learning model training directly on user 

devices without transferring raw physiological data to external servers. Future research should investigate 

federated and privacy-preserving learning mechanisms that maintain analytical performance while ensuring data 

confidentiality and regulatory compliance. 

6.3 Edge Artificial Intelligence for Real-Time Stress Prediction 

The growing computational capabilities of wearable and edge devices provide opportunities for decentralized 

healthcare analytics. Edge AI can perform data preprocessing, feature extraction, and stress prediction locally, 

reducing latency and dependence on cloud connectivity. 

Future studies should focus on developing lightweight machine learning and deep learning architectures optimized 

for wearable platforms. Energy-efficient edge intelligence can significantly improve response times and support 

continuous monitoring in resource-constrained environments. 

6.4 Digital Twin-Based Mental Health Systems 

Digital Twin technology has emerged as a transformative concept in healthcare and smart systems. A digital twin 

represents a virtual model of an individual that continuously updates using real-time physiological and behavioural 

data. 

Future mental wellbeing monitoring systems may leverage digital twin models to simulate stress responses, 

predict cognitive fatigue progression, and evaluate personalized intervention strategies. Such systems could enable 

proactive healthcare management and highly individualized wellness recommendations. 

6.5 Advanced Multimodal Sensor Fusion Techniques 

Future stress monitoring systems are expected to integrate multiple physiological, behavioural, and contextual 

information sources. However, efficient fusion of heterogeneous data remains a significant challenge. 

Research efforts should focus on developing adaptive sensor fusion frameworks capable of handling asynchronous 

data streams, missing values, noise, and varying sensor reliability. Attention-based neural networks, graph neural 

networks, and transformer architectures may provide effective solutions for advanced multimodal integration. 

6.6 Development of Large-Scale Benchmark Datasets 

The lack of publicly available, diverse, and large-scale stress monitoring datasets continues to limit model 

generalization and comparative evaluation. Most existing datasets involve small participant groups and controlled 

experimental conditions. 

Future research should emphasize the development of large-scale longitudinal datasets incorporating 

physiological signals, contextual information, demographic diversity, and real-world stress conditions. 

Standardized benchmark datasets will facilitate reproducibility, model comparison, and accelerated innovation. 

6.7 India-Specific Mental Wellbeing Monitoring Frameworks 

Most wearable stress monitoring research has been conducted in developed countries, often overlooking cultural, 

occupational, and educational differences present in developing regions. In India, stress-related factors such as 

competitive examinations, urban traffic congestion, shift-based employment, and social expectations create 

unique psychological challenges. 

Future studies should focus on developing India-specific datasets, context-aware models, and personalized 

healthcare frameworks that reflect local demographic and environmental conditions. Such systems can contribute 

significantly to national mental health initiatives and preventive healthcare strategies. 

6.8 Smart Workplace and Academic Wellbeing Ecosystems 
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Future monitoring systems should extend beyond individual stress detection toward intelligent wellness 

ecosystems capable of supporting organizations, educational institutions, and healthcare providers. 

By integrating wearable technologies, IoT infrastructures, AI analytics, and digital health platforms, future 

systems may facilitate: 

• Workplace stress risk assessment 

• Burnout prevention programs 

• Cognitive workload management 

• Student wellbeing monitoring 

• Personalized intervention strategies 

• Organizational wellness analytics 

These capabilities can contribute to healthier workplaces, improved academic performance, and enhanced quality 

of life. 

6.9 Toward Human-Centric Mental Healthcare Systems 

Ultimately, future research should prioritize human-centric design principles that balance technological innovation 

with usability, privacy, fairness, and ethical considerations. The success of wearable mental wellbeing systems 

will depend not only on predictive accuracy but also on user acceptance, transparency, accessibility, and 

trustworthiness. 

The convergence of wearable sensing, explainable AI, edge computing, IoT communication, and personalized 

healthcare analytics has the potential to transform mental wellbeing monitoring from reactive diagnosis to 

proactive and preventive healthcare management. 

Table 3: Emerging Technologies for Future Stress Monitoring 

 Technology Application 

Explainable AI Transparent Decisions 

Federated Learning Privacy Protection 

Edge AI Real-Time Prediction 

Digital Twins Personalized Health Models 

Blockchain Secure Data Sharing 

Multimodal Fusion Improved Accuracy 

IoT Healthcare Remote Monitoring 
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7. CONCLUSION 

Mental health challenges associated with stress, cognitive fatigue, emotional exhaustion, and 

workplace burnout have become increasingly prevalent among students and working 

professionals worldwide. The emergence of wearable sensing technologies, artificial 

intelligence, physiological signal processing, and Internet of Things (IoT) infrastructures has 

created new opportunities for continuous and non-invasive mental wellbeing monitoring. 

This paper presented a critical review and research gap analysis of twenty-five representative 

studies focusing on wearable stress monitoring systems, machine learning techniques, context-

aware sensing approaches, healthcare IoT frameworks, and mental health assessment 

methodologies. The analysis revealed several significant limitations in current systems, 

including insufficient personalization, limited real-world validation, lack of explainable 

artificial intelligence, challenges in multimodal sensor fusion, inadequate contextual 

awareness, security and privacy concerns, and limited interoperability among wearable 

healthcare devices. 

To address these challenges, a comprehensive future research framework was proposed that 

integrates multimodal physiological sensing, contextual intelligence, edge computing, 

explainable AI, cloud-assisted analytics, and personalized wellness recommendations within a 

unified architecture. The proposed framework aims to improve prediction accuracy, scalability, 

interpretability, and practical applicability while supporting proactive mental health 

management. 

Furthermore, key future research directions were identified, including explainable artificial 

intelligence, federated learning, digital twin healthcare systems, advanced sensor fusion 

techniques, large-scale benchmark datasets, India-specific monitoring frameworks, and smart 

workplace wellness ecosystems. These emerging technologies and research opportunities are 

expected to play a critical role in shaping the next generation of intelligent mental wellbeing 

monitoring systems. 

In conclusion, the integration of wearable technologies, artificial intelligence, and IoT-enabled 

healthcare infrastructures presents a promising pathway toward personalized, continuous, and 

proactive mental health monitoring. The findings of this study provide a research roadmap for 

future investigations and contribute to the development of scalable, human-centric, and 

intelligent wellness ecosystems capable of supporting both individual and societal mental 

wellbeing. 
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