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ABSTRACT   

Artificial intelligence (AI) enabled wearable devices have revolutionized the healthcare monitoring by offering real-time and 

continuous monitoring of users' physiological signals used at home. This review analyzed the technological, algorithmic and clinical 

advancement from 2020 to 2025, detailing the technologies for biosensor design, e-enabled Machine Learning (ML) solutions, edge 

computing architectures, and privacy-preserving frameworks. Based on the PRISMA-ScR approach, quantitative Neural Networks 

(NNs), AutoML pipelines, federated learning and secure on-device analytics in a representative fashion were reviewed. Significant 

innovations in core basic pillars were detected: frontier sensor technologies, including multimodal fusion, and self-powered systems. 

Resource-efficient embedded AI models customized for constrained environments have further enhanced on-device intelligence, real-

time analytics, ethical norms and regulatory paradigms. Nevertheless, such challenges are still very complicated and hard to solve. 

Signal instability, energy constraints, algorithmic bias and lack of demographic diversity in training data undermine model reliability 

and generalizability, compromising the safe, fair, and scalable implementation of such AI-driven wearable health monitoring systems 

in real clinical settings. The lack of validation in real-world scenarios, model explainability and alignment with regulatory frameworks 

of most have hampered their clinical adoption and broad-scale deployment. Ethical aspects like data sovereignty, fairness, and dynamic 

consent are still largely to be formed. This work connects biomedical signal capture, on-device AI, clinical translation, and digital ethics 

to delineate a roadmap for frontier AI wearables. This proposed edge-aware transformer-based models, privacy-preserving analytics, 

and global multimodal sensing advance intelligent, scalable, and fair AI-driven health monitoring systems. 
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1 Introduction   

The integration of AI and wearable devices for real-time 

physiological monitoring is leading healthcare to transition from 

a reactive, sporadic care model to a proactive, continuous, and 

personalized care model. In contrast to scheduled clinical visits, 

AI-enabled wearable systems allow for continuous monitoring, 

providing actionable insights on health status and enabling both 

clinicians and patients to predict and react to physiological 

changes on a moment-by-moment basis [1],[2]. This is the 

turning point. By 2024, the number of people living with chronic 

conditions globally who require frequent health monitoring is 

expected to reach over 1.2 billion [3]. The proliferation of AI-

based wearable devices has been a significant trend in the 

industry over the last ten years.  

The global wearables healthcare market is anticipated to 

surpass approximately USD 150 billion by 2028, attributed to the 

rising prevalence of chronic diseases, increasing geriatric 

population, and growing need for remote monitoring [4]. Major 

platforms such as Apple Watch, Fitbit, Garmin, and Samsung 

Galaxy Watch hold the top positions in the market. The cost is 

between 100 and over 1,000 USD, and while decreasing sensor 

costs are affordable still hinder uptake in low-resource 

environments. The balancing act around performance, cost,  

regulation, and user engagement is what drives adoption.  

Current AI-driven wearables include wrist-worn devices 

that monitor cardiac rhythms and epidural biosensors that 

analyze sweat biomarkers and have a greater ability to perform 

non-invasive, real-time monitoring of vital signs, such as 

electrocardiogram (ECG), photoplethysmography (PPG), 

electrodermal activity (EDA), and inertial signals [5]-[7].  The 

capabilities were made possible by sensor miniaturization, low-

power circuit design, and on-device machine learning, making 

for a highly integrated hardware-software platform [8],[9]. It is 

worth noting that certain energy-efficient deep learning 

structures, i.e., quantized convolution neural networks (CNNs) 

or lightweight transformer, are available to be executed directly 

on-device with little latency while maintaining high diagnostic 

fidelity [10],[11].  

At the systems level, edge AI processing allows execution 

of context-aware inference at the device level with decreased 

dependence on cloud infrastructure. This allows privacy-

preserving computation, minimized latency, and high 

responsiveness, especially important for real-time usage, for 

instance, in seizure prediction, detection of cardiac anomalies, 

and fall detection [12]-[14].  Privacy-preserving methodologies 

such as federated learning, secure multiparty computation, and 

differential privacy have surfaced as pivotal facilitators for 

distributed training of models on diverse, fragmented sources of 

health data [15]-[17]. Yet the discipline is now on the point of an 

unrelenting,  complicated set of impediments, despite these 

thrilling breakthroughs. Signal variation induced by sensor 

displacement, motion artifacts, and environmental interference 

still continually degrades the robustness of the algorithm 

[18],[19].  

The limited resources of wearable devices, especially the 

battery life, the computing power, and the memory, require trade-

offs among the model complexity, the inference speed, and the 

accuracy [20],[21]. In addition, the non-uniform structure of the 

wearable (hardware, communication protocol,  and data schema 

are all non-uniform) impedes interoperability and scalability 
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[22],[23]. Ethical and regulatory considerations, especially of 

algorithmic fairness, add further complexities. A lot of AI 

models running on wearables are trained on datasets that are not 

diverse in demographics, leading to algorithmic bias and poorer 

generalizability across age, gender, ethnicity, and comorbidity 

profiles [24],. It eliminates barriers to health care access and 

works well to reduce health inequities, particularly in 

marginalized and/or low-resource communities. Also, the 

regulatory standards (e.g. U.S. Food and Drug Administration 

[FDA]’s SaMD [Software as a Medical Device] and the EU AI 

Act) are still being developed and do not contain pathways for 

the approval of AI-based wearables, which impede clinical 

adoption [26],[27].  

Several promising technologies, such as federated analytics, 

wearable integrated blockchain infrastructure, and explainable 

AI (XAI), are emerging that could help in addressing some of 

these challenges. As an example, blockchain-based solutions 

have demonstrated tamper-resistant health data exchange and 

auditable AI trails for the decentralized enterprise environments 

[28],[29]. Similarly, edge–cloud integrated solutions, which 

geographically distribute computing services with fog 

computing as the host of the intermediate layer, enable a privacy-

preserving and low-latency platform [30]. Yet there are only a 

small number of platforms that have achieved robust diagnostic 

performance approaching medical standards for multiple 

population groups. Consumer-grade products tend to be focused 

on general wellness measures rather than clinically validated 

results, and the vast majority of products do not adequately 

address the needs of older adults, people with disabilities, or 

those in rural or underserved communities [31],[32].  

What are the prevailing technical enablers, engineering 

challenges, and evolving research directions that characterize the 

design and implementation of AI-assisted wearable devices for 

real-time health surveillance and prognostic health monitoring?  

Although the amount of literature is growing, few reviews 

address the entire device–algorithm–data pipeline, or review the 

trade-offs between energy, privacy, and algorithmic fairness in 

various contexts.  Existing reviews have tended to focus on 

biosensor design or on embedded learning algorithms or signal 

processing in isolation, without consideration of their system-

level interactions and impact on scalability and equitable 

deployment. To fill this gap, this systematic literature review on 

AI-enabled wearable healthcare systems was conducted. The 

studies were retrieved via Scopus, Web of Science, PubMed, 

IEEE Xplore, and ACM Digital Library from 2020 to 2025 using 

a set of predefined keywords, including wearable devices, 

biosensors, AI, ML, DL, edge and federated learning, and remote 

monitoring. The inclusion criteria were AI-based wearables, 

sensing, real-time monitoring, privacy techniques, and clinical 

use. Non-English text, non-peer-reviewed work, and studies that 

were not relevant to the topic were excluded, and trends, 

challenges, and future directions were synthesized.  

The main purpose of this review is threefold. Specifically, it 

reviews the state-of-the-art in biosensor design, edge AI models, 

and ultra-low-power real-time analytics for next-generation 

wearable health systems. Second, it seeks to reveal persistent 

engineering and clinical challenges, such as signal and hardware 

instabilities and limitations in algorithmic robustness that hinder 

AI wearable systems from being scalable, reliable in the real-

world, and clinically translatable. Third, the review outlines 

emerging trends in the area, such as federated learning, 

explainable AI (XAI) frameworks, blockchain-enabled data 

integrity, and designing for diverse populations to deliver 

equitable healthcare solutions.  

This work contributes in four unique but closely interrelated 

ways. It does so in two ways: (i) by drawing on multidisciplinary 

expertise to distill to a coherent synthesis that the disparate and 

often confusing domain-specific literature in biomedical signal 

processing, embedded computing systems, ML and digital health 

ethics might serve as. Second, we have-depth-by analyzing entire 

system pipeline including sensor design and signal acquisition, 

on-device inference, feedback to user, so on to achieve well-

engineered end-to-end solution. Third, we describe new trends 

in the area, such as the combination of federated learning, 

explainable AI frameworks, blockchain-based data integrity 

solutions, and user-based design methods to enable fair health 

monitoring of users across different profiles. Lastly, it stresses 

equity and ethical dimensions by interrogating algorithmic bias, 

data privacy protections, and the necessity to consider 

marginalized and underserved communities in the 

conceptualization and implementation of wearable health tools.  

2 AI-driven Wearable Platforms for Real-Time Health 

Monitoring  

AI-enabled wearables have transformed real-time 

monitoring of health, providing continuous and personalized 

assessment of physiological parameters.  In this section, a 

tabulated, organized presentation of core designs involved in 

biosensor modalities, embedded system design, and 

communication-energy model is given. It discusses hardware–

software trade-offs, signal quality, as well as methodology, 

performance, and applicability to real clinical environments. 

Along with ECG, PPG, and sweat sensing, AI-enabled wearable 

health care also includes SpO₂, EDA, breathing rate, EMG, EEG, 

skin temperature, sleep and cognitive-states tracking [1],[4]. 

SpO₂ allows detection of respiratory and sleep apneas while 

EDA permits an evaluation of stress; EMG makes it possible to 

monitor rehabilitation, and EEG allows cognitive and 

neurological evaluation [19],[20]. Integrated sleep solutions 

utilize HR, motion, breathing, and SpO2 to characterize sleep 

quality and detect such disorders as insomnia and sleep apnea 

[32]. These methods scale up ML-based wearable healthcare 

from rudimentary cardiovascular monitoring to individualized 

health intelligence [1],[4]. 

2.1 Biosensor Types and the Detection of Signals 

The ability to acquire accurate and high-quality 

physiological signals is the most critical factor for a wearable 

health monitoring system. Energy-harvesting and self-powered 

biosensors are highly promising to be integrated into highly 

sophisticated systems with advanced AI algorithms, such as 

electrocardiography (ECG), photoplethysmography (PPG), 

inertial measurement units (IMUs), sweat-based chemical 

sensors, and triboelectric nanogenerators (TENGs) [1][33]. 

Modeerlace devices rely on a combination of modalities, 

including ECG, PPG, IMUs, sweat-based chemistry sensors, and 

triboelectric nanogenerator (TENG) [1],[33]. These represent the 

body area of the user for deeper AI inference systems. Fig. 1 

shows An Architecture of AI-Enabled Wearable Health 

Monitoring Systems. The sensor placement, human movement, 

skin characteristics, and external environment (ambient 

temperature, light) can be considered the sources of signal 

acquisition quality, which, however, are ignored in the algorithm 

evaluations. 
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Fig. 1 Multi-Layer End-to-End Architecture of AI-Enabled Wearable Health Monitoring Systems 

Fig. 1 shows the end-to-end architecture of smart wearable 

health monitoring systems. The architecture include the 

following five interrelated layers: (i) multimodal wearable 

sensors (e.g., ECG, PPG, SpO2, EMG, EEG, respiration, 

temperature, electrodermal activity (EDA/GSR), and IMU-based 

wearable sensors); (ii) signal processing utilizing noise removal, 

motion artifact removal, signal segmentation, and features 

extraction; (iii) AI analytics including CNNs, transformers, 

AutoML, federated learning, XAI techniques; (iv) decision 

making including risk prediction, disease classification, anomaly 

detection and personalized recommendation; and (v) clinical 

intervention via physician dashboards, patient alerts, 

telemedicine integration, and emergency response. The design 

showcases the entire process from the acquisition of 

physiological signals to AI-enabled clinical decisions and 

healthcare services.  

2.2 Embedded System Design and Hardware  

The biosensor must be capable of seamlessly interfacing 

with embedded systems for signal preprocessing and feature 

extraction, as well as low-latency inference. Analog front ends 

(AFEs), microcontrollers (MCUs), digital signal processors 

(DSPs), and AI-specific accelerators are some of the key 

elements. The specification of these components affects the 

utilization of the device in the convergence of inference 

throughput, battery life, and real-time capability. New designs 

[30], for instance, rely on self-powered triboelectric 

nanogenerators, integrating energy harvesting with sensing. 

Although these types of platforms provide advanced 

sustainability and compact form factor, there are still challenges 

in consistent calibration, resolution of signals in free-living, and 

temporal drift due to wearing or re-positioning. These and other 

barriers highlight the interplay of hardware limitations and 

algorithmic assumptions and call for system design paradigms 

that understand and co-optimize across domains. 

2.3 Data Exchange and Power Control 

Efficient energy consumption and, to a lesser extent, data 

transmission play a crucial role in these considerations to allow 

for long-term usage and user adherence. Wireless 

communication modules need to balance the latency, the 

bandwidth, and the power consumption. At the same time, 

dedicated power sources and battery controlling circuits should 

allow the system to run for an extended period of time without 

recharging, in particular for services such as chronic care. 

Energy-aware scheduling, duty-cycling, and on-device 

inference are silicon power consumption reduction techniques 

that are nowadays considered part of the standard repertoire. The 

trend towards edge computing architectures, with the bulk of 

computation being done on-device as opposed to in the cloud 

alleviates concerns related to data privacy and latency but 

imposes even more stringent energy limitations. [8],[13] 

illustrate that the ability to optimize AI workloads for embedded 

execution is crucial to the feasibility of wearable systems, 

particularly when fusing multiple data modalities. 

Human-focused issues are a key barrier in the majority of 

research. [24] stresses clinical feedback in terms of discomfort of 

users, inconsistent results across different skin pigmentation and 

variable signal quality in non-controlled settings. Hence, these 

highlight the need for adaptable system designs that cater for a 

wide range of physiologies and use case scenarios. 

3  On-Device ML/DL  

To achieve conversion of raw biosignals into meaningful 

clinical information, strong up to low-latency AI models must be 

embedded in the wearable device hardware. ML and DL models, 

in particular those tailored to constrained edge devices, can 

directly perform on-device inference without dependency on 

cloud infrastructure [34]. Quantized CNNs have been proven to 

be accurate for ECG based classification tasks [10],[11], and the 
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hybrid ML/DL models that the authors of [35] established better 

arrhythmia detection performance.  

Nevertheless, these methods usually suffer from high energy 

consumption and are seldom tested in real-time on a resource-

limited scenario. Aforementioned paper [36] bridged this divide 

by advancing energy-aware CNN architectures for diabetes 

detection, applying ECG signals, considering both diagnostic 

accuracy and energy efficiency. Similarly,[32] illustrated the 

viability of embedded AutoML pipelines that evolve model 

architectures online over real-time biosignal streams, toward a 

significant step in self-optimizing systems. But there remains an 

enduring challenge for all these works, that is generalization. As 

was demonstrated by [5], models trained on uniform datasets do 

not generalize well across different populations and health 

environments, contributing to concerns of algorithmic bias and 

clinical equity. 

This review both reiterates the state-of-the-art technological 

advances and highlights the challenges of dataset diversity, real-

world validation, and model explainability. It distills 

architectural novelties with ethical perspectives and provides a 

more comprehensive outline for on-device health device AI 

dissemination than earlier works. A comparative analysis of the 

four established model types, Quantized CNNs, AutoML 

approaches, Hybrid ML/DL models, and lightweight CNN 

variants, in regard to crucial deployment measures and task-

specific challenges, is shown in Table 1.

Table 1 Evolutionary and Quantitative Comparison of Embedded AI Models in Wearable Healthcare Systems (2020–2025) 

Year / Model 

Class 

Representative 

Innovation  

Accuracy / 

Performance 

Latency Energy 

Efficiency 

Explainability Deployme

nt 

Main 

Contribution 

Limitation 

2020–2021 CNN 

(baseline) 

ECG classification 

and biosignal CNNs 

[5],[6],[21] 

~88–93% 

(ECG tasks) 

Low–

Moderate 

Moderate Low Edge / On-

device 

Establishes DL 

baseline for 

wearables 

Limited 

generalization, 

data 

dependency 

Quantized CNN ECG arrhythmia and 

real-time inference 

[8],[10],[11] 

~91–93.5% 

(ECG-based) 

Very Low 

(real-time) 

High Low Edge / 

MCU 

Enables real-time 

edge inference via 

model 

compression 

Accuracy–

compression 

trade-off 

CNN-lite / Edge 

CNN 

Wearable 

cardiovascular 

diagnostics [14],[44] 

~91.3% Very Low Very High Moderate Edge AI Optimized 

inference for 

constrained 

hardware 

Reduced 

model 

capacity 

AutoML Systems Stress and biosignal 

classification 

[12],[32],[33] 

~89.4–92% Moderate Moderate High Embedded 

/ Edge 

Automated model 

selection for 

wearable 

deployment 

Model drift 

and variability 

Hybrid ML/DL 

Models 

ECG-based 

cardiovascular 

diagnosis [2],[36] 

Very High 

(classification) 

High Low Moderate Cloud–

Edge 

Hybrid 

Improved 

accuracy via 

ensemble learning 

High 

computational 

cost 

Multimodal / 

Federated 

Learning 

Privacy-preserving 

wearable 

intelligence 

[15],[16],[30],[57] 

~88–92% 

(cross-device 

learning) 

Moderate Moderate Moderate Distribute

d Edge 

Enables privacy-

preserving 

decentralized 

learning 

Communicatio

n overhead, 

heterogeneity 

Emerging Edge AI 

(2023–2025) 

Cardiology, mental 

health, multimodal 

sensing 

[7],[9],[41],[47] 

~90–93% Low High Increasing Edge + 

Hybrid 

Shift toward real-

time intelligent 

wearables 

Deployment 

scalability 

challenges 

Table 1 gives us numbers for a uniform accuracy for all 

model families in wearable AI. CNN-based systems for ECG 

reach 90–93.5% accuracy on average in the literature, which 

corroborates that good baseline results can also be obtained in 

cardiac monitoring tasks [7],[8],[10],[21]. Energy-efficient and 

quantized models retain 90–91% accuracy with orders of 

magnitude reduction in computational complexity and power 

consumption [8],[37]. AutoML methods achieve a performance 

of ~89.4% with higher interpretability as well as automated 

model selection for wearable use [32]. AUC of Multi-task CNNs 

for PPG-based applications is around 0.88, which demonstrates 

a strong performance in physiological signals fusion [31]. 

Finally, Edge CNNs implementations also achieve ∼91% real-

time performance in pilot implementations [21]. In brief, 

wearable AI has evolved from monolithic CNNs (2020) to 

energy-aware, federated, multimodal, and edge-native (2025) 

systems with a focus on scalability, privacy, and deployment 

viability rather than accuracy only.  The trade-off for models in 

Table 1 is the performance–efficiency Pareto front shown in Fig. 

2. 

General evaluation metrics for AI wearable systems include 

diagnostic performance such as accuracy, sensitivity, specificity, 

F1-score, efficiency (latency and energy consumption), 

reliability, fairness (design and execution of bias assessment in 

testing), and explainability (such as SHAP, LIME, attention 

maps) in the considered studies of wearable AI [1],[2]. They are 

commonly used to facilitate decision support and real-time 

monitoring in clinical settings. 

 

Fig. 2 Performance and Landscape of Embedded AI Models for 

Wearable Healthcare Systems (2020–2025) Source: Developed 

by the authors based on synthesized findings 

[7],[8],[10],[21],[31],[32][35]-[37].  

Fig. 2 shows an in-depth comparison of embedded AI 

models in WCS, including Quantized CNN, AutoML, Hybrid 

ML/DL and CNN-lite on four key operational challenges: 

generalizability, latency, power constraints and bias visualization 

that highlight trade-offs between accuracy, efficiency and real-
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time deployability in edge computing environments. Results 

show that model compression yields significant gains in latency 

and energetic efficiency, while hybrid methodologies provide 

better robustness at the cost of higher computational complexity, 

underlining the significance of deployment-aware model 

selection for clinical wearable AI systems. AutoML and Hybrid 

ML/DL models achieve better accuracy and are more 

explainable than the lightweight ones, due to their more complex 

feature learning and ensemble or automated optimization 

strategies. Yet, they tend to have larger latency and power 

consumption, restricting their real-time and ultra-low-power 

applications in wearables. Quantized CNN models provide high 

efficiency at very low latency and energy usage but are less 

generalizable among different healthcare datasets and use cases. 

CNN-lite models achieve a reasonable trade-off between 

computational cost and diagnostic performance; their 

representational capacity can be limited as they are shallow, 

possibly leading to limited accuracy in complex tasks. The 

comparison highlights the importance of application-tailored 

model co-design and context-aware optimization on latency, 

power efficiency, generalizability, and bias for a wearable 

healthcare system design framework-appropriate alignment. 

4 Edge AI and FL Architectures 

Edge AI paradigms, including federated learning (FL), have 

become critical in wearable health systems to meet the 

requirements for data privacy, scalability and latency reduction. 

FL enables decentralized model training across distributed 

nodes, which retains sensitive data on-device and improves 

model performance through collaboration [38]. [39] presented a 

context-aware activity recognition framework based on FL, 

which [15] presented FL-PMI to the best of our knowledge is the 

first work that accurately senses human motion using multiple 

wearables. Nevertheless, both methods suffered a reduction in 

accuracy due to device heterogeneity and network latency. 

Recent improvements by [17],[27] confirm that stress 

detection and chronic disease monitoring are well served by 

federated learning. But they did highlight some challenges, e.g., 

temporal misalignment of data, model drift and resource 

overheads. FRESH, a certificate-less privacy-preserving FL 

scheme based on lightweight encryption techniques to achieve 

security and trust in FL, is proposed in [16]. Yet the application 

of such techniques in practice is complicated by obstacles such 

as poor interoperability, expected schema mismatches, and 

protocol fragmentation [21],[29]. 

 

Fig. 3 Innovative Federated Learning for AI-Wearable Health Monitoring 

Fig. 3 presents a multi-level federated edge-AI framework, 

at the same time employing secure communication, 

decentralized learning, explainable inference and clinical 

decision support. The solution shows that privacy-preserving 

intelligence can be achieved on heterogeneous wearable 

platforms with scalability and regulations adherence. 

Notably, the whole process enables personalized and 

context-aware inference by locally adapting the global model on 

each user’s device. This hybrid combination of collective 

intelligence and edge adaptability is reflective of the overarching 

movement towards self-learning, privacy-preserving AI systems 

in real-time biomedicine. Although existing works have 

established the theoretical feasibility of FL for health 

monitoring [17],[40],[41], this article stands out with a 

harmonious interdisciplinary integration of engineering 

practicability with healthcare realities. It identifies emerging 

issues, including socio-technical adaptivity, sensor equity, and 

secure interoperability, that need to be addressed to take this 

work further. In doing so, it clears the path for next-generation 

wearable health solutions that are intelligent and resourceful, but 

truly ethical, inclusive and clinically impactful. 
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5 Clinical Applications of AI-Wearables and Challenges 

in Implementation 

Powered by AI, wearable devices are rapidly evolving 

healthcare with capabilities to monitor and predict in nearly 

every medical field in real time. In fields as diverse as 

cardiology and mental health, these arrangements hold the 

promise of personalized, continuous care. Yet the road from 

laboratory validation to clinical application remains difficult, 

with challenges in deployment, ranging from algorithmic 

robustness to regulatory approval. This subsection draws on 

empirical findings and cross-sectional knowledge to discuss 

applications to clinical outcomes and system weaknesses. 

5.1 Predictive Diagnostics and Decision Support  

Wearables equipped with embedded AI now support early 

detection and management of critical conditions. In cardiology, 

studies by [12],[42] demonstrated over 90% accuracy in 

detecting myocardial infarction and cardiorespiratory anomalies 

using edge AI pipelines, yet within controlled settings. For 

endocrinology, [25],[43] reviewed machine-derived biomarkers 

for type 2 diabetes, while [42] explored ECG-based non-invasive 

diagnostics for type 1 diabetes. [44] further showed how AI-

wearables can augment clinical workflows by generating 

automated alerts and trend-based insights. In mental health, 

[13],[23] utilized multimodal sensor arrays and ensemble ML 

models to monitor stress and fatigue. Similarly, [31] achieved an 

AUC greater than 0.88 for sleep apnea detection using 

convolutional neural networks applied to wearable PPG signals. 

5.2 Signal Variability and Algorithm Robustness  

Real-world deployment reveals significant performance 

degradation due to motion artifacts, sensor misplacement, and 

biological noise. Stress detection models, for instance, exhibited 

model drift and signal instability during ambulatory use [13]. 

Sleep monitoring algorithms, though effective in static settings, 

remain sensitive to motion-induced noise [31]. These challenges 

underline the need for robust adaptive algorithms, context-aware 

learning, and advanced preprocessing pipelines. Furthermore, 

most AI pipelines remain susceptible to overfitting on curated 

datasets, lacking resilience in heterogeneous or multimodal 

environments. Developing continual learning frameworks and 

domain adaptation strategies is essential for generalization 

beyond the training data. 

5.3 Regulatory Compliance and Clinical Validation  

Although technical feasibility has been shown, most of the 

research on AI-wearables is still proof-of-concept, and few have 

been performed in real-world or longitudinal clinical 

environments. The regulatory routes for dynamic, learning-based 

systems are ill-defined. In addition, generalization over 

populations, care settings, and stages of disease is seldom 

investigated. Regulatory approval is still a major hurdle for large-

scale proliferation, necessitating adherence to FDA SaMD, EU 

MDR, IEC 62304, ISO 13485, ISO 14971 standards and the 

nascent EU AI Act requirements. To overcome this translational 

hurdle, a multidimensional evaluation framework (see Fig. 4) is 

proposed in this work encompassing clinical, technical, and 

social aspects on the basis of standardized metrics including 

accuracy, latency, robustness, fairness, and explainability [1],[2]. 

Fig. 4 presents a layered Venn diagram depicting five 

intersecting domains critical to the translational success of AI-

enabled wearables:  

i. Clinical Validation: Trials are short-term and lack 

population diversity. Longitudinal, real-world 

validation is essential. 

ii. Algorithm Development: Models face drift, overfitting, 

and limited interpretability. Ambulatory robustness is 

lacking. 

iii. Signal Quality: Noise and artifacts undermine 

accuracy. Advanced denoising pipelines are 

underexplored. 

iv. Usability: Wearability and workflow integration limit 

sustained use. Human-centric design remains 

underdeveloped. 

v. Data Diversity: Biased datasets impair equity. Inclusive 

sampling across demographics and disease states is 

vital. 

This integrated perspective emphasizes that meaningful 

clinical impact arises not solely from algorithmic sophistication 

but from the convergence of interoperable, user-centric, and 

evidence-driven systems designed to function reliably under the 

complexities of real-world healthcare environments. 

 

Fig. 4 Cross-Domain Challenges in AI-Powered Wearable 

Health Monitoring 

6 Ethical, Social, and Demographic Considerations 

The integration of AI and biosensing into wearable health 

monitoring introduces not only powerful diagnostic 

opportunities but also profound ethical, social, and privacy 

challenges. As these systems continuously collect high-

resolution physiological data, they inherently raise concerns 

about data breaches, surveillance, algorithmic harm, and patient 

trust [45]. Addressing these challenges demands not only 

technical innovation but also ethically grounded, human-centric 

design principles that ensure transparency, accountability, and 

inclusivity across populations and clinical contexts. 

6.1 Algorithmic Fairness and Bias Mitigation 

AI-wearables are often trained on homogenous datasets that 

fail to represent real-world diversity, resulting in biased 

diagnostic outcomes and reinforcing systemic health 

inequities.[1],[19] emphasized persistent disparities in model 

performance across age, sex, and ethnicity. Despite this, fairness-

aware training and demographic balancing remain largely absent 

in deployed systems. Clinical studies by [7][24] demonstrate 

strong performance but are limited by small, non-representative 

cohorts, thereby constraining their external validity. A summary 

of the evolution of recent AI-enabled wearable health monitoring 

studies from 2020 to 2025 is shown in Table 2. 

Table 2 presents a summary of the wearable biosensor 

market with example AI-based health monitoring research, 

including sensing modality, clinical use case, ML method, 

dataset, performance metric, and implementation method. 

Results show the direction towards a new era of the edge 

intelligence, federated learning, multimodal sensing, and 

resource-aware AI for the real-time monitoring. Challenges such 

as demographic bias, small data sets, signal artifacts, 

communication overhead, and model drift still needs to be 

addressed, and for which strong validation, algorithmic auditing, 

and scalable, equitable clinical implementation are required.   
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Table 2 Integrated Wearable Biosensor Ecosystem and Representative AI-Powered Health Monitoring Studies 

Sensor Type Physiologic

al 

Parameter 

Clinical 

Application 

Representati

ve Study 

AI Model Target 

Task 

Dataset Performan

ce 

Deployme

nt 

Key Limitation 

ECG Cardiac 

activity 

Arrhythmia 

and cardiac 

anomaly 

detection 

[7] CNN Cardiac 

anomaly 

detection 

Private 

clinical 

dataset 

93.5% 

Accuracy 

On-device Demographic 

underrepresentat

ion 

ECG Cardiac 

activity 

Diabetes 

screening 
[36] Energy-

aware 

CNN 

Diabetes 

detection 

PTB-XL 90.7% 

Accuracy 

On-device Motion artifacts 

and limited 

generalizability 

ECG Cardiac 

activity 

Home 

cardiac 

monitoring 

[21] Edge 

Inference 

CNN 

ECG 

anomaly 

detection 

Real-time 

pilot 

dataset 

91.3% 

Accuracy 

Edge AI Hardware 

constraints and 

processing 

overhead 

ECG Cardiac 

activity 

Type 1 

diabetes 

detection 

[9] Ensemble 

Deep 

Learning 

Diabetes 

detection 

MIT-BIH 

+ 

Synthetic 

91.6% 

Accuracy 

Cloud–

Edge 

Hybrid 

Small cohort and 

prototype 

maturity 

PPG Heart rate Cardiovascul

ar 

monitoring 

[8] Quantized 

Multitask 

Neural 

Network 

Heart rate 

estimation 

In-house 

PPG 

dataset 

MAE: 3.2 

bpm 

Edge 

MCU 

Calibration 

requirement and 

quantization 

trade-off 

PPG Heart rate Sleep 

disorder 

monitoring 

[31] Multi-task 

CNN 

Sleep 

apnea 

detection 

Sleep-

EDF 

AUC: 0.88 On-device Motion noise in 

free-living 

environments 

ECG + 

Acceleromet

er 

Cardiac 

activity and 

motion 

Stress and 

mental health 

assessment 

[32] AutoML Stress 

detection 

WESAD 89.4% 

Accuracy 

Embedded 

On-device 

Temporal model 

drift 

Multimodal 

Sensors 

Multiple 

physiologic

al signals 

Comprehensi

ve health 

status 

monitoring 

[16] Federated 

Learning 

Health 

status 

classificati

on 

Simulated 

cross-

device 

data 

88.2% 

Accuracy 

Edge + 

Federated 

Communication 

latency and data 

heterogeneity 

SpO₂ Oxygen 

saturation 

Respiratory 

monitoring 

Emerging 

studies 

Edge AI / 

Deep 

Learning 

Hypoxemi

a detection 

Clinical 

respirator

y datasets 

Emerging Edge-

enabled 

Sensor reliability 

and 

environmental 

noise 

EDA/GSR Electroder

mal activity 

Mental 

health 

assessment 

Emerging 

studies 

ML / 

Deep 

Learning 

Stress and 

emotion 

recognition 

Wearable 

stress 

datasets 

Emerging On-device Inter-subject 

variability 

EMG Muscle 

activity 

Rehabilitatio

n and 

prosthetic 

control 

Emerging 

studies 

Deep 

Learning 

Motion 

intent 

recognition 

EMG 

benchmar

k datasets 

Emerging Edge-

enabled 

Signal quality 

variability 

EEG Brain 

activity 

Cognitive 

and 

neurological 

monitoring 

Emerging 

studies 

CNN / 

Transform

er Models 

Cognitive 

state 

classificati

on 

EEG 

datasets 

Emerging Edge–

Cloud 

Hybrid 

High 

computational 

demand 

Respiration 

Sensor 

Breathing 

frequency 

Pulmonary 

health 

monitoring 

Emerging 

studies 

AI-based 

Analytics 

Respirator

y pattern 

analysis 

Respirato

ry 

datasets 

Emerging Edge-

enabled 

Sensor 

placement 

sensitivity 

Sleep 

Sensor 

Sleep 

quality 

metrics 

Sleep 

disorder 

assessment 

Emerging 

studies 

Deep 

Learning 

Sleep stage 

classificati

on 

Sleep 

monitorin

g datasets 

Emerging On-device Long-term 

usability 

challenges 

6.2 Inclusive in Design and Demographic Coverage 

Inclusivity or representation is not only a matter of dataset 

composition but also of usability, accessibility, and cultural 

relevance of the wearable technology. Most systems are still 

narrow in scope, targeting at the wealthy with digital security 

troves. As noted in [44], barriers to usability including 

discomfort associated with devices, stigmatization, and 

workflow discordance are known to impede real-world uptake 

particularly in marginalized or elderly populations. In addition, 

patient autonomy and agency are often marginalized. 

Traditional static consent approaches are ill-suited to the 

dynamics of real-time monitoring, and few platforms support re-

negotiation of consent for the use of data as clinical conditions 

change [46]. Novel, contextual consent models that enable 

patients to have control over their data and participation are 

crucial to maintaining informed autonomy and fostering 

sustained engagement with AI-wearables. In response, [48] 

advance AI–human collaborative models of explainability, 

patient agency, and clinician supervision. These paradigms are 

imperative for ethically sound AI applications in high-stakes 

medical domains to ensure that these tools enhance professional 

judgment. 

6.3 User Consent, Trust, and Governance 

Sociotechnical trust reinforces the success of wearable 

health systems. Yet, mechanisms for transparency, data 

sovereignty, and governance remain underdeveloped. Emerging 

cryptographic techniques offer promising, albeit nascent, 

solutions. proposed Using Physical Unclonable Functions 

(PUFs) for hardware-level identity assurance, reducing 

impersonation risks. suggested on-sensor computing to localize 
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inference and minimize transmission, thereby enhancing 

contextual privacy. 

Privacy-preserving federated learning and encrypted 

gradient sharing [48] represent additional steps toward secure, 

distributed AI. However, these approaches are not without trade-

offs: computational overhead, limited modularity, and energy 

inefficiency pose practical barriers to real-world scalability, 

particularly in ultra-low-power embedded systems. 

Furthermore, the absence of dynamic auditability in many 

current AI pipelines hampers trust. Diagnostic decisions are 

often made without traceable inference logs, eroding clinical 

accountability. Regulatory alignment with standards such as the 

Health Insurance Portability and Accountability Act (HIPAA), 

the General Data Protection Regulation (GDPR), and IEC 

60601-1 remains limited. Few studies explicitly address 

certification or human-in-the-loop pathways, despite their 

importance for clinical integration and oversight [21],[44]. 

To ensure ethical resilience, future AI-wearables must 

integrate real-time explainability, equity-aware privacy budgets, 

and override mechanisms that prioritize clinician intervention in 

ambiguous scenarios. Sociotechnical threat modeling should be 

embedded as a core component of system development, rather 

than relegated to an afterthought. As [47] largues, governance 

should be collaborative, engaging engineers, clinicians, 

regulators, and end-users in the inclusive design of trustworthy 

systems. 

7 Emerging Trends and Future Directions 

To address persistent engineering, algorithmic, and 

translational barriers in AI-powered wearable systems, several 

emerging paradigms are gaining increasing attention across both 

academic and industrial domains. This section synthesizes high-

impact trends and future directions, spanning multimodal sensor 

fusion, digital twins, explainable AI, edge–cloud collaboration, 

and federated personalization, that offer concrete pathways 

toward next-generation, clinically deployable solutions. 

7.1 Multimodal Sensor Fusion and Digital Twins 

Wearable diagnostics are evolving beyond unimodal 

sensing toward richer multimodal fusion, where diverse 

biosignals, such as ECG, accelerometry, galvanic skin response, 

and sweat biomarkers, are integrated for enhanced contextual 

awareness and diagnostic robustness [49] Many current systems 

employ naïve concatenation or primitive early fusion methods 

that fall short in modeling the intricate, dynamic relationships 

between heterogeneous physiological signals. Future work 

should leverage graph-based neural networks and hierarchical 

attention models to harmonize heterogeneous inputs, especially 

under noisy, free-living conditions. 

Concurrently, digital twins are highly personalized, 

dynamic virtual models of a person's physiological state, gaining 

momentum as a transformative paradigm in predictive and 

precision healthcare. When continuously fed by wearable 

streams, they hold promise for real-time simulation, early 

anomaly detection, and closed-loop feedback. However, their 

development remains nascent, hindered by the lack of 

synchronization protocols, adaptive feedback mechanisms, and 

standardized biomedical ontologies. Future research needs to 

address these barriers to enable clinically trustworthy, 

interoperable digital twin ecosystems. 

7.2 Edge–Cloud Collaboration and Fog Architectures 

Real-time inference at the point of sensing is essential for 

latency-sensitive applications such as cardiac event detection or 

fall prediction. TinyML, which enables ultra-low-power 

inference directly on microcontrollers, presents a viable solution 

for battery-constrained environments, especially in resource-

limited or rural settings [61] These architectures facilitate 

always-on monitoring while minimizing cloud dependency. 

Moving beyond standalone edge deployment, hybrid edge–

cloud paradigms and fog computing architectures present 

scalable, privacy-preserving solutions for intelligent workload 

distribution, enabling computationally intensive tasks such as 

model training and secure data combination to be delivered 

without compromising responsiveness or data control.  Still, 

integration with energy-aware AutoML [32] and FL remains 

limited. Promising directions include: 

i. PUF-based FL pipelines for zero-trust, decentralized 

learning. 

ii. Encrypted quantization methods to support regulatory 

compliance across jurisdictions. 

iii. On-device continual learning using meta-learning 

techniques such as Model-Agnostic Meta-Learning 

(MAML) or Elastic Weight Consolidation (EWC) to ensure 

robustness amid inter-individual variability and real-world 

data drift. 

7.3 Explainable AI and Human-in-the-Loop Systems 

Despite advances in model accuracy, XAI remains 

underutilized in wearable diagnostics. Techniques such as 

saliency maps, SHAP values, and attention heatmaps help 

demystify black-box decisions, foster clinician trust, and 

facilitate compliance with regulatory standards, including those 

set by the U.S. FDA and the European Medical Device 

Regulation (MDR). Integrating explainable AI (XAI) into real-

time clinical dashboards and alert systems is essential for 

enhancing interpretability and supporting human oversight in 

time-sensitive medical scenarios. The next frontier involves 

human-in-the-loop (HITL) learning systems that allow 

wearables to adapt dynamically based on clinician feedback or 

user interactions. This feedback loop not only personalizes 

diagnostics but also enhances accountability and continuous 

system improvement. 

Table 3 Strategic Research Directions for High-Impact AI 

Wearable Systems 

Focus Area Proposed Direction Expected Impact 

Model 

Innovation 

Deploy Edge 

Transformers, 

attention 

mechanisms, or SNNs 

Enhances robustness in 

non-stationary, low-

SNR environments 

Continual 

Learning 

Integrate on-device 

few-shot learning 

(e.g., MAML, EWC) 

Mitigates model drift 

and supports user-

specific 

personalization 

Data Security Adopt PUF-enabled 

FL and encrypted 

quantization pipelines 

Enables decentralized, 

zero-trust, privacy-

preserving inference 

Multimodal 

Fusion 

Leverage 

graph/hierarchical 

fusion of biosignals 

Improves contextual 

diagnosis in 

multimodal scenarios 

Clinical 

Integration 

Develop XAI 

dashboards and 

adaptive alert systems 

Supports clinical 

interpretability and 

regulatory compliance 

Benchmarking Standardize energy-

latency-performance 

evaluation protocols 

Promotes 

reproducibility and 

field-deployable AI 

development 

7.4 Research Contributions and Strategic Roadmap 

Drawing from the synthesis of literature and emerging 

trajectories, this section outlines six strategic research directions 

that offer high translational potential for next-generation 

wearable systems (Table 4). 
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Table 4 Timeline of Emerging Trends (2020–2025) in AI-

Powered Wearable Health Monitoring 

Year Emerging Trend Key Contributions / Advances 

2020 Federated 

Learning 

Foundations & 

Edge Initiatives 

[21] introduced FedHome, 

pioneering privacy-aware edge-cloud 

FL for in-home health monitoring. 

[26] proposed in-sensor computing 

for next-gen wearables. [38] explored 

blockchain-integrated FL to enhance 

trust in decentralized health AI 

networks. 

2021 Energy-Efficient 

AI Models for 

Biosignal 

Monitoring 

[8] developed Q-PPG, a quantized 

multi-task neural network for real-

time heart rate tracking. [5],[50] 

employed neuro-fuzzy modeling 

approaches to support diagnostics in 

neurological disorders and substance 

use conditions. [6] explored TinyML 

architectures for biosignals. 

2022 On-Device Deep 

Learning & 

Signal Noise 

Mitigation 

[11],[31] demonstrated arrhythmia 

and sleep apnea detection with 

lightweight CNNs on wearables. [30] 

integrated AI with triboelectric 

sensors, and [51],[54] discussed 

broader ML integration into wearable 

healthcare systems. 

2023 Multimodal 

Sensor Fusion and 

Stress Detection 

[13] introduced SELF CARE 

ensemble ML for stress detection 

using chest/wrist wearables. 

[52],[58],[59] emphasized the critical 

role of artificial intelligence in 

improving the precision and 

reliability of glucose level prediction. 

[14][22] underscored the clinical 

potential of edge AI in smart watches 

and continuous personal health 

monitoring systems. 

2024 Edge-AI for 

Cardiometabolic 

Diagnostics & 

Digital 

Biomarkers 

[42] validated Edge-CNNs for 

myocardial infarction and non-

invasive diabetes detection via ECG. 

[12] advanced real-time 

cardiorespiratory monitoring. 

[52][57]addressed AI readiness of 

cancer wearable data via 

preprocessing optimization. 

2025 Convergence of 

Digital Twins, 

AutoML, and 

Explainable AI 

(XAI) 

[44][55] highlighted the emerging 

role of AI-powered wearables in 

augmenting clinical decision support. 

[32] proposed embedded AutoML for 

real-time biosignal optimization. [28] 

explored secure noise-driven AI 

sensors. [27],[39],[60],[61],[62],[63] 

applied FL at the edge. 

 

Recent advancements in spiking neural networks (SNNs) 

and Transformer-based attention models offer scalable solutions 

for managing energy–accuracy trade-offs in dynamic, real-world 

environments. In parallel, continual learning paradigms like 

EWC and MAML offer viable pathways for personalization with 

minimal retraining overhead. From a systems security 

perspective, the integration of PUFs and encrypted FL pipelines 

establishes robust data sovereignty and trustless collaboration 

between edge nodes. 

Next-generation wearables must leverage advanced sensor 

fusion techniques, such as graph attention networks that integrate 

ECG, motion, audio, and sweat biomarkers to provide context-

aware insights with high diagnostic accuracy. To be clinically 

actionable, AI systems must prioritize XAI and real-time 

feedback, thereby aligning with regulatory imperatives and 

enhancing clinician trust. Standardized benchmarking of 

diagnostic latency, energy efficiency, and classification 

accuracy, using datasets such as TinyML and EdgeML, remains 

essential for accelerating the reliable deployment of AI-powered 

wearable systems. 

This trajectory illustrates the evolution from foundational 

edge-AI infrastructure (2020–2021) to adaptive, clinically 

aligned ecosystems (2023–2025). Early innovations focused on 

privacy-preserving learning, biosignal quantization, and energy-

efficient inference. By 2023, stress detection and multimodal 

sensor fusion enabled contextually richer diagnostics. Most 

recently, the field has shifted toward deployable AutoML–XAI 

pipelines, digital twin modeling, and longitudinal clinical 

integration, each serving as a cornerstone for real-world 

applicability, regulatory compliance, and equitable healthcare 

delivery. 

7.5 Systems-Level Synthesis and Perspective 

This review presents a full-stack, systems-oriented synthesis 

of AI-powered wearable health monitoring, unifying core 

innovations across four interdependent domains: 

i. Hardware-to-Cloud Pipelines: Encompassing biosensor 

modalities, embedded signal processing, and federated 

edge analytics. 

ii. On-Device Intelligence: Focusing on energy-efficient 

deep learning, continual learning, and secure adaptation 

under dynamic conditions. 

iii. Clinical Translation: Prioritizing real-time feedback, 

diagnostic utility, and decision-support tools across 

cardiology, endocrinology, and mental health. 

iv. Ethical and Regulatory Alignment: Addressing 

algorithmic fairness, explainability, consent, and 

equitable system deployment at scale. 

In contrast to previous reviews that concentrated on 

modelling of signals or classification performance, this work 

takes a transdisciplinary view combining aspects of biomedical 

engineering, embedded systems, ML, and digital health ethics. It 

elaborates on the demand for AI environments that are not only 

designed from a technical perspective, but are also clinically 

reliable, ethically sound, and can be made available globally. 

Such platforms will have to reconcile substrate constraints, 

interpretable decision-making, federated learning, and inclusive 

design to enable intelligent, equitable, and personalized digital 

health.  

7.6 Limitations of the study 

Despite this review providing a holistic overview of AI-

enabled wearables for live health monitoring, there are certain 

limitations to be considered. First, as this is an emerging, rapidly 

expanding interdisciplinary field, it may be that emerging work 

such as preprints, industry white papers, and proprietary 

solutions will not be captured in the selected academic databases 

and that novel but not peer-reviewed related work might get 

excluded. Second, the compliance with PRISMA-ScR reporting 

standards, the heterogeneity of included studies ranging from 

biosensor hardware design to privacy-preserving AI techniques 

development, may hinder the generation of standardized 

comparative results. Differences in study protocols, evaluation 

criteria, demographics and device types impede generalizability 

and complexity of higher-level analysis. Third, the review is 

largely representative of work in the academic and open-access 

research community. Commercially available AI-enabled 

wearable devices, like Apple Watch, Fit bit, Samsung BioActive 

sensors and more, frequently use proprietary algorithms and 

closed datasets, limiting the ability to independently validate and 

evaluate the potential clinical impact of these devices. Finally, 

the ethical, legal, and social implications (ELSI) of AI-powered 
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wearables are still underexplored, primarily due to the 

scarceness of longitudinal empirical research investigating user 

trust, process of informed consent, and fairness of algorithms in 

fielding. This underscores an urgent demand for new 

transdisciplinary models to effectively marry engineering 

advances with clinical validation, usability testing, and digital 

health ethics. 

8 Conclusion 

Wearables and other innovations in health technology have 

ultimately been transformed by artificial intelligence, which has 

made continuous, real-time monitoring, predictive analytics, and 

personalized health management possible. State-of-the-art on 

biosensors, embedded ML, edge computing, federated learning, 

etc. let wearable health monitoring systems more accurate, 

efficient, and accessible across applications, namely 

cardiovascular, neurological, metabolic, rehabilitation, etc. 

Signifi­cant challenges, however, persist in the face of such 

advances, e.g., data privacy concerns, algorithmic bias, 

interoperability constraints, cybersecurity threats, regulatory 

compliance, and energy constraints of wearable devices. It is 

important to do so in order to secure dependable and credible 

use in clinical practice. New paradigms, e.g., explainable 

artificial intelligence, multimodal sensing, digital twins, energy-

efficient edge intelligence, and privacy-preserving federated 

learning, are expected to be the major enabling technologies for 

novel wearable healthcare systems in the next generation. 

Future investigations should be directed at enhancing 

transparency, robustness, clinical validation, and healthcare 

system integration to optimally benefit patients and facilitate 

precision medicine. With the parallel advances in technology 

and responsible governance, wearable devices empowered by AI 

are likely to become a staple of future healthcare delivery. 
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