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Abstract 
The rising prevalence of cardiometabolic disorders necessitates proactive and real-
time monitoring solutions to enable early detection, risk stratification, and timely 
intervention. Wearable biosensors, when integrated with edge artificial intelligence 
(Edge AI), offer a transformative approach for continuous, unobtrusive health 
monitoring by enabling real-time signal processing, energy-efficient analytics, and 
privacy-preserving decision-making directly on the device. This review systematically 
explores the current landscape of wearable biosensor systems tailored for 
cardiometabolic risk monitoring, focusing on three critical components: hardware 
architecture, signal preprocessing techniques, and predictive modeling pipelines. We 
examine biosensing modalities such as ECG, PPG, and electrochemical analytes, and 
assess their integration into low-power hardware platforms for edge deployment. The 
paper further reviews denoising, normalization, and feature extraction techniques 
optimized for on-device signal quality enhancement, followed by an evaluation of 
machine learning and deep learning models suited for edge inference. Challenges such 
as power constraints, model compression, latency, and data variability are discussed 
alongside recent advancements in federated learning, neuromorphic computing, and 
personalized risk modeling. The paper concludes by identifying future research 
directions toward scalable, secure, and interpretable edge-AI-enabled biosensor 
platforms for precision cardiometabolic health management. 
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1. Introduction 

1.1. Background on Cardiometabolic Disease Burden 

Cardiometabolic diseases (CMDs) remain a leading cause of death globally, contributing to significant healthcare costs and 

patient morbidity. CMDs, including hypertension, diabetes, and atherosclerosis, often result from sedentary lifestyles, poor 

nutrition, and genetic predispositions. Their progression is frequently asymptomatic in the early stages, which underscores the 

importance of proactive monitoring. According to Ayanponle et al. (2024), CMDs are disproportionately prevalent in low-

resource communities, where diagnostic infrastructure is lacking and routine screening is infrequent. The consequence is late-

stage diagnosis and higher mortality rates. 
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The growing CMD burden has led researchers to explore 

wearable biosensing platforms for early detection and 

management. Ijiga et al. (2024) noted that the 

decentralization of health diagnostics through AI-powered 

wearables can lower costs and increase accessibility. Studies 

by Ajiga et al. (2022) and Ezeafulukwe et al. (2022) further 

assert that wearable biosensors can reduce diagnostic delays 

by up to 40% when deployed in rural areas. As digital health 

gains traction, CMDs represent a target condition that can 

benefit from real-time biosignal analytics and continuous 

surveillance. 

 

1.2. Role of Continuous Monitoring and Early Detection 

Continuous monitoring represents a paradigm shift in 

healthcare, moving from episodic to real-time assessment of 

vital parameters. Wearable biosensors have enabled constant 

tracking of indicators like blood pressure, ECG, heart rate 

variability, and blood glucose. These measurements, when 

collected and interpreted in real time, allow for earlier 

intervention and mitigation of severe health events. Ijiga et 

al. (2024) demonstrated that integrating biosensors with AI 

significantly reduced emergency hospitalization rates in 

cardiometabolic patients. 

Edge computing enhances this capability by enabling on-

device signal interpretation without the need for internet 

connectivity. According to Ayanponle et al. (2024), wearable 

biosensors with edge capabilities have demonstrated low-

latency response times in clinical simulations. Other studies 

(e.g., Ihimoyan et al., 2024; Idoko et al., 2024) highlight the 

impact of continuous monitoring in enabling risk 

stratification models based on long-term biosignal trends. 

Ajiga et al. (2022) argue that preventive alerts generated from 

biosensor data reduce the burden on emergency care systems 

and promote home-based care models. 

Ultimately, real-time tracking aligns with the goals of 

preventive cardiology and population health management. As 

CMDs are largely modifiable through lifestyle and early 

pharmacological interventions, their trajectory can be altered 

if detected promptly. Thus, wearable biosensing technologies 

represent a critical tool in modern cardiometabolic health 

frameworks. 

 

1.3. Benefits of Integrating Wearable Biosensors with 

Edge AI 

Edge AI integration into biosensor systems empowers 

intelligent, localized decision-making. Traditional systems 

rely heavily on cloud-based analytics, which introduces 

latency, raises privacy concerns, and increases bandwidth 

requirements. Edge AI circumvents these constraints by 

enabling real-time signal processing directly on the device. 

According to Ijiga et al. (2024), this decentralization of 

inference allows wearable devices to deliver clinical alerts 

within milliseconds, a feature critical for high-risk patients. 

The energy efficiency and portability of edge-enabled 

wearables further enhance their utility in ambulatory settings. 

Ayanponle et al. (2024) reported that microcontroller-based 

AI engines consumed 45% less power than standard mobile 

inference platforms, significantly improving device 

longevity. Moreover, signal preprocessing modules such as 

adaptive filtering and dimensionality reduction now operate 

at the edge, enabling dynamic learning without 

compromising memory constraints (Adeyemo et al., 2023). 

This shift supports user privacy, particularly in remote and 

vulnerable populations, where data offloading can pose 

cybersecurity threats. Bristol-Alagbariya et al. (2023) 

emphasize that embedded edge analytics uphold data 

sovereignty and comply with emerging health data 

regulations. The convergence of biosensors and edge AI is 

therefore not only technologically advantageous but also 

ethically aligned with patient-centered care. 

 

1.4. Scope and Objectives of the Review 

This review explores the interdisciplinary advances in 

wearable biosensors integrated with edge AI for continuous 

monitoring of cardiometabolic risk. The discussion spans 

hardware design, edge computing architecture, signal 

preprocessing strategies, and predictive modeling 

frameworks. Special attention is given to works by 

Ayanponle and Ijiga, which lead in applying edge-enabled 

biosensors in resource-constrained healthcare environments. 

We assess electrochemical sensors, optical sensors, and 

electrocardiographic modules that support real-time 

physiological data acquisition. Preprocessing techniques 

such as wavelet transform, Kalman filtering, and detrending 

are evaluated for their edge adaptability. Furthermore, we 

examine machine learning algorithms such as random forests, 

support vector machines (SVM), and convolutional neural 

networks (CNN) tailored for constrained memory 

environments. 

The objectives are threefold: (1) map the state of wearable 

biosensor integration with edge intelligence, (2) highlight 

innovations enabling accurate and efficient cardiometabolic 

risk detection, and (3) identify gaps in current literature for 

future investigation. This review consolidates findings from 

over 30 peer-reviewed studies to guide researchers, 

developers, and public health agencies in advancing 

cardiometabolic surveillance technologies. 

 

1.5. Structure of the Paper 

This paper is organized into five sections. Section 1 

introduces cardiometabolic diseases and presents the 

relevance of wearable edge-based biosensor systems. Section 

2 discusses the architecture and performance requirements of 

biosensing hardware optimized for edge AI deployment. 

Section 3 evaluates signal preprocessing pipelines that ensure 

data quality and readiness for edge-based analytics. Section 4 

analyzes machine learning and deep learning models used in 

predictive diagnosis of CMDs. Section 5 concludes the paper, 

offering reflections and future directions for scalable, secure, 

and real-time health monitoring systems. 

 

2. Wearable Biosensor Hardware Architecture 

2.1. Types of Biosensors for Cardiometabolic Monitoring 

Wearable biosensors play a crucial role in the detection and 

monitoring of cardiometabolic health markers such as heart 

rate, blood glucose, blood pressure, and oxygen saturation. 

Electrocardiogram (ECG) and photoplethysmography (PPG) 

sensors are among the most common for cardiovascular 

tracking. Electrochemical biosensors used for sweat glucose 

and lactate measurement have also gained traction due to 

their non-invasive applications in diabetes monitoring. In 

recent years, researchers have begun integrating multiple 

sensor modalities to improve diagnostic accuracy through 

sensor fusion techniques. 

The miniaturization of biosensors has enabled seamless 

integration into smartwatches, adhesive patches, and textile-

based systems. Flexible substrates such as polyimide and 

silicone improve conformability with the skin, while 

http://www.multiperspectivesjournal.com/
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advances in nanomaterial-based electrodes have enhanced 

sensor sensitivity and stability. Furthermore, multi-sensor 

platforms are being designed to accommodate simultaneous 

ECG, PPG, and galvanic skin response (GSR) measurements 

within a single form factor. Researchers like Gbenle et al. 

(2024) and Daraojimba et al. (2023) have evaluated the 

performance of multimodal sensors in dynamic settings to 

assess real-time cardiac health without compromising 

mobility or comfort. 

The heterogeneity in sensing targets and modalities requires 

standardized communication interfaces and robust data 

acquisition circuits to ensure interoperability. Technologies 

like Bluetooth Low Energy (BLE) and Zigbee have been 

widely adopted for efficient short-range communication with 

edge devices. To address noise and signal interference, on-

chip filtering and signal conditioning circuits are employed 

prior to digitization. As wearable biosensors continue to 

evolve, their role in cardiometabolic risk detection is poised 

to grow, particularly when paired with Edge AI architectures 

for on-device analytics and decision-making. 

 

2.2. Wearable Form Factors and Integration Constraints 

Designing wearable biosensors for continuous 

cardiometabolic monitoring presents several integration 

challenges. The form factor must accommodate both sensor 

functionality and user comfort. Devices like smart bands, 

epidermal patches, and textile-integrated sensors must 

conform to the body without causing skin irritation or 

motion-induced artifacts. Key to achieving this is the use of 

flexible, biocompatible materials such as PDMS, TPU, and 

conductive fabrics. 

Form factor considerations also extend to ergonomics and 

usability. For example, devices deployed in rural or aging 

populations must be lightweight, durable, and intuitive. 

Azonuche and Enyejo (2024) explored smart bands designed 

for low-literacy users in telemedicine initiatives, 

emphasizing icon-based displays and haptic feedback for 

alerting irregular vitals. Another study by Akinsooto et al. 

(2024) on hydrogen-integrated power modules highlighted 

the balance required between compactness and energy 

density for long-term deployment. 

Furthermore, thermal regulation is critical in wearable 

biosensor design. Devices that generate excess heat may alter 

skin impedance or cause discomfort, affecting signal fidelity. 

Researchers like Ojo et al. (2023) investigated the impact of 

micro-heating circuits in ECG patches and proposed adaptive 

duty cycling for thermal balance. Additionally, 

waterproofing and breathability are important for long-term 

adherence, especially in humid environments. Stretchable 

encapsulation materials and breathable membranes are being 

integrated to enhance comfort and data stability. 

To ensure clinical reliability, design constraints must be 

addressed through multidisciplinary collaboration between 

materials science, electrical engineering, and biomedical 

domains. Wearable form factor innovation will remain 

central to the mainstream adoption of biosensors for 

cardiometabolic health, especially in real-world ambulatory 

and at-home care scenarios. 

 

2.3. Energy-Efficient Microcontrollers and Edge 

Processing Chips 

At the heart of wearable biosensor platforms lies the 

microcontroller unit (MCU) or system-on-chip (SoC) that 

facilitates data acquisition, preprocessing, and Edge AI 

inference. Power consumption is a central constraint, as most 

wearable devices operate on limited battery capacity. To 

mitigate this, energy-efficient MCUs such as ARM Cortex-

M4, RISC-V, and ESP32 are used. These platforms support 

integrated analog front ends (AFEs) and digital signal 

processors (DSPs) optimized for biomedical applications. 

Collins et al. (2022) demonstrated how integrating low-

power AI accelerators with BLE modules allowed for 32% 

energy savings in continuous ECG monitoring setups. 

Meanwhile, Adepoju et al. (2022) showed that workload 

distribution between DSPs and AI cores can reduce 

processing time by 40% in anomaly detection tasks. 

Advanced SoCs now integrate neural network engines such 

as Google’s Edge TPU and ARM Ethos-U55, which are 

capable of running quantized AI models on-device without 

the need for cloud connectivity. 

Memory optimization techniques like flash compression, 

RAM caching, and non-volatile memory swapping have 

further extended runtime in always-on systems. Researchers 

like Akerele et al. (2024) explored dynamic voltage scaling 

and clock gating strategies that allow microcontrollers to 

enter ultra-low-power sleep modes without interrupting 

signal acquisition. These advances collectively make real-

time edge analytics viable for biosensor-based 

cardiometabolic risk monitoring. 

The growing sophistication of hardware platforms is enabling 

smarter biosensor integration by reducing power demands 

while enhancing computing capabilities. This convergence 

ensures that continuous health surveillance becomes 

sustainable, even in constrained environments where battery 

replacement or device charging is infrequent. 

 

2.4. Power Management and Wireless Communication 

Power management strategies are crucial for the longevity of 

wearable biosensor systems. Since these devices are expected 

to operate continuously, power optimization through 

hardware and software-level strategies becomes imperative. 

Passive energy harvesting mechanisms, such as 

thermoelectric generators and piezoelectric elements, are 

being integrated to supplement battery life. Additionally, 

low-dropout regulators (LDOs), buck-boost converters, and 

ultra-low-power sleep modes are implemented to enhance 

power efficiency. 

Wireless communication remains one of the most power-

consuming functions in wearable systems. BLE, Zigbee, and 

LoRaWAN are among the leading protocols employed to 

transmit biosignal data to edge gateways or mobile apps. 

Ehiaguina et al. (2023) evaluated the trade-offs in latency and 

throughput between BLE and LoRaWAN for rural 

deployments, concluding that LoRaWAN offers better 

scalability for intermittent data syncing. Okeke et al. (2024) 

also highlighted the use of wake-up radio systems that 

activate only during anomaly detection events to minimize 

idle power use. 

Efficient data compression algorithms like Huffman 

encoding and delta encoding are applied before wireless 

transmission to reduce bandwidth demands. Power-aware 

communication stacks now incorporate data prioritization to 

reduce unnecessary syncing. This is essential in biosensor 

systems where minor variations can be filtered locally while 

significant deviations trigger full data uploads. 

Advancements in power management not only extend device 

lifespan but also reduce user burden in terms of maintenance 

and charging frequency. These improvements are enabling 
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the realization of truly autonomous, long-term wearable 

biosensors for global cardiometabolic health deployment. 

 

2.5. Challenges in Multimodal Sensor Fusion and 

Miniaturization 

Multimodal biosensor systems are designed to collect diverse 

physiological signals simultaneously, enhancing diagnostic 

robustness. However, fusing data streams from ECG, PPG, 

temperature, and electrochemical sensors introduces 

challenges related to synchronization, signal interference, 

and form factor constraints. Imoh and Idoko (2022) noted that 

signal alignment across asynchronous channels often results 

in timestamp mismatches, requiring advanced calibration 

algorithms. 

Miniaturization further compounds the problem, as 

integrating multiple sensors into compact hardware 

introduces crosstalk and electromagnetic interference. 

Researchers such as Hassan et al. (2021) proposed shielding 

strategies and frequency domain isolation to address these 

issues in wearable sensor arrays. Meanwhile, Adepoju et al. 

(2022) emphasized the use of custom ASICs for sensor 

integration, reducing the need for bulky microcontroller-

based interfacing boards. 

Additionally, sensor drift and calibration pose long-term 

reliability concerns. Continuous recalibration algorithms, 

auto-zeroing circuits, and redundancy mechanisms are being 

explored to maintain signal integrity. Azonuche and Enyejo 

(2024) argued that deep learning-based signal fusion models 

can enhance robustness by learning complex 

interdependencies between sensor modalities. 

In terms of mechanical design, the demand for smaller, 

flexible devices often conflicts with the need for reliable 

electrical interconnects. Stretchable conductors, such as 

liquid metal traces and conductive elastomers, are being used 

to solve this problem. However, their integration requires 

innovative packaging solutions and environmental sealing to 

prevent degradation during use. 

Overall, multimodal fusion and miniaturization in wearable 

biosensor systems necessitate cross-disciplinary efforts 

combining hardware engineering, materials science, and 

algorithm design. Addressing these challenges is crucial for 

deploying high-accuracy, low-profile cardiometabolic 

monitoring tools at scale. 

 

3. Signal Preprocessing for On-Device Biosensing 

3.1. Noise Reduction and Signal Denoising in Wearable 

Biosensors 

Accurate biosignal processing for cardiometabolic 

monitoring heavily depends on efficient noise reduction and 

denoising methods (Ayanponle et al., 2024). Signal 

acquisition from wearable biosensors is susceptible to various 

artifacts such as motion noise, baseline wander, power line 

interference, and electrode movement (Ijiga et al., 2024). 

These contaminants compromise signal fidelity, leading to 

false interpretations if left unfiltered (Adepoju et al., 2022). 

Preprocessing techniques like bandpass filtering, empirical 

mode decomposition (EMD), and wavelet transforms have 

been deployed to eliminate high-frequency and baseline noise 

components while preserving physiological signal 

characteristics (Collins et al., 2022). 

Adaptive filtering methods have also been implemented in 

real-time ECG and PPG applications where reference noise 

signals are available (Abayomi et al., 2021). Hybrid noise 

removal pipelines using cascaded FIR and IIR filters enable 

low-latency performance on wearable platforms (Ogbuefi et 

al., 2021). Machine learning-based denoising autoencoders 

are emerging as an alternative for artifact suppression in 

noisy ambulatory settings (Adekunle et al., 2023). Noise-

canceling circuits embedded on custom analog front-ends 

(AFEs) improve pre-digitization signal quality, reducing 

burden on digital post-processing units (Gbenle et al., 2024). 

Deep learning frameworks now incorporate denoising within 

end-to-end AI pipelines (Daraojimba et al., 2024). 

Convolutional neural networks (CNNs) trained on raw and 

noisy signals can learn to discriminate noise from vital 

features (Kisina et al., 2024). AI-informed denoising is 

particularly relevant in wearable systems designed for 

autonomous cardiometabolic risk detection in uncontrolled 

environments like home care and field monitoring (Ogunsola 

et al., 2022). 

 

3.2. Feature Extraction Techniques for Cardiometabolic 

Event Prediction 

Feature extraction bridges raw biosignal input and actionable 

cardiometabolic insights (Bristol-Alagbariya et al., 2024). 

ECG and PPG monitoring extract features like RR intervals, 

QRS widths, and heart rate variability (HRV), while 

frequency domain features derived through FFT and wavelet 

transform inform autonomic nervous system status (Adeyelu 

et al., 2021). Emerging edge AI applications compute 

features in real time using embedded DSPs and 

microcontroller firmware (Owoade et al., 2021). 

Algorithms such as sample entropy and fractal dimension 

quantify signal complexity for lightweight classification 

(Mgbame et al., 2020). Multi-modal feature fusion, 

combining ECG, SpO2, and accelerometer data, improves 

model generalization (Akpe et al., 2020). Kernel-based 

methods and attention mechanisms enable robust 

representation of temporal signal dynamics (Abisoye & 

Akerele, 2022). AI models like LSTMs rely on engineered 

features from sliding windows and sequential batching for 

predictive performance (Ilori et al., 2024). 

Personalized event prediction benefits from patient-specific 

baseline modeling (Idoko et al., 2024). Contextual features, 

such as motion or posture from IMUs, assist in mitigating 

false positives (Owulade et al., 2024). This approach 

enhances wearable biosensor effectiveness in real-time, 

especially under ambulatory conditions (Ezeafulukwe et al., 

2022). Continuous development in low-overhead feature 

pipelines is key to integrating biosensor analytics into Edge 

AI platforms (Adepoju et al. 2022). 

 

3.3. Normalization and Data Balancing for Biosignal 

Integrity 

Amplitude variability due to skin-electrode impedance and 

environmental conditions makes normalization vital for 

robust AI performance (Imoh & Idoko, 2023). Z-score and 

min-max normalization are used to harmonize amplitude 

variations across users and sessions (Bristol-Alagbariya et 

al., 2022). These techniques improve generalization and 

interoperability of wearable devices (Ogunsola et al., 2021). 

Data imbalance in biosignal datasets skews learning towards 

non-critical events (Gidiagba et al., 2024). Oversampling 

techniques like SMOTE and ADASYN improve minority 

class representation (Okeke et al., 2024). Signal 

augmentation through jittering, time warping, and window 

slicing enhances data diversity (Ilori et al., 2024). 

Normalization integrated into neural networks (e.g., batch 
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norm) stabilizes training and accelerates convergence 

(Adepoju et al., 2022). 

Personalized normalization scales features based on user-

specific thresholds (Ezeafulukwe et al., 2022). Wearable 

systems implement such algorithms directly in firmware or 

hardware-accelerated logic (Abayomi et al., 2021). These 

approaches maintain biosignal integrity while enhancing AI 

model adaptability to individual physiology (Chukwurah et 

al., 2024). 

 

3.4. Real-Time On-Device Processing Constraints 

Wearable biosensor systems operate within stringent 

constraints—limited memory, processing power, and battery 

life (Adanigbo et al., 2024). Signal preprocessing and 

inference must be lightweight and latency-aware (Ogeawuchi 

et al., 2021). Algorithms like Savitzky-Golay and 

Butterworth filters are ported to fixed-point versions for 

microcontroller compatibility (Abdul-Azeez et al., 2024). 

Toolkits like CMSIS-DSP and TensorFlow Lite optimize 

digital signal pipelines for embedded processors (Uchendu et 

al., 2024). These libraries support signal processing within 

<10 ms latency budgets for ECG and PPG signals (Idoko et 

al., 2024). Real-time systems utilize DMA buffers and event-

driven handlers to stream biosignals continuously (Ogunsola 

et al., 2021). 

Edge systems manage processing effort adaptively using 

dynamic sampling and wake-sleep modes (Ayanponle et al., 

2024). Circular buffers and watchdog timers ensure system 

stability during transient signal loss (Ijiga et al., 2024). 

Integration of preprocessing into SoC architectures ensures 

real-time decision-making in power-constrained, field-

deployed wearable biosensor systems. 

 

3.5. Edge-Optimized Preprocessing Algorithms and Their 

Trade-Offs 

Edge-optimized preprocessing algorithms are designed to 

operate within the constraints of wearable devices, which 

have limited power, memory, and computational capabilities 

(Ijiga et al., 2024). These algorithms must achieve a balance 

between accuracy, latency, and resource consumption. 

Popular choices include fixed-point implementations of 

digital filters like Butterworth and Chebyshev, which are 

computationally lightweight but may trade off filtering 

precision (Abayomi et al., 2021). Signal processing tasks 

such as downsampling, windowing, and threshold-based 

peak detection are implemented with minimal CPU overhead 

to ensure long-term usability in battery-powered devices 

(Adepoju et al., 2022). 

Additionally, custom pipeline architectures in embedded 

systems often integrate discrete preprocessing blocks for 

denoising, baseline correction, and normalization. These 

blocks can operate in parallel using direct memory access 

(DMA), allowing uninterrupted data streaming (Ogunsola et 

al., 2021). However, this approach may limit algorithmic 

complexity and adaptability to diverse biosignal patterns. To 

address this, some wearable platforms integrate 

programmable digital signal processors (DSPs) or 

lightweight AI accelerators to support hybrid pipelines 

combining rule-based preprocessing with adaptive models 

(Ayanponle et al., 2024). 

Trade-offs also arise in precision versus processing speed. 

For instance, wavelet-based denoising offers high accuracy 

but may exceed latency budgets in real-time systems 

(Uchendu et al., 2024). Conversely, moving average filters 

provide fast performance but underperform in artifact-prone 

environments (Ilori et al., 2024). Moreover, edge-optimized 

feature extraction techniques such as real-time entropy and 

HRV metrics must balance temporal resolution with memory 

utilization (Adeyelu et al., 2021). 

Overall, selecting preprocessing algorithms for edge 

deployment involves carefully balancing energy use, 

memory footprint, signal quality, and clinical relevance. 

Continuous innovation in embedded system design, 

hardware-aware machine learning, and co-optimized 

software stacks remains essential to advance real-time 

biosensor analytics for cardiometabolic health monitoring. 

 

4. Predictive Modeling Pipelines and AI Techniques 

4.1. Classical Machine Learning vs. Deep Learning 

Models 

Predictive modeling for cardiometabolic risk involves 

extracting insights from physiological signals such as ECG, 

PPG, and glucose levels. Classical machine learning 

models—like logistic regression, decision trees, and support 

vector machines (SVM)—are traditionally favored for their 

interpretability and computational efficiency. These models 

rely heavily on engineered features derived from biosignal 

preprocessing. For instance, SVMs have been used to classify 

heart rate variability (HRV) segments into high-risk or 

normal profiles based on statistical metrics (Ijiga et al., 

2024). 

In contrast, deep learning models such as convolutional 

neural networks (CNNs) and recurrent neural networks 

(RNNs) automatically learn hierarchical representations from 

raw biosignals, reducing dependency on manual feature 

extraction. CNNs are particularly effective in detecting 

temporal and spatial patterns in ECG and PPG data, enabling 

high-accuracy arrhythmia detection. Ayanponle et al. (2024) 

demonstrated a lightweight CNN that achieved over 94% 

accuracy in real-time hypertension prediction on embedded 

devices. Deep models, while powerful, require careful 

architecture tuning and suffer from higher latency and power 

consumption compared to classical methods. 

A hybrid approach has emerged wherein classical models 

serve as quick screening tools, while deep learning systems 

provide confirmatory diagnostics. This layered decision-

making enhances accuracy while preserving energy 

efficiency in wearable environments. Trade-offs between 

performance, complexity, and explainability must be 

considered in selecting a modeling strategy suited for edge 

deployment. 

 

4.2. On-Device Model Training and Personalization 

Edge AI enables training and inference directly on wearable 

devices, supporting personalization without centralized data 

transmission. Personalized models account for inter-

individual variability in cardiometabolic signals, such as 

circadian influences or baseline HRV differences. Transfer 

learning—where pretrained models are fine-tuned on 

individual data—has shown promise in improving predictive 

reliability while conserving computational resources 

(Ogundipe et al., 2024). 

Ijiga et al. (2024) explored adaptive learning systems 

embedded within microcontrollers that retrain classification 

thresholds in response to real-time feedback. These models 

employ incremental learning, updating decision boundaries 

without full retraining. Ayanponle et al. (2024) further 

demonstrated personalized glucose prediction using LSTM 
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architectures fine-tuned with user-specific biometric 

baselines. Embedded AI libraries like TensorFlow Lite and 

Edge Impulse support lightweight personalization through 

quantization-aware training and parameter pruning. 

The main challenge remains ensuring generalizability 

without data leakage or overfitting, especially in low-sample-

size scenarios. Real-time personalization also demands 

memory and power optimization, typically addressed through 

dropout regularization, batch normalization, and edge-

specific learning rate schedulers. Personalized modeling will 

play a pivotal role in individualized cardiometabolic 

management through intelligent wearables. 

 

4.3. Model Compression, Quantization, and Pruning 

Strategies 

To enable deployment of predictive models on resource-

constrained wearables, techniques such as model 

compression, quantization, and pruning are essential. These 

methods reduce memory footprint and computational 

complexity while preserving model accuracy. Model pruning 

eliminates redundant weights from trained networks, 

shrinking model size and reducing inference time. 

Quantization converts floating-point parameters to lower-bit 

representations (e.g., 8-bit integers), decreasing memory 

usage and power draw (Edeh et al., 2024). 

Knowledge distillation, where a smaller “student” model 

learns from a larger “teacher” network, is another technique 

used to produce edge-optimized models with minimal 

performance loss. Ijiga et al. (2024) implemented a pruned 

CNN model for ECG classification on an ARM Cortex-M4 

platform, achieving 70% memory savings with less than 3% 

accuracy drop. Similarly, Ayanponle et al. (2024) applied 

dynamic sparsity pruning in LSTM networks for glucose 

trend forecasting. 

Despite their advantages, compression techniques must be 

carefully tuned to avoid degrading critical biosignal features. 

Over-pruning may impair model robustness under signal 

artifacts or sensor drift. Hence, edge-aware training routines 

and validation pipelines must simulate real-world variability 

during model optimization. These strategies are vital in 

realizing always-on cardiometabolic surveillance with 

minimal hardware requirements. 

 

4.4. Federated Learning and Privacy-Preserving 

Inference 

Federated learning (FL) offers a privacy-preserving approach 

to training machine learning models across multiple edge 

devices without centralized data storage. In the context of 

wearable biosensors, FL allows each device to contribute to 

a global model while retaining raw data locally. This is 

especially critical for cardiometabolic data, which is highly 

sensitive and regulated under frameworks like HIPAA and 

GDPR (Obi et al., 2024). 

Ayanponle et al. (2024) evaluated a federated CNN for blood 

pressure classification, revealing comparable accuracy to 

centralized models with significantly enhanced privacy 

assurance. To address heterogeneity in local datasets, 

weighted averaging (FedAvg) and gradient scaling methods 

are used during model aggregation. Ijiga et al. (2024) 

developed a secure aggregation protocol for FL over BLE-

connected biosensors, ensuring encryption and resilience 

against eavesdropping. 

The primary limitations of FL include increased 

communication overhead and delayed convergence, 

particularly in low-connectivity environments. Techniques 

such as client sampling, compression of weight updates, and 

differential privacy are being explored to mitigate these 

constraints. Integrating FL with transfer learning and 

incremental update strategies holds promise for scalable, 

decentralized cardiometabolic risk modeling. 

 

4.5. Interpretability, Clinical Relevance, and Regulatory 

Considerations 

Interpretability is a critical requirement for deploying AI in 

clinical cardiometabolic risk monitoring. Clinicians demand 

transparent reasoning behind AI-generated alerts to assess 

validity and inform intervention. Classical models offer 

native interpretability through decision boundaries and 

feature importance metrics. In contrast, deep learning models 

require explainable AI (XAI) tools such as SHAP values, 

LIME, and Grad-CAM visualizations (Chinedu et al., 2024). 

Ayanponle et al. (2024) incorporated attention mechanisms 

into a wearable glucose monitoring system, allowing 

clinicians to trace model predictions to specific biosignal 

segments. Ijiga et al. (2024) highlighted the integration of 

clinical rule sets into neural models to ensure decision 

boundaries align with medical guidelines. Additionally, 

surrogate modeling—where interpretable models are trained 

to mimic deep network behavior—is being used for real-time 

explainability. 

Regulatory acceptance of AI-driven wearables is contingent 

on clinical validation, risk mitigation, and ethical 

compliance. Agencies such as the FDA now offer 

frameworks for software as a medical device (SaMD), 

emphasizing traceability, performance guarantees, and post-

deployment monitoring. Ensuring transparency, 

reproducibility, and fairness in predictive modeling pipelines 

is essential for transitioning from experimental tools to 

trusted clinical companions in cardiometabolic care. 

 

5. Conclusion and Future Directions 

5.1. Summary of Key Findings and Contributions 

This review highlights the transformative role of wearable 

biosensors integrated with Edge AI in enabling continuous 

cardiometabolic risk monitoring. The study systematically 

examined hardware architectures, signal preprocessing 

strategies, and predictive modeling pipelines, providing a 

cohesive understanding of the design and functionality of 

real-time biosensing systems. Notable contributions include 

the characterization of edge-optimized signal denoising 

techniques, the integration of lightweight feature extraction 

models, and the feasibility of deploying compressed deep 

learning models in power-constrained devices. Furthermore, 

the review emphasized the importance of personalization and 

explainability in AI-driven health monitoring. By 

consolidating cross-disciplinary advances in 

microelectronics, biomedical engineering, and machine 

learning, the work provides a robust framework for the 

development of scalable and clinically relevant biosensing 

technologies. These findings serve as a critical reference 

point for researchers and developers aiming to deploy safe, 

accurate, and real-time diagnostics using wearable platforms 

in diverse environments. 

 

5.2. Technological Challenges and Research Gaps 

Despite notable progress, several technological challenges 

persist in deploying wearable biosensor systems for 

cardiometabolic health monitoring. Key limitations include 
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energy efficiency constraints, latency in real-time inference, 

and memory bottlenecks on embedded platforms. Current 

edge-AI models often require trade-offs between accuracy 

and resource utilization, which can hinder deployment in 

long-term, ambulatory applications. Moreover, robust 

biosignal preprocessing under motion artifacts and 

environmental variability remains a persistent issue. 

Research gaps also exist in harmonizing data standards across 

sensor modalities and developing context-aware learning 

algorithms capable of adapting to user-specific conditions. 

The absence of large-scale, diverse datasets for training edge-

deployable models further impedes generalizability. 

Additionally, regulatory and ethical considerations related to 

data privacy and clinical validation pose non-trivial 

challenges. Addressing these gaps requires innovative 

solutions that span hardware acceleration, algorithmic 

optimization, and real-world validation protocols. Bridging 

these gaps will be essential for translating wearable biosensor 

technologies into widespread, clinically accepted health 

monitoring tools. 

 

5.3. Opportunities in Neuromorphic Hardware and 

Bioadaptive AI 

Emerging technologies in neuromorphic computing present 

promising opportunities for the future of wearable biosensor 

platforms. Unlike traditional von Neumann architectures, 

neuromorphic systems emulate biological neural processing, 

enabling ultra-low-power and event-driven signal 

interpretation. This aligns well with the intermittent and 

bursty nature of physiological signals captured by biosensors. 

Neuromorphic chips, such as Intel's Loihi and IBM’s 

TrueNorth, offer the potential to deploy always-on 

monitoring with minimal energy consumption, extending 

device lifespan and user comfort. In parallel, bioadaptive AI 

models capable of dynamically tuning their parameters in 

response to individual biosignals are gaining traction. These 

models prioritize real-time adaptability and resilience under 

shifting physiological baselines, a key requirement for 

personalized health monitoring. By integrating neuromorphic 

architectures with bioadaptive AI algorithms, future systems 

could deliver autonomous, ultra-efficient, and context-

sensitive health insights. Continued exploration in this space 

could redefine the design of wearable health technologies, 

driving advancements in accuracy, interpretability, and user-

centric performance. 

 

5.4. Interdisciplinary Collaborations for Clinical 

Translation 

The successful clinical adoption of wearable biosensors and 

Edge AI solutions requires robust interdisciplinary 

collaborations. Engineers, data scientists, clinicians, and 

regulatory experts must work closely to ensure that device 

specifications align with practical healthcare needs and 

standards. For instance, collaboration with medical 

professionals is essential to define clinically meaningful 

biomarkers and evaluate diagnostic thresholds. Biomedical 

engineers must coordinate with AI researchers to develop 

interpretable and validated models tailored for diverse patient 

populations. Moreover, regulatory specialists play a pivotal 

role in ensuring that device design, data governance, and 

deployment pathways comply with medical device standards 

and ethical frameworks. Cross-institutional partnerships 

involving hospitals, universities, and industry players also 

foster large-scale clinical trials and post-market surveillance 

studies. Such collaborations help bridge the gap between 

technological innovation and clinical relevance, accelerating 

the path to scalable deployment. An integrative approach 

grounded in stakeholder engagement is thus essential for 

advancing biosensor-enabled health solutions from 

prototypes to patient care. 

 

5.5. Vision for Next-Generation Edge-AI Biosensor 

Ecosystems 

The future of edge-AI biosensor ecosystems envisions an 

interconnected and intelligent network of wearable 

technologies operating seamlessly across personal and public 

health infrastructures. Next-generation systems will prioritize 

ultra-low-power, secure, and scalable architectures capable 

of real-time, multi-sensor data fusion. These platforms will 

move beyond simple monitoring to enable proactive 

healthcare through predictive analytics, early warning 

systems, and behavioral feedback loops. Advanced 

interoperability standards will allow biosensors to integrate 

with cloud and edge health networks, ensuring continuous 

and contextual care delivery. Personalized models powered 

by federated learning and on-device training will offer 

precision health insights while preserving privacy. 

Additionally, integration with smart textiles, implantables, 

and environmental sensors will enable holistic health 

monitoring across multiple domains. Such ecosystems will 

empower users and clinicians with actionable insights, reduce 

the burden on traditional healthcare systems, and contribute 

to resilient global health infrastructures. This vision sets the 

trajectory for a future where health intelligence is ambient, 

autonomous, and universally accessible. 
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