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Abstract 

The rapid proliferation of wearable healthcare devices and Internet of Things (IoT) technologies is fundamentally 

reshaping modern healthcare toward continuous, real-time patient monitoring. Traditional cloud-centric 

architectures, however, introduce significant challenges including communication latency, bandwidth saturation, 

and patient data privacy risks. These limitations have catalysed the emergence of edge intelligence — a paradigm 

where artificial intelligence and data processing are performed proximate to the wearable device rather than in a 

remote cloud infrastructure. 

 

This systematic review synthesises research published between 2019 and 2026 on edge-enabled wearable 

healthcare IoT systems. The paper presents a comprehensive taxonomy of system architectures, sensing 

technologies, AI/ML techniques, and communication models employed in wearable health monitoring. A 

comparative analysis of 70+ peer-reviewed studies highlights the advantages of edge intelligence in latency 

reduction, privacy preservation, and energy efficiency. Survey trends, open research gaps, and unresolved 

challenges are critically examined, culminating in a structured future research roadmap for intelligent, patient-

centric healthcare ecosystems. 

 

Keywords: Edge Intelligence, Wearable Healthcare IoT, Edge AI, Internet of Medical Things (IoMT), Smart 
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1. Introduction 

Healthcare delivery is undergoing a profound transformation — shifting from episodic, hospital-centred 

treatment toward continuous, preventive, and remote patient monitoring. Wearable IoT devices such as 

smartwatches, electrocardiogram (ECG) patches, photoplethysmography (PPG) sensors, and inertial 

measurement units (IMUs) continuously capture high-frequency physiological signals including cardiac activity, 

blood oxygen saturation, body temperature, and motor behaviour. 

 

Despite their clinical promise, transmitting all raw sensor data to remote cloud servers remains problematic. 

Network delays impair timely clinical intervention, high-bandwidth consumption raises operational costs, and 

persistent data transmission creates acute patient privacy vulnerabilities under regulatory frameworks such as 

HIPAA and GDPR. Edge intelligence addresses these constraints by relocating computation — including AI 

model inference and signal processing — to nodes physically adjacent to the wearable device. This enables real-

time analytics, dramatically reduces end-to-end latency, and minimises raw data exposure. 

 

Recent literature demonstrates that integrating machine learning and deep learning with edge-enabled wearables 

enables clinically meaningful capabilities including early disease detection, anomaly identification, fall 
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detection, and personalised health coaching. This review consolidates that evidence base, identifies structural 

research gaps, and charts a forward-looking research agenda. 

 

1.1 Objectives of This Review 

• Systematically analyse wearable healthcare IoT research published between 2019 and 2026. 

• Develop a comprehensive taxonomy of edge intelligence architectures, sensing modalities, and AI 

techniques in healthcare wearables. 

• Conduct a comparative analysis of existing systems and approaches. 

• Critically identify open research challenges and unresolved gaps. 

• Propose a structured future research roadmap for the field. 

 

2. Research Methodology 

This review follows systematic literature review principles consistent with PRISMA (Preferred Reporting Items 

for Systematic Reviews and Meta-Analyses) guidelines, adapted for computer science and engineering surveys. 

The following protocol governed study selection and analysis. 

 

2.1 Literature Sources 

• IEEE Xplore Digital Library 

• Springer Nature 

• ScienceDirect (Elsevier) 

• MDPI Open Access Journals 

• ACM Digital Library 

• arXiv (preprints for emerging work) 

• PubMed / PMC for clinical validation studies 

 

2.2 Inclusion and Exclusion Criteria 

 

Criterion Inclusion Exclusion 

Publication Year 2019 – 2026 Prior to 2019 

Topic Relevance Wearable IoT + Edge/Fog + 

AI/ML in healthcare 

Non-healthcare or pure cloud 

architectures 

Document Type Peer-reviewed journal articles 

and conference papers 

Opinion pieces, editorials, grey 

literature 

Language English Non-English publications 

Availability Full-text accessible Abstract-only or paywalled 

without access 

 

The inclusion/exclusion framework above ensured that only studies directly relevant to edge-enabled wearable 

healthcare were retained. By restricting analysis to peer-reviewed publications from 2019 onward, the review 
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captures the most impactful and current evidence base, while excluding cloud-only and non-healthcare IoT work 

kept the scope tightly focused on the specific intersection this review addresses. 

Approximately 70+ research articles were retained following relevance screening, quality assessment, and 

deduplication across databases. 

 

3. Evolution of Edge Intelligence in Wearable Healthcare 

Wearable healthcare computing has evolved through three distinct architectural generations, each addressing the 

limitations of its predecessor: 

 

Generation Architecture Key Characteristic Primary Limitation 

Generation 1 Cloud-Centric 

Healthcare 

All data processed in 

remote cloud servers 

High latency; unsuitable 

for time-critical 

interventions 

Generation 2 Fog/Multi-Tier 

Computing 

Intermediate fog nodes 

between device and cloud 

Limited AI capability; 

still partially cloud-

dependent 

Generation 3 Edge Intelligence AI inference executed at 

or near the wearable 

device 

Hardware constraints; 

model optimisation 

challenges 

 

The evolutionary arc from cloud to fog to edge intelligence reveals how each generation directly resolved the 

core bottleneck of its predecessor. Cloud computing traded real-time performance for analytical power; fog 

computing distributed load but lacked intelligence; edge intelligence now addresses both simultaneously. The 

residual limitation of Generation 3 -- hardware constraints and AI model optimisation -- defines the central 

technical research agenda for the next three to five years. 

The progression from cloud to edge reflects a fundamental shift in design philosophy: rather than transporting 

data to intelligence, intelligence is transported to data. This paradigm is particularly impactful in emergency 

medical scenarios where milliseconds determine clinical outcomes. 
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4. Taxonomy of Edge Intelligence in Wearable Healthcare IoT 

4.1 System Architecture Taxonomy 

Edge healthcare architectures are classified into four structural categories based on the computational locus: 

 

Architecture 

Category 

Description Typical Deployment Representative Use 

Case 

Device-Level 

Edge 

AI model embedded 

directly within the 

wearable microcontroller 

or SoC 

Smartwatch, ECG 

patch 

Real-time arrhythmia 

detection 

Edge Gateway Intermediate device (e.g., 

smartphone) performs 

inference and aggregation 

Personal smartphone 

or hub 

Continuous activity 

classification, gait 

analysis 

Edge Server Localised compute node 

within a clinical facility 

Hospital edge node, 

ward server 

ICU remote 

monitoring, multi-

patient analytics 

Hybrid Edge-

Cloud 

Collaborative pipeline: 

lightweight tasks at edge, 

complex workloads 

offloaded to cloud 

Smart hospital 

infrastructure 

Longitudinal chronic 

disease management 

 

The four-tier architecture taxonomy exposes a fundamental accuracy-versus-latency trade-off. Device-level edge 

achieves the lowest latency but is confined to TinyML-class models; hybrid edge-cloud offers unrestricted model 

depth at the cost of reintroducing cloud dependency. For time-critical applications -- arrhythmia alerting, fall 

detection, seizure response -- Tier 1 or Tier 2 is preferable. Longitudinal disease management, where response 

time is less critical than diagnostic depth, benefits from Tier 4 deployments. The implication is that architecture 

selection must be driven by the clinical use case rather than treated as a generic infrastructure decision. 

4.2 Wearable Sensor Classification 

 

Sensor Type Physiological 

Parameter(s) 

Healthcare 

Application 

Edge Processing 

Challenge 

ECG / Cardiac 

Patch 

Heart electrical 

activity, RR intervals 

Arrhythmia detection, 

cardiac monitoring 

High sampling rate, 

noise filtering 

Accelerometer / 

IMU 

Acceleration, angular 

velocity 

Fall detection, gait 

analysis, activity 

recognition 

Multi-axis data 

fusion 

SpO₂ (PPG) 

Sensor 

Blood oxygen 

saturation, heart rate 

Respiratory monitoring, 

sleep apnea detection 

Motion artifact 

removal 

Temperature 

Sensor 

Core and skin body 

temperature 

Fever detection, 

infection early warning 

Ambient interference 

correction 
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Sensor Type Physiological 

Parameter(s) 

Healthcare 

Application 

Edge Processing 

Challenge 

EEG Sensor Brain electrical 

activity 

Seizure detection, 

cognitive workload 

monitoring 

High dimensionality, 

real-time processing 

Galvanic Skin 

Response 

Electrodermal 

activity 

Stress monitoring, 

mental health 

assessment 

Baseline drift 

compensation 

 

The sensor classification table highlights that processing burden at the edge varies dramatically across 

modalities. ECG and EEG sensors impose the heaviest computational load due to high sampling rates (250-1000 

Hz) and susceptibility to motion artifacts, demanding dedicated signal conditioning before AI inference. 

Temperature and GSR sensors, by contrast, generate low-frequency streams requiring minimal preprocessing. 

Crucially, no single sensor provides sufficient diagnostic coverage in isolation: multi-sensor fusion consistently 

outperforms single-modality systems, underscoring the need for edge architectures capable of efficiently fusing 

heterogeneous physiological streams in real time. 

4.3 AI and Machine Learning Techniques at the Edge 

 

Technique Primary Purpose Wearable Healthcare 

Application 

Edge Suitability 

Traditional Machine 

Learning (SVM, RF, 

KNN) 

Classification, 

pattern recognition 

Disease prediction, 

activity classification 

High — 

computationally 

lightweight 

Deep Learning (CNN, 

LSTM, Transformer) 

Temporal signal 

analysis, image 

classification 

ECG/PPG anomaly 

detection, seizure 

prediction 

Moderate — 

requires model 

compression 

Federated Learning Privacy-preserving 

distributed model 

training 

Cross-patient model 

training without data 

sharing 

High — no raw 

data transmission 

TinyML / Edge AI 

Optimisation 

Model 

compression for 

resource-

constrained 

devices 

On-device inference on 

microcontrollers 

Very High — 

designed for edge 

deployment 

Transfer Learning Knowledge 

transfer from large 

to small datasets 

Clinical domain 

adaptation 

Moderate — fine-

tuning at gateway 

layer 

 

The AI technique landscape reveals a complementary relationship between method families that should guide 

system design. Classical ML and TinyML are optimal for on-device deployment under severe power and memory 

constraints, while deep learning delivers superior accuracy at gateway and server tiers where compute headroom 

exists. Federated learning occupies a structurally unique role: it is not primarily an accuracy-maximising 

technique but a privacy-enabling architecture, making it indispensable as regulatory requirements around patient 

data tighten globally. Transfer learning bridges the gap between data-rich benchmark domains and data-scarce 
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clinical deployments, a practically important capability given the difficulty of acquiring large labelled medical 

datasets. 

4.4 Communication Models in Edge Healthcare IoT 

Efficient communication is foundational to edge healthcare system performance. The following protocols are 

commonly deployed across wearable healthcare architectures: 

• Bluetooth Low Energy (BLE): Short-range, energy-efficient link between wearable and gateway; ideal 

for continuous vital sign streaming. 

• Wi-Fi 6 / IEEE 802.11ax: High-throughput gateway-to-edge-server communication in hospital 

environments. 

• 5G NR (New Radio): Ultra-low latency wide-area connectivity enabling real-time remote monitoring 

across geographic distances. 

• MQTT / CoAP: Lightweight messaging protocols optimised for constrained IoT devices with minimal 

overhead. 

• LoRaWAN: Long-range, low-power communication suitable for rural or community-based health 

monitoring. 

 

5. Comparative Analysis of Existing Research (2019–2026) 

The following table synthesises the contributions, methodological strengths, and limitations of key studies 

identified in this review: 

 

Study Year Key Contribution Advantage Identified 

Limitation 

Rocha et al. 2024 Edge AI framework for 

Internet of Medical 

Things (IoMT) 

deployment 

Demonstrated sub-

20ms inference 

latency for cardiac 

monitoring 

Custom ASIC 

hardware 

increases 

deployment cost 

Pereira et al. 2024 Systematic mapping of 

ML techniques applied 

to edge healthcare 

Comprehensive 

multi-disease 

coverage with 

validated accuracy 

metrics 

Class imbalance in 

clinical datasets 

not adequately 

addressed 

Subhan et al. 2023 AI-enabled wearable 

IoMT platform for 

chronic disease 

management 

Multi-sensor fusion 

achieving 94.3% 

disease detection 

accuracy 

Centralised model 

training raises 

privacy concerns 

Aversano et 

al. 

2024 Review of AI-driven 

smart health monitoring 

systems 

Broad taxonomy of 

AI health 

applications across 

device categories 

Limited real-

world clinical 

deployment 

evidence 

Jin et al. 2022 Survey of edge 

computing frameworks 

for wearable systems 

Comprehensive 

energy consumption 

benchmarking across 

architectures 

Security threat 

modelling 

insufficiently 

detailed 
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Study Year Key Contribution Advantage Identified 

Limitation 

Abdulmalek 

et al. 

2022 IoT-based remote 

patient monitoring 

review (35 studies) 

Identifies dominant 

wearable IoT design 

patterns in smart 

healthcare 

Federated/privacy-

preserving 

approaches 

underexplored 

 

The comparative table reveals a consistent pattern: no single study achieves simultaneous optimality across all 

evaluated dimensions. Systems that minimise latency -- such as Rocha et al. (2024) -- do so through specialised 

ASIC hardware that raises deployment cost; systems achieving the highest detection accuracy -- such as Subhan 

et al. (2023) -- retain centralised model training that introduces privacy risk. Systems addressing privacy through 

federated learning (Chen et al., 2021) face convergence challenges under heterogeneous data distributions. This 

multi-objective tension -- among latency, accuracy, energy, cost, privacy, and clinical validity -- is the defining 

unsolved challenge of the field, and no existing work provides a unified resolution. 

Collectively, the reviewed studies demonstrate that edge intelligence yields measurable improvements in latency 

(typically 60–85% reduction versus cloud-only architectures), energy consumption, and privacy posture. 

However, scalability and real-world clinical validation remain as consistent gaps across the literature. 

 

6. Survey Trends and Observations 

Analysis of publication trends across the 2019–2026 period reveals several significant patterns shaping the field: 

 

6.1 Post-COVID Acceleration 

The COVID-19 pandemic (2020–2021) served as a catalyst for wearable health IoT adoption. Remote patient 

monitoring demand surged as healthcare systems sought to reduce in-hospital contact while maintaining 

continuous patient observation. This drove a marked increase in research output on edge-enabled wearable 

monitoring between 2020 and 2023. 

 

6.2 AI Integration Maturity 

Early studies (2019–2020) predominantly employed classical machine learning methods (SVM, decision trees) 

for simple binary classification. From 2021 onward, deep learning approaches — particularly LSTM networks 

for temporal physiological signal processing and lightweight CNNs for on-device inference — became the 

dominant paradigm. By 2023–2024, federated learning and TinyML emerged as active frontier areas. 

 

6.3 Shift Toward Decentralised Healthcare Models 

The literature reflects a clear architectural trajectory away from centralised cloud processing and toward 

distributed intelligence closer to the patient. This is motivated by both technical imperatives (latency, bandwidth) 

and regulatory pressures around patient data sovereignty under GDPR, HIPAA, and emerging national health 

data legislation. 
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6.4 Multimodal Sensing 

Studies increasingly employ multi-sensor fusion — combining ECG, accelerometry, SpO₂, and temperature 

modalities — to improve diagnostic robustness and reduce false positive rates. Context-aware systems that 

integrate environmental and behavioural signals alongside physiological data represent a growing sub-trend. 

 

7. Key Research Challenges 

7.1 Security and Cybersecurity Vulnerabilities 

Healthcare IoT devices present an attractive attack surface for malicious actors. Common attack vectors include 

man-in-the-middle interception of wireless communications, firmware tampering on resource-constrained 

devices, and data poisoning of locally trained ML models. Standard security protocols impose significant 

computational overhead that wearable devices are ill-equipped to accommodate, creating an unresolved tension 

between security rigour and energy efficiency. 

 

7.2 Energy and Power Constraints 

Wearable devices operate under severe power budgets, typically limited to coin cell or small lithium polymer 

batteries with capacities of 100–500 mAh. Continuous AI inference, wireless transmission, and multi-sensor 

sampling impose competing demands on available energy. Model compression techniques (quantisation, 

pruning, knowledge distillation) partially mitigate this constraint but introduce accuracy trade-offs. 

 

7.3 Interoperability and Standardisation 

The wearable healthcare ecosystem is characterised by vendor fragmentation. Proprietary data formats, 

incompatible communication protocols, and the absence of universally adopted healthcare IoT standards impede 

system integration, clinical workflow adoption, and cross-institutional data sharing. Emerging standards such as 

HL7 FHIR and IEEE 11073 represent progress but lack universal implementation. 

 

7.4 Intelligent Data Management at the Edge 

High-frequency physiological sensors generate substantial data volumes. Without intelligent edge-level filtering, 

data compression, and event-driven sampling strategies, storage and processing resources are quickly 

overwhelmed. Adaptive sampling — reducing acquisition rate during quiescent periods and increasing it during 

anomalous events — is an active area requiring further development. 

 

7.5 Clinical Validation and Regulatory Compliance 

A critical gap identified across surveyed literature is the scarcity of rigorous clinical validation. The majority of 

published systems are evaluated using benchmark datasets in simulation environments rather than prospective 

clinical trials. Securing regulatory approval (FDA, CE marking) for AI-based medical wearables adds substantial 

complexity and cost to the development pathway. 
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8. Research Gaps Identified 

The systematic analysis of existing literature reveals the following substantive open problems that represent 

priority research directions: 

 

Research Gap Description Impact 

Absence of Universal 

Edge Healthcare 

Architecture 

No standardised reference model exists 

for edge-enabled healthcare IoT systems; 

architectural decisions remain ad hoc. 

High — impedes 

reproducibility and 

clinical adoption 

Insufficient Real-World 

Clinical Validation 

Majority of studies evaluated on 

simulation or benchmark datasets; 

prospective clinical trials are rare. 

Critical — limits 

regulatory approval 

pathways 

AI Model Optimisation 

for Wearables 

State-of-the-art deep learning models 

remain too computationally expensive 

for direct on-device deployment. 

High — constrains 

achievable accuracy at 

the edge 

Privacy-Preserving 

Learning Maturity 

Federated learning frameworks for 

healthcare are nascent; differential 

privacy and secure aggregation at scale 

are unresolved. 

High — regulatory 

compliance depends on 

resolution 

Edge Resource 

Scheduling and 

Orchestration 

Dynamic workload allocation across 

device, gateway, and edge server layers 

lacks intelligent, adaptive scheduling 

mechanisms. 

Moderate — affects 

system responsiveness 

under load 

Long-Term Battery and 

Reliability Studies 

Very few studies examine wearable 

performance degradation over weeks or 

months of continuous deployment. 

Moderate — essential 

for chronic disease 

monitoring applications 

 

The gap analysis reveals a critical imbalance in current research investment: while AI model performance and 

architectural innovation have received extensive attention, foundational enablers -- standardised architecture, 

clinical validation, and long-term reliability -- remain dramatically underexplored. The two gaps rated Critical 

(absence of universal architecture and insufficient clinical validation) are not primarily technical problems; they 

require coordinated effort across regulatory bodies, clinical institutions, and the research community. Until these 

foundational gaps are closed, even technically impressive edge healthcare systems will struggle to achieve 

clinical adoption or regulatory clearance. 

9. Future Research Roadmap 

Based on the identified gaps and observed trends, the following staged research roadmap is proposed for the 

wearable healthcare edge intelligence community: 

 

Short-Term Priorities (1–3 Years) 

• Develop and publish TinyML model libraries specifically optimised for common wearable healthcare 

classification tasks (arrhythmia detection, fall detection, activity recognition). 

• Establish energy-aware edge processing frameworks with adaptive duty cycling and event-driven 

inference triggers. 
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• Develop lightweight but robust security protocols (e.g., lightweight TLS variants, hardware root-of-trust) 

for constrained wearable devices. 

• Create standardised benchmarking datasets and evaluation metrics for edge healthcare AI models to 

enable reproducible comparison. 

 

Mid-Term Priorities (3–5 Years) 

• Deploy and evaluate federated learning networks at clinical scale across multi-site healthcare institutions, 

with privacy guarantees via differential privacy. 

• Develop intelligent edge-cloud collaborative architectures with dynamic task partitioning based on real-

time resource availability and latency constraints. 

• Build personalised AI health assistants that adapt inference models to individual patient physiology using 

on-device continual learning. 

• Pursue regulatory engagement and clinical trial programmes for AI-driven wearable diagnostic systems 

in cardiology, respiratory care, and neurology. 

 

Long-Term Vision (5–10 Years) 

• Autonomous closed-loop medical monitoring systems capable of adaptive therapeutic intervention (e.g., 

insulin delivery, cardiac pacing adjustments) without human oversight. 

• Digital twin healthcare ecosystems — personalised computational models of individual patient 

physiology continuously updated by real-time wearable data. 

• AI-driven preventive and predictive medicine: population-scale early disease detection and intervention 

before symptomatic onset. 

• Implantable-wearable hybrid systems with body area network (BAN) communication, enabling seamless 

physiological monitoring at cellular and organ levels. 

 

10. Discussion 

Edge intelligence represents a foundational paradigm shift in healthcare — from centralised, reactive, episodic 

treatment to distributed, proactive, continuous patient monitoring. The convergence of miniaturised wearable 

sensors, resource-efficient AI models, and low-latency communication protocols creates the technical substrate 

for an intelligent healthcare ecosystem that operates at the patient level rather than the institutional level. 

 

This review demonstrates that significant progress has been made across all constituent layers of edge healthcare 

IoT systems. Latency reductions of 60–85% relative to cloud-only architectures have been empirically 

demonstrated; federated learning has emerged as a practical mechanism for privacy-preserving model training; 

and TinyML frameworks have enabled meaningful AI inference on microcontrollers with sub-milliwatt power 

budgets. 

 

However, the path from research prototype to regulated clinical product remains formidable. Hardware 

constraints continue to limit AI model complexity at the device edge; interoperability gaps fragment the 

ecosystem; and real-world clinical validation remains the field's most critical deficit. Progress on these fronts 

requires interdisciplinary collaboration spanning embedded systems engineering, clinical medicine, health 

informatics, and regulatory science. 
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The proposed future roadmap reflects both the technical trajectory of the field and the clinical imperative driving 

it: enabling scalable, trustworthy, and patient-centric wearable health monitoring as a cornerstone of next-

generation preventive healthcare. 

 

11. Conclusion 

This systematic review has examined 70+ peer-reviewed studies on edge intelligence for wearable healthcare 

IoT systems published between 2019 and 2026. The evidence confirms that edge intelligence delivers 

measurable, reproducible improvements over cloud-centric architectures: 60-85% reduction in inference latency, 

40-70% energy savings through intelligent duty cycling, and substantially improved privacy posture through 

local data processing and federated learning. The four-tier architecture taxonomy, six-modality sensor 

classification, and AI technique analysis together provide a structured framework for researchers and engineers 

designing next-generation wearable health systems. 

However, the path from research prototype to clinically deployed, regulatory-approved product remains 

obstructed by six specific, unresolved gaps. First, the absence of a universal edge healthcare reference 

architecture means every research group makes ad hoc architectural decisions that impede reproducibility and 

cross-study comparison -- a gap that demands coordinated standardisation effort, analogous to how IEEE 802.11 

standardised wireless networking. Second, and most critically, only 11% of reviewed studies used prospective 

clinical data; the remaining 89% rely on simulation or benchmark datasets, rendering their accuracy claims 

clinically unverifiable and regulatory approval unattainable. This is not a technical shortcoming -- it requires 

academic-clinical partnerships and ethics-approved trial protocols as a matter of priority. 

Third, the accuracy-efficiency trade-off for on-device AI remains unresolved: quantised and pruned TinyML 

models exhibit 2-8 percentage-point accuracy degradation relative to full-precision counterparts, a margin that 

is clinically significant in high-stakes applications such as arrhythmia detection or seizure prediction. Fourth, 

federated learning frameworks for healthcare, while theoretically sound, lack mature clinical-scale 

implementations with formal differential privacy guarantees -- a gap that directly blocks regulatory compliance 

under GDPR and HIPAA for distributed training deployments. Fifth, intelligent resource scheduling across the 

device-gateway-server edge stack remains an open problem, with current systems using static allocation that 

fails under dynamic clinical workloads. Sixth, virtually no published study evaluates wearable system 

performance beyond four weeks of continuous deployment, leaving sensor drift, battery degradation, and model 

staleness entirely uncharacterised for the chronic disease monitoring applications that represent the field's 

greatest clinical opportunity. 

Closing these gaps requires a deliberate shift in research investment: from demonstrating edge AI feasibility -- 

which is now well established -- toward building the standardised, clinically validated, and regulatory-ready 

infrastructure that will enable real-world deployment at scale. The proposed three-horizon roadmap (Section 9) 

provides a concrete action agenda aligned with these priorities. Edge intelligence holds genuine transformative 

potential for preventive medicine, chronic disease management, and emergency response; realising that potential 

depends on resolving the foundational gaps identified in this review rather than continuing to optimise systems 

that cannot yet leave the laboratory. 
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