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Wearable sensors and artificial
intelligence for sleep monitoring

Applications in recovery and health
management

Wearable sensors offer non-invasive, continuous health monitoring and are
rapidly transforming clinical exercise physiology. Sleep, a cornerstone of
physiological recovery, remains under-assessed in outpatient care, despite
itsimpact on adaptation, cardiovascular function, metabolic regulation, and
immune restoration. This review explores the role of wearable technolo-
gies —such as smartwatches, rings, headbands, chest straps, and smart tex-
tiles— in tracking sleep architecture, heart rate variability (HRV), respiratory
metrics, and circadian rhythms in real-world conditions. Devices integrating
photoplethysmography, accelerometry, electrocardiography (ECG), and
electroencephalogram (EEG) increasingly provide accurate and ecologically
valid insights into recovery dynamics. Artificial intelligence (Al) enhances the
clinical potential of these wearables by enabling real-time, individualized
feedback and predictive modeling. Applications include recovery monitoring
in cardiac and pulmonary rehabilitation, early detection of sleep-disordered
breathing, assessment of post-COVID fatigue, and identification of neurode-
generative risk through changes in sleep patterns. In older adults and those
with metabolic disorders, sleep-derived metrics such as reduced deep sleep
or altered HRV provide actionable data for tailoring exercise prescriptions
and detecting maladaptive responses. However, limitations still remain.
Many devices lack validation against gold-standard polysomnography, and
proprietary algorithms limit clinical transparency. Integration into electronic
health records and routine workflows is still uncommon. Moreover, issues of
digital access, data privacy, and algorithmic bias pose ethical and practical
challenges, particularly in underserved populations. Despite these barriers,
wearable sleep monitoring presents a promising frontier in recovery science.
By combining biosignal analysis with Al-driven interpretation, these technolo-
gies enable a shift from passive data collection to active, personalized health
management. Future research should prioritize standardized validation across
diverse populations, open-source algorithm development, and equitable
deployment. Ultimately, sleep metrics —when integrated thoughtfully— can
serve as critical biomarkers of readiness and recovery, empowering clinicians
and patients alike in optimizing health outcomes.

1. INTRODUCTION

Copyright © Athens Medical Society
www.mednet.gr/archives
ARCHIVES OF HELLENIC MEDICINE: ISSN 11-05-3992

ARCHIVES OF HELLENIC MEDICINE 2027, 44(1):88-97
APXEIA EAAHNIKHE IATPIKHE 2027, 44(1):88-97

V.J. Malliou,’
G. Pafis,?

C. Katsikas,’
K. Daskalaki?

'Department of Physical Education

and Sports Science, School of Physical
Education and Sports Science, National
and Kapodistrian University of Athens,
Athens

2Department of Physical Education

and Sports Science, School of Physical
Education, Sports and Occupational
Therapy Science, Democritus University
of Thrace, Komotini, Greece

Oopntoi alodnTAPES

KAl TEXVNTH vonuoouvn yla

TNV mapakoAovBnon tou Umvou:
Epappoyég otnv amokatdotacn
kat otn Slaxeipion tng vyeiag

MepiAnyn oto Tédog Tou dpBpou

Key words

Artificial intelligence
Recovery of function
Sleep monitoring

Submitted 26.4.2025
Accepted 24.5.2025

Sleep is a fundamental physiological process, essential
for tissue repair, memory consolidation, immune regulation,
and cardiovascular stability. Its disruption is increasingly
recognized as a modifiable risk factor in the development
and progression of chronic diseases such as heart fail-
ure, diabetes, and neurodegenerative disorders.’ Clinical

populations —particularly older adults and individuals in
rehabilitation— are disproportionately affected by sleep
disturbances, which impair recovery, elevate fatigue, and

worsen clinical outcomes.

Polysomnography (PSG) remains the gold standard
for diagnosing sleep disorders and assessing architecture;
yet it is constrained by high cost, limited accessibility, and
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poor ecological validity.”? Moreover, the artificial sleep
environment and multi-sensor setups often compromise
the authenticity of observed patterns. To address these
challenges, wearable technologies have rapidly emerged
as powerful tools for unobtrusive, real-time monitoring of
sleep and recovery in free-living conditions.

Modern wearable devices, ranging from wristbands and
smart rings to textile sensors and electroencephalogram
(EEG) headbands, collect a wide array of biosignals, such
as heart rate variability (HRV), respiration, temperature,
actigraphy, and oxygen saturation.?> These data-rich plat-
forms enable longitudinal assessments of sleep quality
and recovery dynamics, with applications extending into
hydration tracking and metabolic profiling.5”

Crucially, the integration of artificial intelligence (Al) has
revolutionized the potential of wearable systems. Machine
learning algorithms now enhance the accuracy of sleep
staging, detect anomalies such as apnea, and support
adaptive feedback based on individualized sleep-wake
profiles. These advancements have made wearables not
only more clinically relevant but also transformative in the
field of clinical exercise physiology, where real-time insight
into recovery, autonomic function, and circadian alignment
is essential.® While challenges remain —including algorithm
transparency, sensor variability, and digital equity— the
convergence of wearable biosensing, Al analytics, and
cloud-based platforms is driving a paradigm shift. Wearable
sleep monitoring is evolving from a passive observational
tool into an active agent of personalized care and predic-
tive rehabilitation.

2. ARTIFICIAL INTELLIGENCE IN WEARABLE SLEEP
MONITORING

Al has emerged as a transformative force in the analysis
and application of wearable sleep data. Through machine
learning and deep learning algorithms, Al enhances the
accuracy of sleep stage classification, detection of sleep-
disordered breathing, and prediction of recovery outcomes.
These algorithms can integrate multiple biosignals —such
as HRV, EEG, and actigraphy— while learning individual user
patterns, enabling more personalized insights. Al-enabled
platforms like Dreem and Oura use proprietary models to
refine sleep architecture estimation, while open-source ap-
proaches are advancing transparency and reproducibility
in clinical contexts.?’®

Beyond descriptive analytics, Al supports predictive
modeling for adverse events (e.g., sleep apnea, overtraining)
and guides adaptive feedback through mobile applications.
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Natural language processing and explainable Al are also
being integrated to improve clinician-patient interaction
with wearable data. As Al algorithms evolve, they hold the
potential to transform passive monitoring into interactive,
real-time health coaching tools, redefining recovery man-
agement in clinical exercise physiology.

3. PHYSIOLOGY OF SLEEP AND ITS ROLE
IN CLINICAL RECOVERY

Sleep is not a passive state but an active, cyclical bio-
logical process characterized by dynamic changes in brain
activity, autonomic tone, metabolic regulation, and muscu-
loskeletal restoration.’ Itis classically divided into non-rapid
eye movement (NREM) sleep —comprising stages N1 to N3—
and rapid eye movement (REM) sleep. These stages cycle
approximately every 90 minutes and are distinguishable
by electrophysiological and cardiorespiratory features.’?

During deep NREM sleep (N3), parasympathetic activity
predominates, leading to reductions in heart rate, blood
pressure, sympathetic outflow, and metabolic rate, creat-
ing an optimal environment for cellular repair, immune
recovery, and hormonal regulation.*’ In contrast, REM sleep
exhibits irregular autonomic fluctuations and increased
cerebral metabolism, supporting memory consolidation
and emotional regulation.?’’ Recent findings further dem-
onstrate that better sleep quality, in conjunction with
higher physical activity levels, is linked to reduced emotion
dysregulation in individuals with major depressive disor-
der, highlighting the psychological benefits of integrated
behavioral interventions.”

3.1. Consequences of sleep disruption
in clinical populations

The role of sleep in clinical recovery is increasingly rec-
ognized across diverse patient populations. In individuals
with cardiovascular disease, sleep restriction or fragmen-
tation is associated with elevated sympathetic tone and
reduced HRV, which are predictive of adverse outcomes.** In
metabolic disease, short or poor-quality sleep exacerbates
insulin resistance, systemic inflammation, and appetite
dysregulation, undermining recovery trajectories.’ From a
clinical exercise physiology perspective, sleep provides criti-
cal physiological substrates for adaptation to training and
rehabilitation stimuli. Studies have shown that adequate
sleep enhances exercise-induced gains in mitochondrial
function, muscle protein synthesis, and neuromuscular
coordination, mechanisms essential in restoring function
afterinjury orillness.’’In contrast, sleep deprivation impairs
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exercise tolerance, increases perceived exertion, and delays
post-exercise recovery.?

HRV has emerged as a non-invasive, surrogate bio-
marker of recovery and autonomic balance, and it is now
frequently measured via wearable sensors in both research
and clinical contexts.**? Longitudinal HRV monitoring dur-
ing sleep allows clinicians to assess recovery capacity in
patients undergoing cardiac or pulmonary rehabilitation,
with deviations from baseline often indicating poor sleep,
stress, or maladaptive physiological responses.t Emerging
data also highlight the relationship between sleep and
neurodegenerative disease progression. Altered REM-NREM
cycling, sleep fragmentation, and reduced slow-wave activ-
ity have been observed in early Alzheimer’s and Parkinson’s
disease, suggesting that sleep abnormalities may serve as
early clinical biomarkers.” Wearable sleep monitoring could
thus provide actionable insights not only into recovery but
also into long-term neurological risk stratification.

In sum, sleep quality is integrally linked with recovery
outcomes across clinical conditions. Understanding sleep
physiology —and leveraging wearable sensors to quantify
it— offers a powerful tool for enhancing the personalization
of therapeutic exercise and recovery plans.

4. TECHNOLOGIES INWEARABLE SLEEP MONITORING

The field of wearable sleep technology has evolved
rapidly, transitioning from basic actigraphy devices to
advanced, multi-sensor systems, capable of estimating
sleep stages, detecting sleep disorders, and assessing
physiological recovery markers in real time. These tools are
especially valuable for clinical populations, where continu-
ous and unobtrusive monitoring can inform rehabilitation,
track disease progression, and personalize care strategies.”®

4.1. Types of wearable technologies

Wearable devices used for sleep monitoring vary signifi-
cantly in both form factor and sensor configuration, offer-
ing a range of options tailored to different user needs and
clinical contexts. Among the most common are wrist-worn
devices, such as the Fitbit, Garmin, and Xiaomi Smart Band
9.These typically employ photoplethysmography (PPG) to
monitor peripheral blood flow and accelerometers to detect
movement. Some models also incorporate electrodermal
activity sensors to estimate sleep-wake cycles and total
sleep duration.?

Smart rings, including the Oura Ring 4 and Samsung
Galaxy Ring, represent a compact and user-friendly alter-
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native. These devices integrate PPG for pulse detection,
skin temperature sensors, and actigraphy to estimate
sleep stages. In addition, they track HRV, a key marker of
autonomic nervous system balance and physiological re-
covery, providing deeper insight into the user’s readiness
and overall health status.

Chest-worn straps and adhesive patches, such as the
Zephyr BioHarness, focus on collecting electrocardiograph
(ECG)-derived HRV and respiratory rate metrics. These
devices are particularly suited for scenarios requiring high-
fidelity cardiovascular and respiratory monitoring, such as
during rehabilitation or in athletic performance contexts.

Headbands and eye masks, including devices like Dreem
and Muse S, enable direct assessment of brain and ocular
activity through EEG and electrooculography (EOG) re-
cordings. As such, they offer enhanced accuracy in sleep
staging and can serve as practical alternatives to traditional
polysomnography in certain clinical or research settings.

Lastly, smart textiles and adhesive biosensor patches
represent an emerging class of wearables designed for
continuous, unobtrusive monitoring. These technologies
allow for real-time tracking of cardiorespiratory and pos-
tural data without compromising sleep comfort, making
them ideal for long-term use in naturalistic environments.

Wearable systems may be classified as single-sensor
(e.g., standalone pulse oximeters) or multi-sensor platforms
that combine accelerometry, HRV, SpO., skin temperature,
and other physiological signals. Multi-sensor wearables are
particularly valuable in clinical recovery settings due to
their capacity for integrative assessment.Table 1 provides a
comparative overview of representative devices, detailing
their sensor types, clinical applications, and the extent of
Al integration across target populations.

4.2. Validity and comparison to polysomnography

Polysomnography (PSG) remains the gold standard
for sleep assessment; however, its clinical use is limited
by infrastructure, cost, and patient burden. Numerous
validation studies have shown that modern wearables can
approximate sleep duration and efficiency with reasonable
accuracy, especially under free-living conditions.”? For
example, home-based portable PSG setups with reduced
sensor arrays are now feasible alternatives, supported by
Al-driven analysis algorithms.’”? Accuracy varies widely by
device and outcome variable. For instance, total sleep time
and sleep efficiency tend to be well estimated, while sleep
staging and awakenings remain challenging to detect with
high sensitivity. Devices like Whoop 4.0, Oura Ring 4, and
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Table 1. Overview of wearable devices used in sleep monitoring and recovery applications. This table summarizes representative wearable technolo-
gies, their integrated sensors, target clinical populations, typical use cases in recovery and rehabilitation, and the degree of artificial intelligence (Al)
integration. Devices are selected based on recent literature and current clinical or commercial relevance.

Device type/example  Sensors Target population Clinical use Al integration Reference

Oura Ring 4 PPG, Temp, HRV, Cardiac rehabilitation, Sleep staging, Yes (proprietary ML)  Belabbaci
accelerometer older adults recovery readiness & Alam?®

Whoop Band PPG, HRYV, Cardiac, post-COVID HRYV tracking, fatigue Yes Handy et al®
accelerometer management

Dreem Headband EEG, EOG, Neurodegenerative Sleep stage estimation,  Yes (EEG-based Al) Vitazkova et al’
accelerometer risk REM analysis

Fitbit/Garmin Watch PPG, accelerometer, Metabolic disorders, Sleep tracking, HRV, Basic Kazansky et al®
SpO, T2DM activity rhythm

Withings BeamO ECG, temperature, General, post-discharge Home diagnostics, Emerging Withings'
SpO,, radar REM/circadian

Zephyr BioHarness ECG, respiration, Rehabilitation Autonomic tracking, No Lietal*

HRV monitoring

fitness recovery

PPG: Photoplethysmography, HRV: Heart rate variability, EEG: Electroencephalography, EOG: Electrooculography, T2DM: Type 2 diabetes mellitus

Dreem have shown improved performance in estimating
REM and deep sleep stages through machine-learning-
enhanced algorithms.%?

4.3. Remote monitoring and clinical utility

Wearable data can now be transmitted securely to cloud
platforms, enabling remote sleep assessments, integration
with electronic health records, and alerts for sleep disrup-
tions or recovery delays. In clinical exercise physiology,
this enables longitudinal tracking of recovery from injury,
surgery, or chronic conditions such as chronic obstructive
pulmonary disease (COPD) or heart failure.”” Emerging solu-
tions such as the Withings BeamO, a multi-sensor remote
scanner, and the Patchkeeper wearable stethoscope, are
expanding the physiological scope of at-home monitor-
ing to include respiratory sounds, ECG, and temperature,
enabling richer sleep and recovery profiling.’*

Importantly, several studies suggest that combining
wearable-derived sleep data with HRV and circadian rhythm
metrics provides a more complete picture of physiologi-
cal recovery. This is particularly valuable in post-hospital
discharge, post-COVID, or cardiac rehabilitation settings
where subtle deviations in sleep patterns may precede
overt symptoms.>8

5. CLINICAL APPLICATIONS

The integration of wearable sleep monitoring into clini-
cal practice has opened new pathways for personalized
health management, especially in populations requiring
structured recovery interventions. In clinical exercise physi-

ology, where the optimization of recovery, adaptation, and
function is central, wearables provide a dynamic means
of assessing physiological readiness and response across
diverse pathologies.

5.1. Recovery monitoring in cardiovascular
and pulmonary rehabilitation

Wearable sensors provide valuable early indicators of
autonomic imbalance and suboptimal recovery in patients
undergoing cardiac or pulmonary rehabilitation. Research
shows that decreased sleep efficiency or altered HRV —a key
measure of autonomic nervous system function— during
sleep is associated with poor cardiovascular outcomes and
increased readmission risk.** Figure 1 illustrates a clinical
case example where wearable-derived sleep and HRV
data guided post-myocardial infarction (MI) rehabilita-
tion decisions. For example, declines in deep sleep (N3)

Case Vignette: Post-Cardiac Rehabilitation Monitoring

Parameter Observation
Age/Sex 67/male
Diagnosis Recent MI, T2DM

Intervention Oura Ring - sleep/HRV tracking

Recorded Changes | HRV, | deep sleep, 1 glucose

Outcome 1 HRYV, 1 sleep quality, improved glucose

Figure 1. Case example of wearable sleep monitoring in post-cardiac
rehabilitation. This infographic illustrates the application of a wearable
device (e.g., Oura Ring 4 or Whoop 4.0) for tracking physiological metrics,
and responsive clinical decisions in a patient. HRV: Heart rate variability,
MI: Myocardial infarction, T2DM: Type 2 diabetes mellitus.
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coupled with low nocturnal HRV prompted adjustments to
exercise intensity, mitigating overtraining risks. Advanced
wearable devices like the Whoop 4.0 and Oura Ring en-
able clinicians to monitor these critical recovery markers
in real time, tracking: Nocturnal HRV patterns (autonomic
recovery), resting heart rate trends (cardiovascular strain)
and respiratory rate variations (early signs of pulmonary
compromise). This continuous physiological data offers
unprecedented insight into patient recovery trajectories,
allowing for timely clinical interventions when needed.

5.2. Sleep disturbances in metabolic disorders
and post-COVID fatigue

Patients with metabolic syndromes, including type 2
diabetes and obesity, demonstrate characteristic sleep
disturbances that exacerbate insulin resistance and sys-
temic inflammation.? Advanced wearable monitoring now
enables clinicians to correlate specific sleep architecture
abnormalities (particularly reduced deep sleep and REM)
with glycemic variability and fatigue severity. Emerging ap-
plications extend to hydration monitoring,’ where noctur-
nal polyuria risk assessment complements traditional sleep
metrics. In parallel, post-COVID syndrome research utilizing
these devices reveals persistent circadian dysregulation and
sleep fragmentation,” with reduced REM sleep emerging
as a particularly robust biomarker for both metabolic and
post-viral recovery trajectories.

5.3. Neurological risk screening and early detection

Changes in sleep parameters such as REM sleep behav-
ior, sleep fragmentation, or circadian rhythm variability may
serve as early indicators of neurodegenerative conditions
such as Parkinson’s and Alzheimer’s disease.” Continuous
home-based monitoring with wearable EEG bands, HRV
trackers, or multi-sensor headbands facilitates early screen-
ing, especially in high-risk populations. Devices like Dreem,
Muse S, and novel radar-based monitors (e.g., BeamO) offer
non-invasive, longitudinal data useful in neurocognitive
rehabilitation.

5.4. Applications in older adults and frailty prevention

Older adults often experience fragmented sleep and
diminished restorative sleep stages, contributing to frailty,
reduced exercise tolerance, and fall risk. Wearables like
smart rings, wristbands, and smart textiles provide an
opportunity to track not only sleep, but also overnight
HRV and mobility indicators, which can be integrated
into fall risk prediction models or frailty assessments.?’”
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Combined with telemonitoring platforms, these devices
facilitate aging-in-place models with real-time feedback
loops between patients and care teams.

5.5. Feedback-driven rehabilitation and remote
coaching

Wearables now offer patients access to self-regulated
sleep hygiene strategies via feedback apps. Platforms
such as Whoop, Oura, and Garmin Connect integrate sleep
scores, readiness indices, and recovery trends that can
guide behavioral interventions and exercise scheduling.
For example, decreased HRV or low sleep efficiency may
trigger automatic adjustments to training loads or reha-
bilitation exercises, enabling more individualized pacing
during clinical recovery.’

6. INTEGRATION WITH CLINICAL EXERCISE
PHYSIOLOGY

Clinical exercise physiology is grounded in the use of
structured physical activity to improve function, health
outcomes, and quality of life in individuals with chronic
disease or functional limitations. Sleep (particularly its
quality, architecture, and circadian alignment) plays a
central role in modulating the effectiveness of exercise-
based interventions. The integration of wearable sleep
monitoring into this field offers new precision in tailoring
exercise prescriptions, evaluating recovery, and detecting
maladaptation early. Figure 2 illustrates how Al supports
clinical decision-making by extracting meaningful patterns
from sleep biosignals, bridging wearable technology with
personalized recovery planning.

6.1. Sleep and physiological readiness

Recovery is not merely the absence of symptoms, but
also reflects systemic readiness to adapt to a physiological
load. Sleep, especially deep NREM stages, supports muscle
repair, hormonal regulation, immune rebalancing, and
autonomic recalibration.”* Wearables that measure HRYV,
resting heart rate (RHR), and sleep stage distribution (e.g.,
Oura Ring, Whoop Band, Garmin) provide real-time insights
into recovery status, allowing exercise physiologists to
adjust workloads dynamically based on data rather than
fixed timelines.

Forinstance, a patient with low HRV and reduced deep
sleep post-exercise may benefit from a lighter training
day, prioritizing mobility or active recovery, rather than
progressing intensity. Conversely, high HRV and efficient
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Figure 2. The role of artificial intelligence (Al) in wearable sleep monitoring: From biosignal input to personalized care. HRV: Heart rate variability,

PPG: Photoplethysmography, EEG: Electroencephalography.

sleep can support progression to higher workloads with
lower risk of overtraining or injury.?

6.2. Chronotype, circadian rhythms, and exercise timing

Chronobiological principles are becoming increas-
ingly important in the design of exercise prescriptions,
particularly as personalized approaches gain momentum
in clinical and athletic settings. Wearable devices capable
of monitoring sleep-wake cycles and light exposure —
such as the Samsung Galaxy Ring, Muse S, and Withings
BeamO- are now used to identify individual chronotypes
and detect circadian rhythm disruptions. Recognizing these
patterns has several significant implications. For instance,
the timing of exercise sessions can be optimized based on
chronotype, as individuals with later circadian preferences
may respond more favorably to evening training sessions.
Additionally, wearables can assist in identifying sleep
misalignment in shift workers or individuals experiencing
post-viral circadian disturbances, such as those recovering
from long COVID. Light exposure monitoring, in turn, can be
leveraged as a targeted intervention to support circadian
realignment and enhance recovery protocols. Beyond these
applications, tracking circadian stability also enables early
detection of potential overtraining or underlying illness,
especially valuable in populations with chronic fatigue or
those undergoing intensive rehabilitation.

6.3. Sleep as a recovery biomarker in rehabilitation

In conditions, such as heart failure, COPD, diabetes, or
neurological impairments, sleep data derived from wear-
ables can serve as a low-burden, high-yield biomarker for
evaluating recovery status and intervention effectiveness.
Changes in sleep efficiency, increased fragmentation, or
delayed REM latency may indicate physiological stress or

maladaptation even before the onset of subjective symp-
toms or changes in standard clinical biomarkers.>? Exercise
physiologists can utilize these trends to monitor patients’
tolerance to progressive training loads, identify stagnation
or regression in rehabilitation progress, and coordinate
with healthcare providers to optimize medication timing
or behavioral strategies, such as managing caffeine or
alcohol consumption and minimizing screen exposure

before bedtime.

6.4. From data to action: Building a biofeedback loop

The true value of integrating wearables lies in establish-
ing a closed feedback loop between the patient, the exercise
specialist, and the data itself. Platforms such as Whoop,
Garmin Connect, and Oura Cloud already provide trend
dashboards and alert systems that can be connected to
telehealth platforms or electronic medical records. Through
these systems, patients can receive daily coaching cues
tailored to their recovery status, while clinicians are alerted
to signs of non-adherence or early physiological warning
indicators. Furthermore, these platforms empower patients
to actively manage their recovery using self-regulated
tools, such as breathwork routines, individualized sleep
scheduling, and guided active recovery practices. When
sleep metrics are combined with objective exercise testing
data —such as the 6-minute walk test (6MWT), VO, peak,
or strength assessments— the level of care becomes more
personalized, ultimately improving safety, adherence, and
patient engagement.

7. LIMITATIONS AND FUTURE CHALLENGES

Despite the promise of wearable technologies in ad-
vancing sleep monitoring and recovery assessment, several
challenges remain before these tools can be fully embedded
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into clinical exercise physiology and broader healthcare
practice. These limitations span device-level concerns, data
interpretation, population equity, and regulatory gaps.

7.1. Accuracy and validation

Most commercially available wearables are not regu-
lated as medical devices and vary widely in their validity and
reliability. While many can reasonably estimate total sleep
time and sleep onset, accuracy in detecting sleep stages
(especially REM and deep sleep) is limited and inconsistent
across devices and populations.?? Moreover, there is a lack
of standardized validation protocols across manufactur-
ers, which hinders the comparison of data from different
devices and weakens clinical decision-making. Although
some devices have shown improved agreement with PSG
in healthy adults (e.g., Dreem, Oura Ring), data in patients
with chronic diseases or sleep disorders remain sparse.
While wearable devices offer substantial cost savings over
traditional PSG —both in terms of per-unit pricing (200-500
€ for wearables versus 800-3,000 € per PSG study) and re-
duced operational burdens— their economic value must be
weighed against diagnostic limitations. Wearables excel in
longitudinal monitoring and scalability, enabling proactive
management of chronic conditions at a fraction of PSG’s
cost. However, their inconsistent accuracy in sleep staging
and event detection (e.g., apnea episodes) may necessitate
confirmatory PSG in diagnostic scenarios, offsetting poten-
tial savings. Future cost-benefit analyses should prioritize
hybrid models, where wearables screen for abnormalities
and triage high-risk patients to PSG, optimizing resource
allocation without compromising diagnostic rigor.>*

7.2. Algorithm transparency and proprietary data

Beyond cost and accuracy, the proprietary nature of wear-
able algorithms creates a“black box” problem. Clinicians and
researchers often have no access to raw data or algorithmic
logic used to derive sleep metrics, making it difficult to verify
or replicate findings. This lack of transparency undermines
scientific rigor and limits the interpretability of trends in
high-stakes clinical settings.*® While some platforms offer
API access or exportable data, this remains the exception
rather than the rule. Standardization of outputs and open-
source validation initiatives are urgently needed to ensure
consistency, credibility, and comparability across devices.
Consumer-grade wearable devices and smartphone apps
have significantly expanded public access to sleep moni-
toring tools. However, accuracy remains a major limitation,
particularly when compared with the gold-standard PSG.
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Studies have shown that devices such as the Fitbit and
Garmin Vivosmart 4 tend to overestimate total sleep time
and underestimate wake periods, especially in individuals
with sleep disorders like obstructive sleep apnea.’ Valida-
tion challenges stem from two key issues: (a) Proprietary
algorithms that block independent verification, and (b)
inconsistent protocols and outcome measures across stud-
ies.’®’? Emerging approaches include benchmarking against
PSG, expanding real-world validation trials, and applying
multi-sensor fusion techniques that combine PPG (optical
blood volume measurement), accelerometry, electroder-
mal activity (EDA; skin conductance), and ECG to enhance
precision.” While promising, the performance of these
multi-sensor platforms is still influenced by user-specific
factors such as body morphology, skin tone, sensor place-
ment, movement artifacts, and environmental noise, all
of which can degrade signal quality and alter algorithm
outputs.?? Despite these advancements, disparities in vali-
dation methodologies and a persistent lack of regulatory
oversight continue to hinder broader clinical adoption.’®"?
To move the field forward, future research must prioritize
large-scale validation trials in diverse clinical populations, the
development of open-source benchmarking standards, and
implementation of federated learning models that enable
personalized calibration while protecting user privacy.’*2"?
These steps are essential for establishing trust, transparency,
and clinical relevance in wearable-based sleep monitoring.

8. ARTIFICIAL INTELLIGENCE RISKS
AND ETHICAL CONSIDERATIONS

While Al enhances the clinical potential of wearable
sleep monitoring, it also raises pressing ethical and practical
concerns. A key area of uncertainty lies in the accountability
of automated decision-making systems. As wearables be-
come more diagnostic in function —offering personalized
recovery scores, adaptive pacing guidance, or alerts for
physiological anomalies— the question of liability becomes
critical. If an Al-driven platform fails to detect deterioration
in sleep or recovery status, or incorrectly advises exercise
intensity, responsibility may be unclear: Does it fall on the
clinician, the device manufacturer, or the developer of the
proprietary algorithm?

Another ethical dimension concerns patient autonomy
and informed consent. Most users are unaware of how their
data are processed or how algorithmic outputs influence
care. The opacity of proprietary algorithms exacerbates
this issue, undermining transparency and trust. Clinicians
often receive interpreted data without access to the raw
signals or algorithm logic, making it difficult to evaluate
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the appropriateness of recommendations or to explain
them to patients. Moreover, disparities in training data
can introduce algorithmic bias, potentially leading to
unequal care. If Al models are not validated across diverse
populations —including older adults, women, and ethnically
diverse groups— automated outputs may systematically
misclassify sleep stages or recovery trends, reinforcing
health inequities.

To support clearer clinical and regulatory oversight,
future research should include direct comparisons be-
tween Al-driven and traditional sleep scoring methods.
Such comparisons —ideally summarized in standardized
tables— would improve the interpretability of wearable
outputs and help establish safety margins and interven-
tion thresholds. In parallel, ethical frameworks should be
developed to govern the deployment of Al in rehabilitation,
emphasizing transparency, accountability, and the right of
patients to opt out of algorithmic feedback.

8.1. Health equity and digital access

Populations most likely to benefit from continuous
health monitoring —such as older adults, individuals with
chronic diseases, and those from lower socioeconomic
backgrounds— are paradoxically among the least likely to
have access to or feel comfortable using wearable technolo-
gies.”” Multiple barriers contribute to this digital divide,
including the high cost of devices and associated sub-
scriptions, limited digital literacy, the absence of age- or
disability-friendly interfaces, and the underrepresentation
of vulnerable populations in validation studies. Addressing
these disparities requires a multi-pronged approach that
emphasizes user-centered design, the development of
inclusive and representative datasets, and the formation
of community partnerships to promote equitable access,
engagement, and sustained adoption of wearable solutions
in clinical and rehabilitation settings.

8.2. Clinical integration and workflow

For wearable data to meaningfully impact care, it must
be seamlessly integrated into clinical workflows. Currently,
most data platforms are siloed from electronic health
records (EHRs), and clinicians lack the time or training to
interpret raw sleep data during routine visits.”” There is also
no consensus on actionable thresholds (e.g., how much
HRV decline warrants intervention). Development of clinical
decision support tools, automated flagging systems, and
interdisciplinary training are essential forimplementation
in rehabilitation, cardiology, and primary care settings.
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8.3. Regulatory and ethical concerns

As wearables become more diagnostic in function,
questions of data privacy, liability, and clinical responsibility
arise. Who is responsible when a device fails to alert a clini-
cian to deteriorating sleep? What legal protections exist for
patients sharing wearable data with insurers or employers?

There is a pressing need for regulatory frameworks that
address data ownership, security, and integration standards,
while protecting patients from algorithmic bias and misuse
of biometric data.

8.4. Gaps in validation and clinical translation

Despite the growing popularity of wearable sleep
technologies, critical gaps remain in their validation and
translation to clinical use. Most validation studies have been
conducted in healthy, middle-aged adults, leaving older
adults, individuals with chronic diseases, and those with
fragmented or atypical sleep patterns underrepresented.
For example, while devices like the Oura Ring and Dreem
headband show promising accuracy in general populations,
their performance in patients with neurodegenerative disor-
ders or post-stroke remains unclear. Moreover, the absence
of standardized validation protocols across manufacturers
makes it difficult to compare devices or draw consistent
conclusions. Studies often differ in whether they validate
total sleep time, sleep staging, or awakening detection,
leading to fragmented evidence. A harmonized validation
framework based on gold-standard PSG comparisons across
diverse populations is urgently needed.

A gap remains between the advanced capabilities
of wearables and their use in clinical practice. Despite
widespread consumer adoption, wearable data is rarely
integrated into electronic health records or used in routine
rehabilitation. Many clinicians lack training or confidence
in interpreting sleep metrics like HRV or REM percentages.
This limits clinical impact, especially when algorithms are
proprietary and lack transparency. Bridging this divide will
require collaborative validation, open Al outputs, and user-
friendly tools that turn raw data into actionable insights.

9. CONCLUSIONS

Wearable sleep monitoring —powered by Al— is trans-
forming how clinicians track recovery, manage chronic
conditions, and personalize care. By integrating biosignals
like HRV, sleep stages, and circadian rhythms, Al-enabled
systems move beyond passive tracking to deliver action-
able, individualized feedback in real time.
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To fully embed these tools into clinical exercise physi-
ology, critical gaps must be addressed: robust validation
across diverse populations, algorithm transparency, and
ethical integration into care pathways. Al offers immense
potential, but only when its outputs are explainable, in-
teroperable, and aligned with patient-centered outcomes.

V.J. MALLIOU et al

Sleep is no longer a passive state; it is a dynamic bio-
marker of recovery. With validated wearables and intelligent
analytics, clinicians can detect maladaptation early, tailor
interventions, and empower patients to co-manage their
rehabilitation. The future of recovery is personalized, data-
driven, and Al-enhanced.

MEPIAHYH
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Dopntoi aloONTriPEG KAl TEXVNTI) VOnHooUvn Yid TNV TapakoAovOnon tov Unvou:
E@appoyég oTNV amoKatdotacn Kai ot diaxeipion tng vyeiag
B.l. MAAAIOY,' I. MAOHZX,?2 X. KATZIKAZL," K. AAXKAANAKH?
"Turjua Emotriung Quoiknig Aywyrc kat ABAntiouou, XxoAri Emotrung Quotkng Aywyric kat AGAntiouou, EOBviko
kat Kamodiotplakd MNMavemotriuio ABnvwyv, ABnva, *Tunua Emotriunc Quotkric Aywyric kat ABAnTiouoU, SxoAn
Emotriuncg ®uoikrg Aywyrig, AGAntiouoU kat EpyoBsparsiag, Anuokpiteto MNavemotrjuio @pdkng, Kouotnvn

Apxeia EAAnvIKnG latpikric 2027, 44(1):88-97

OL @opNnTOoi AloONTAPEG ETIITPETOUV TN CUVEXTH KAl PN ETTEURATIKN TTAPAKOAOUONON TNG LYEIAG, UE EQAPHOYEG OTNV KAL-
VIKN €pyo@uaoioloyia Kal armokatdaotaon. O UTVog, wg BepeASNG TTapAyovTag yia TNV avappwaon Kal TV Tpoocap-
Moy, TTAPAUEVEL UTTOTIUNMEVOG OTNV EEWVOCOKOUELAKN ppovTida. To mapdv dpBpo e§eTAlEL TIG TEXVONOYIEG POPNTNG
TTAPAKoOAoVONONG TOU UTIVOU —OTTIWG TA £EUTTVA POAOYIA, TA SAXTUAISIO, TOUG UPACUATIVOUG aloONTAPEG Kal TIG KOP-
SENEG KEPANAG— YIA TNV IKAVOTNTA TOUG VA KATAYPAPOULV Ta oTASIa UTTVOU, TN HETABANTOTNTA TOU KapSlakol pub-
HMOU Kal Ta AVATIVEVUOTIKA TTPOTLTIA. Ta TToAVAIcONTNPEIAKA CUCTHAMATA TTOU EVOWHATWVOLV GWTOTANBuCuoypa®ia,
ETTITAXUVOIOMETPIA KAl NAEKTPOKAPSIOYPAPia TPOOPEPOLV BEATIWHEVN aKpPiEla OTIG HETPROELG. Ot KAWVIKEG EQPAPIO-
Y£G TTEPINAMBAVOLV TNV TTAPAKOAOUONON TNG AVAPPWONG O KAPSIOAOYIKN ATTOKATACTACN KAl TNV €yKalpn avixveu-
ON AVATVEUOTIKWY SlaTtapaxwVv KAtd Tov UTvo. QoTtdo0, UTTAPXOUV Kal TIOANEG TIPOKANOELG, OTTWG N EYKUPOTNTA Kal
n a&lomoTtia o€ ox€on HE TNV TTOALUTIVOYPA®IA, TIEPIOPLOHOI OXETIKA UE TOUG OAYOPIOUOUG, AVNOUXIEG AVAPOPIKA UE
To améppnTo SeSOUEVWY Kal aVICOTNTEG OTNV YNeLlakn mpdoBacn. Mapd Tig SUCKOAIEG, N popNnTH TTapakoAovbnon
TOU UTTVOU EPPAVICEL CNUAVTIKEG TIPDOOTITIKEG YA TNV EEATOUIKEVLON TWV CLUVTAYWY ACKNONG KAl TNV TTapakoAoubnon
TNG amokatdotaong o€ BABog xpdvou. MEANOVTIKEG EPELVEG Ba TIPETTEL VA E0TIACOUV OTNV AUCTN PN Kal SlaXPOVIKH
EMKUPWON TWV POPNTWV CUCTNUATWY TTAPAKOAOUONONG UTIVOUL O€ ETEPOYEVEIC TANOBLOPOUG, oTNn SlaPAvelq, EpN-
VELOLPOTNTA KAl SuVATOTNTA EAEYXOUL TWV AAYoPIOuwWY, KABWG Kal oTnV a§lomoinon TNG TEXVNTAG VONooUVNG Y TNV
mapoxr eEATOMIKEVPEVNG, £YKALlPNG KAl Bactopévng o€ amodeifelg avatpo@odotnong. Ot ev AOyw TTPooTIABELEG eival
KABOOPIOTIKEG yla TN BEATIOTOTIOINON TNG KAWVIKAG EQAPHOYNG TWV CUCKEVWYV, TNV UTTOOTHPLEN TNG ARWNG amo@AcE-
WV arrod TOUG EMAYYEAUATIEG LYEIAG KAl TNV EVIOXUON TNG ATTOTEAECHATIKOTNTAG TWV TTApEUBAcewy amokatdotaong,

UE TPOTIO TIPOCWITOKEVTPIKO Kal BlWolUo.
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