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Abstract

Background: Smart rings enable continuous physiological monitoring through finger-worn sensors. Despite growing consumer
adoption exceeding 2 million users globally, their clinical utility beyond sleep tracking remains unclear.

Objective: To systematically review evidence for smart ring applications in clinical medicine, assess measurement accuracy, and
evaluate clinical outcomes across medical domains.

M ethods: We searched PubMed/MEDLINE, Embase, and Cochrane Library through July 31, 2025, for studies using smart rings
in clinical applications. Inclusion criteria: adults 718 years, commercialy available smart rings, health-related outcomes, and
English language. We excluded pure validation studies, device development papers, and pediatric populations. Two reviewers
independently screened studies and extracted data. Risk of bias was assessed using ROBINS-1 and RoB 2.0.

Results: From 862 citations, 107 studies met inclusion criteria (85 non-randomized studies, 14 case reports/series, 8 randomized
trials) including approximately 100,000 participants. Studies were equally distributed between sleep (n=51, 47.7%) and non-
sleep applications (n=56, 52.3%). The Oura Ring dominated research (77 studies, 72.0%). Smart rings demonstrated high
accuracy: heart rate r=0.996 versus el ectrocardiography, heart rate variability (HRV) r=0.980, sleep detection 93-96% sensitivity.
Non-sleep applications have demonstrated predictive capabilities across various fields: COVID-19 detected 2.75 days before
symptoms (82% sensitivity, 63% specificity, n=63,153); inflammatory bowel disease flares predicted 7 weeks early (72%
accuracy); bipolar episodes detected 3-7 days early (79% sensitivity); postoperative pain predicted with 70% accuracy (AUC
0.762). Gastric cancer patients showed 86% HRV reduction versus controls and HRV correlated with tumor size, tumor
infiltration, lymph node metastasis and distant metastasis. However, 65% of studies had moderate-to-high risk of bias. Critical
limitations included small samples (median 47-89 excluding outliers), proprietary algorithms preventing reproducibility (89% of
studies), poor diversity reporting (only 35% reported race/ethnicity), and declining adherence (80% at 3 months to 43% at 12
months).

Conclusions; Smart rings have evolved beyond sleep tracking, with egual sSleep/non-sleep applications confirming
transformation into clinical tools capable of early disease detection through autonomic monitoring. Evidence supports use in
deep disorders, mental health monitoring, and chronic disease management. However, single-manufacturer predominance,
algorithmic opacity, population homogeneity, and adherence challenges require attention before widespread clinical
implementation.
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initiation of this study.

ABSTRACT

Background: Smart rings enable continuous physiological monitoring through finger-worn sensors. Despite growing
consumer adoption exceeding 2 million users globally, their clinical utility beyond sleep tracking remains unclear.
Objectives: To systematically review evidence for smart ring applications in clinical medicine, assess measurement
accuracy, and evaluate clinical outcomes across medical domains.

Methods: We searched PubMed/MEDLINE, Embase, and Cochrane Library through July 31, 2025, for studies using
smart rings in clinical applications. Inclusion criteria: adults =18 years, commercially available smart rings, health-
related outcomes, and English language. We excluded pure validation studies, device development papers, and pediatric
populations. Two reviewers independently screened studies and extracted data. Risk of bias was assessed using ROBINS-
I and RoB 2.0.

Results: From 862 citations, 107 studies met inclusion criteria (85 non-randomized studies, 14 case reports/series, 8

randomized trials) including approximately 100,000 participants. Studies were equally distributed between sleep (n=51,

https://preprints.jmir.org/preprint/83508 [unpublished, non-peer-reviewed preprint]



JMIR Preprints Gong et a

47.7%) and non-sleep applications (n=56, 52.3%). The Oura Ring dominated research (77 studies, 72.0%). Smart rings
demonstrated high accuracy: heart rate r=0.996 versus electrocardiography, heart rate variability (HRV) r=0.980, sleep
detection 93-96% sensitivity. Non-sleep applications have demonstrated predictive capabilities across various fields:
COVID-19 detected 2.75 days before symptoms (82% sensitivity, 63% specificity, n=63,153); inflammatory bowel
disease flares predicted 7 weeks early (72% accuracy); bipolar episodes detected 3-7 days early (79% sensitivity);
postoperative pain predicted with 70% accuracy (AUC 0.762). Gastric cancer patients showed 86% HRV reduction
versus controls and HRV correlated with tumor size, tumor infiltration, lymph node metastasis and distant metastasis.
However, 65% of studies had moderate-to-high risk of bias. Critical limitations included small samples (median 47-89
excluding outliers), proprietary algorithms preventing reproducibility (89% of studies), poor diversity reporting (only
35% reported race/ethnicity), and declining adherence (80% at 3 months to 43% at 12 months).

Conclusion: Smart rings have evolved beyond sleep tracking, with equal sleep/non-sleep applications confirming
transformation into clinical tools capable of early disease detection through autonomic monitoring. Evidence supports
use in sleep disorders, mental health monitoring, and chronic disease management. However, single-manufacturer
predominance, algorithmic opacity, population homogeneity, and adherence challenges require attention before
widespread clinical implementation.

Keywords: smart ring; wearable devices; digital health; remote monitoring; clinical medicine
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INTRODUCTION

Advances in digital health technologies have enabled continuous monitoring of behavioural and physiological signals
through wearable devices.' These devices collect real-time data on individuals' daily activity, heart rate (HR), sleep and
other health metrics, providing a more comprehensive view of patient health than traditional sporadic measurements [1].
The global wearable device market is now a multi-billion-dollar industry [2-4]. Wearables come in various forms—
smartwatches, activity bands, patches, ear buds, clothing-embedded sensors and rings—that incorporate sensors to
measure step counts, physical activity intensity, movement patterns, HR and rhythm, blood pressure, oxygen saturation,
sleep, and body temperature, generating rich longitudinal datasets that may reveal subtle physiological changes preceding
clinical manifestations [1,5]. Devices may be classified as consumer-grade, research-grade or medical-grade [6].

Among wearables, smart rings are emerging as discrete, finger-worn devices that leverage the finger's rich vascular
anatomy to capture high-quality photoplethysmographic signals [7,8]. The thin skin, consistent pressure and absence of
large muscles on the finger improve optical sensor contact and reduce motion artifacts, enabling accurate measurements
of HR, respiratory rate, blood oxygen saturation and sleep cycles [7,9,10]. Finger-worn devices offer high signal clarity
and are lightweight and comfortable for 24/7 monitoring [10,11]. finger-based PPG sensors can achieve a high
signal-to-noise ratio when properly placed [2,7,12]. Despite these advantages, the market of finger-worn wearables is
small compared with wrist- or chest-mounted devices [9].

Accuracy and reliability remain critical challenges [13]. Device algorithms must balance precision with comfort and
battery life, and wearable data often require complex interpretation and clinical oversight [1]. Data privacy, regulatory
and reimbursement issues, and limited capacity of healthcare staff to monitor large data streams also hinder clinical
adoption [1,13].

Although smart rings have gained attention for general wellness, their clinical utility is not well characterized [9,13].
Evidence is emerging on applications in sleep monitoring, autonomic function assessment, pain prediction, infectious-
disease detection and obstetric monitoring [8,9,14]. This is the first systematic review to synthesize evidence on smart
rings' clinical utility across multiple medical domains. Our objectives were to summarise the domains in which smart
rings have been evaluated, assess their measurement accuracy and clinical outcomes, identify methodological limitations,
and discuss implications for healthcare integration.

METHODS

https://preprints.jmir.org/preprint/83508 [unpublished, non-peer-reviewed preprint]
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This systematic review followed the PRISMA 2020 reporting guidelines [15] and was registered in PROSPERO
(1122044).

We searched PubMed/MEDLINE, Embase, and Cochrane Library (inception to July 31, 2025) for human studies
evaluating finger-worn smart rings. Search strategies incorporated keywords and indexed terms including "smart ring,"

non

"finger-worn," "ring-shaped wearable," and device names (Table 1). Grey literature sources were searched to reduce
publication bias.

Eligible studies were original reports using smart rings for clinical applications. We included observational studies,
diagnostic accuracy studies, trials, case series/reports, and prediction models. Technical papers without human data were
excluded and only full-text English-language publications were included. The search strategy for relevant articles is
described in Table 1. Two reviewers (EJ Gong and CS Bang) independently screened and extracted data and

disagreements were resolved by consensus or consultation with a third author (JJ Lee). Risk of bias was assessed using

ROBINS-I [16]and RoB 2 [17] Given clinical heterogeneity, we synthesised results narratively by domain.

Table 1. Searching strategy to find the relevant articles.

Database: MEDLINE (through PubMed)

#1 "smart ring"[tiab] OR "ring-shaped wearable"[tiab] OR "finger-worn"[tiab]: 61
#2 "Oura"[tiab] OR "Circul"[tiab] OR "CART-I"[tiab]: 143
#3 #1 OR #2: 188

#4 #3 AND English[Lang]: 186

Database: Embase

https://preprints.jmir.org/preprint/83508 [unpublished, non-peer-reviewed preprint]
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#1 'smart ring"ab,ti,kw OR 'ring-shaped wearable':ab,ti,kw OR 'finger-worn':ab,ti,kw: 549
#2 'Oura"ab,ti,kw OR 'Circul":ab,ti,kw OR 'CART-I ":ab,ti,kw: 267
#3 #1 OR #2: 790

#4 #3 AND ([article]/lim OR [article in press]/lim OR [review]/lim) AND [English]/lim: 371

Database: Cochrane Library

#1 'smart ring':ab,ti, kw OR 'ring-shaped wearable":ab,ti,kw OR 'finger-worn".ab,ti,kw: 32

#2 'Oura":ab,ti,kw OR 'Circul':ab,ti,kw OR 'CART-I ":ab,ti,kw: 54

#3 #1 OR #2: 82

RESULTS

https://preprints.jmir.org/preprint/83508 [unpublished, non-peer-reviewed preprint]
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Study selection and inclusion

Gong et a

Literature search yielded 639 records from databases and 7 additional records from manual screening. After removing

duplicates, 500 unique records remained. Following title/abstract screening, 275 full-text articles were assessed for

eligibility. Of these, 168 were excluded. Ultimately, 107 studies met inclusion criteria (Figure 1).

Figure 1. Study selection flow

Records identified through database
searching (n=639)

-PubMed (n=186)

-Embase (n=371)

-Cochrane library (n=82)

Additional records identified
through hand searching

n=7)

h 4

A

A

Records after duplicates removed (n=500)

A 4

h 4

Records excluded (n=225)

Full-text papers assessed for eligibility (n=275)

v

Studies included in qualitative synthesis (n=107)

Study characteristics

Full-text papers excluded, with reasons
(n=168)

-Narrative review (n=2)

-Study with incomplete data (n=141)
-Systematic review or meta-analysis (n=4)
-Study protocol (n=8)

-Editorial or comment or letter (n=1)
-Proceeding or abstract (n=13)

The 107 included studies covered 85 non-randomized studies, 14 case reports/series, 8 randomized trials. Studies were

published between 2019-2025, with 69.2% published in 2024-2025. Collectively enrolling approximately 100,000

participants, though skewed by large datasets (the largest 63,153 individuals).18 Sample sizes ranged from single cases to

tens of thousands. Most studies recruited healthy volunteers, though some targeted specific patient populations. Research

split almost evenly between sleep-related applications (n=51, 47.7%) and non-sleep applications (n=56, 52.3%). The

Oura Ring featured in 72% of studies. Other devices included the Circul ring for pulse oximetry, CART-I cuffless blood

pressure ring, Movano's oxygen-sensing ring, and Moodmetric stress-tracking ring (Multimedia Appendix 1)

Sleep studies

Study design and populations of sleep studies

Among the 51 sleep studies, observational designs predominated (n=35, 68.6%), followed by cross-sectional studies

(n=11, 21.6%), randomized studies (n=3, 5.9%), and case reports/series (n=2, 3.9%). Studies encompassed healthy adults

(n=8), healthcare workers (n=3), athletes (n=6), and clinical populations with sleep-disordered breathing, chronic pain,

https://preprints.jmir.org/preprint/83508
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dementia, and post-surgical patients (Multimedia Appendix 1).

Device performance in sleep assessment

Validation against polysomnography

Multiple validation studies established accuracy for sleep detection. Robbins et al. demonstrated 95% sensitivity with
83% specificity using the Oura Ring [19]. The latest Oura Ring Generation 3 showed sensitivity of 94.4-94.5% and
specificity of 73.0-74.6% across 421,045 epochs [20]. However, sleep staging accuracy remained challenging at 53.18%
[21]. Multi-device comparison studies revealed variable performance, with intraclass correlation coefficient of 0.77 for

total sleep time but poor agreement for sleep stages [22].

Sleep-disordered breathing detection

Smart rings showed promising results for detecting sleep breathing disorders. The Circul ring demonstrated exceptional
correlation (R2=0.9012) with polysomnography [23]. Zhao et al. achieved 87% sensitivity and 83% specificity for
detecting apnea-hypopnea index >5 events/hour with area under the curve (AUC) of 0.929 [24]. The Belun platform

showed 77.6% sensitivity and 85.3% specificity for obstructive sleep apnea diagnosis [25].

Clinical applications in sleep

Perioperative and acute care settings in sleep studies

Sleep monitoring revealed critical clinical insights. Debbiche et al. found gynecologic surgery patients with high
preoperative sleep efficiency had 3-fold lower postoperative complication rates [26]. Donahue et al. documented

significant sleep architecture disruption within 72 hours post-concussion [27].

Sleep interventions

Controlled trials evaluated sleep improvement interventions. Hausenblas et al. demonstrated magnesium-L-threonate
supplementation significantly improved multiple sleep parameters [28]. Breus et al. found a pressure-releasing grid
mattress improved sleep quality metrics [29]. However, Armitage et al.'s randomized trial of a sleep app showed no

significant improvement [30].

Special populations

Sleep patterns varied significantly across different populations and contexts. In dementia care, Ju et al. found significant

https://preprints.jmir.org/preprint/83508 [unpublished, non-peer-reviewed preprint]
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correlations between sleep parameters of 11 patients and their 11 family caregivers, suggesting bidirectional sleep
influences in caregiving dyads [31]. University freshmen showed markedly disrupted sleep patterns, with Soon et al.
reporting bedtimes 71.76 minutes later than optimal and 42.6% of 638 students waking after class start times [32].
Professional athletes demonstrated context-dependent sleep variations, with Font et al. documenting moderate differences

in total time in bed between home matches and travel days in elite handball players [33].

Large-scale population sleep studies
Willoughby evaluated 1.5 million nights of sleep data from 57,240 Oura Ring users, revealing that travel-related sleep
timing disruption required more than 15 days for full recovery [34]. Viswanath et al. identified 13 distinct sleep

phenotypes from 5 million nights of data in 33,152 individuals, with transition patterns differing by health status [35].

Non-sleep physiological studies

Study design and populations of non-sleep physiological studies

Among the 56 non-sleep physiological monitoring studies, observational designs were most common (n=35, 62.5%),
followed by cross-sectional studies (n=13, 23.2%), case reports/series (n=6, 10.7%), and randomized controlled trials
(n=2, 3.6%). Study populations included healthy volunteers (n=16), disease-specific cohorts including inflammatory
bowel disease (IBD) (n=309), bipolar disorder (n=127), COVID-19 patients (n=73), and pregnant women. Sample sizes
ranged from single case reports to population-level investigations with 63,153 participants [18], demonstrating the
scalability of smart ring applications from personalized medicine to public health surveillance (Multimedia Appendix

1).

Cardiovascular and metabolic monitoring

Heart rate and heart rate variability validation

Extensive validation studies confirmed cardiac monitoring accuracy. Liang et al. demonstrated correlations exceeding 0.9
for HR variability (HRV) measurements [36]. Kinnunen et al. reported r2=0.996 for HR and r?=0.980 for HRV [37]. Age-

related differences were noted, with accuracy varying between younger and older populations.

Advanced cardiac applications
The CART-I ring showed exceptional performance for arrhythmia detection in 25 patients, achieving 94% overall

sensitivity with 100% sensitivity for ventricular fibrillation and 90% for ventricular tachycardia detection, with intraclass

https://preprints.jmir.org/preprint/83508 [unpublished, non-peer-reviewed preprint]
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correlation coefficient of 0.998 for event duration measurements [38]. For blood pressure monitoring, Kim et al.
validated a cuffless smart ring system in 89 healthy adults showing minimal bias (systolic: 0.16+5.90 mmHg, diastolic: -

0.07+4.68 mmHg) with correlation coefficients of 0.94-0.95 [39].

Metabolic monitoring
Novel bioimpedance technology enabled non-invasive glucose monitoring with accuracy within +20 mg/dL for 83.6% of
measurements [40]. Temperature assessments revealed connections between body temperature and depression in 20,880

individuals [41].

Women's health and reproductive monitoring

Menstrual cycle physiology

Comprehensive menstrual cycle tracking revealed distinct physiological patterns. Alzueta et al. documented biphasic
temperature and HRV across 117 women, with HR lowest during menses [42]. Maijala et al. quantified temperature
differences of 0.23-0.30°C between follicular and luteal phases using nocturnal finger skin temperature in 22 women

[43]. Findings were corroborated in Olympic athletes [44].

Ovulation and fertility
The Oura Ring demonstrated 96.4% ovulation detection rate across 1,155 ovulatory cycles from 964 women, with mean

prediction error of 1.26 days compared to 3.44 days for calendar-based methods, representing a 3-fold improvement [45].

Pregnancy monitoring and prediction
Continuous monitoring revealed distinct physiological trajectories. Keeler Bruce et al. tracked 120 pregnancies,
identifying temperature deviations distinguishing outcomes [14]. Machine learning (ML) approaches achieved <2 days

error at 8 days before labor onset [46]. Erickson et al. reported 79% accuracy within a 4.6-day prediction window [47].

Disease detection and prediction

Infectious disease surveillance

Smart rings demonstrated early disease detection capabilities. For COVID-19, Mason et al. achieved 82% sensitivity with
63% specificity, detecting infections 2.75 days before testing in 63,153 participants.’® Military applications showed

similar promise with AUC 0.82 and 2.3 days lead time [48]. For influenza, Hadid et al. developed ML models achieving

https://preprints.jmir.org/preprint/83508 [unpublished, non-peer-reviewed preprint]
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AUC 0.89 for predicting systemic inflammatory response [49].

Chronic disease management

Continuous monitoring enabled prediction of disease exacerbations. In 309 IBD patients, Hirten et al. identified HRV
patterns that differed between flare and remission states, with changes detectable 7 weeks before clinical flares [50]. For
mental health conditions, Ortiz et al. demonstrated that activity variability detected depressive episodes in bipolar
disorder 7.0 days earlier than sleep changes, with 79% sensitivity in 127 patients [51]. However, device limitations were
noted in neurological conditions, with Reithe et al. finding poor cross-device compatibility for Parkinson's disease

monitoring in 15 patients and 16 controls [52].

Mental health and cognitive applications

Depression and mood disorders

Multiple approaches showed promise for mental health monitoring. Borelli et al. achieved Fl1-score of 0.744 for
depression detection using multimodal passive sensing and machine learning in 28 undergraduates [53]. Large-scale
analysis by Mason et al. revealed associations between elevated body temperature and depressive symptoms in 20,880
individuals [41]. Fudolig et al. identified two fundamental HR dynamics patterns that correlated with mental health

outcomes in 599 college students [54].

Stress and anxiety management

Intervention studies demonstrated measurable improvements. Balsam et al.'s mindfulness app study in 20 pregnant
women showed significant reductions in stress (p=0.005), anxiety (p=0.01), and pregnancy-specific anxiety (p<0.0001)
with physiological correlates captured via Oura Ring [55]. Healthcare workers during the pandemic showed improved

resilience with structured interventions monitored through wearables [56].

Cognitive function

Smart rings enabled objective cognitive assessment. Rovini et al. successfully differentiated 8 mild cognitive impairment
patients from 10 healthy controls using reach-to-grasp motion analysis [57]. In community-dwelling older adults, Qin et
al. found sleep regularity strongly correlated with executive function performance in 773 participants aged 65-80 years

[58].

https://preprints.jmir.org/preprint/83508 [unpublished, non-peer-reviewed preprint]
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Physical activity and performance

Validation studies

Activity tracking showed variable accuracy. Kristiansson et al. reported strong correlations for step count (r=0.93
laboratory, 1>0.76 free-living) and energy expenditure validation in 32 healthy adults [59]. However, Niela-Vilen et al.
found systematic overestimation in 42 adults, with Oura overestimating steps by 1,416 daily and sedentary time by 17

minutes compared to ActiGraph accelerometer [60].

Athletic performance and recovery

Smart rings provided insights into athlete physiology. Bigalke et al. demonstrated that >7 hours sleep correlated with
peak power output in 24 Division I baseball players [61]. Smith et al. revealed divergent effects of energy availability on
recovery in 20 endurance athletes, with 24-hour exercise-induced low energy availability extending total sleep time while

diet-induced restriction reduced mean overnight heart rate [62].

Novel clinical applications

Emergency medicine

Smart rings enhanced emergency care delivery. Lee et al. developed a proof-of-concept device with compression depth
estimation accuracy within 1.4-2.2mm absolute error in 4 emergency medical professionals [63]. They validated its
performance in the following randomized trial. Ahn et al.'s study in 20 healthy volunteers showed ring-guided

cardiopulmonary resuscitation achieved 88.7% accurate rate-depth proportion versus 22.6% in controls (p=0.033) [64].

Occupational health

Workplace implementations demonstrated feasibility and clinical utility. In US Navy shipboard personnel, Kubala et al.
reported 71+38% individual adherence rates in 853 personnel, establishing operational feasibility in challenging
environments [65]. Police officers showed HRV fluctuations that predicted stress and somatization changes, as

documented by de Vries et al. in 68 officers [66].

Population health surveillance
Large-scale monitoring enabled syndromic surveillance. Kasl et al. demonstrated fever detection capabilities in 16,794
participants [67]. During pregnancy, continuous monitoring proved feasible with >80% adherence until late pregnancy in

15 Hispanic women, though postpartum adherence dropped to 31% [68].

https://preprints.jmir.org/preprint/83508 [unpublished, non-peer-reviewed preprint]
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Methodological quality

According to ROBINS-I assessment for observational studies, overall risk of bias was low in 16 studies (15.0%),
moderate in 56 studies (52.3%), and high in 35 studies (32.7%). Primary sources of bias included: Small sample sizes,
particularly in pilot studies and case reports (n<10 in 8 studies), Disease-specific populations limiting generalizability,
Lack of polysomnography validation for sleep studies (noted in 35% of sleep studies), Missing data and variable
adherence rates (ranging from 31% to 87%), and Reliance on self-reported outcome measures for subjective symptoms.
For randomized trials (RoB 2.0), two studies showed moderate risk and five showed high risk of bias, primarily due to
lack of blinding, missing outcome data, and COVID-19 pandemic disruptions affecting study protocols (Multimedia

Appendix 1).

https://preprints.jmir.org/preprint/83508 [unpublished, non-peer-reviewed preprint]
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DISCUSSION

This systematic review of 107 studies encompassing approximately 100,000 participants reveals that smart
rings have evolved substantially beyond their origins as sleep trackers. The near-equal distribution between
sleep (47.7%) and non-sleep applications (52.3%) marks a pivotal transition in the field, demonstrating
their emergence as versatile clinical tools capable of continuous physiological monitoring across diverse
medical domains.

Our findings demonstrate robust measurement accuracy for core physiological parameters, with HR
showing exceptional correlation and HRV compared to gold-standard electrocardiography [37]. These
accuracy levels exceed those reported for many wrist-worn devices, likely due to the finger's superior
vascular anatomy and reduced motion artifacts during measurement [7,10]. The clinical significance
extends beyond accuracy metrics—smart rings demonstrated predictive capabilities that could transform
disease management paradigms. The ability to detect COVID-19 2.75 days before symptom onset [18] and
predict IBD flares 7 weeks in advance [50] represents a shift from reactive to proactive healthcare delivery.

The expansion into women's health applications deserves particular attention. The 96.4% ovulation
detection accuracy® and ability to predict labor onset within 2 days error at 8 days before delivery [46]
could revolutionize reproductive health monitoring. These capabilities, combined with continuous
pregnancy monitoring that distinguished outcomes based on temperature patterns [14], suggest smart rings
could address critical gaps in women's health surveillance, particularly in resource-limited settings where
access to frequent clinical monitoring is challenging.

The clinical utility of HRV measurement extends beyond these applications. Traditional
electrocardiography studies have shown that HRV decreases by 86% in gastric cancer patients and
correlates with tumor progression markers [69], suggesting that smart rings' accurate HRV monitoring
capability could potentially enable non-invasive cancer progression surveillance.

While the large aggregate sample size and diversity of applications represent strengths, several critical
limitations threaten the generalizability and clinical translation of these findings. The overwhelming
dominance of the Oura Ring (72%) creates a concerning single-point dependency that limits cross-platform
validation and raises questions about the generalizability of findings to other devices. This concentration

mirrors early smartwatch research dominated by Apple Watch studies, potentially creating vendor lock-in
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effects that could limit clinical adoption [13].

The proprietary nature of algorithms used in 89% of studies represents a fundamental barrier to scientific
reproducibility and clinical validation. Without access to underlying computational methods, independent
verification becomes impossible, potentially masking device-specific biases or limitations. This algorithmic
opacity contrasts sharply with traditional medical devices where measurement principles are transparent
and standardized [6].

Population homogeneity poses another significant challenge. Only 35% of studies reported race/ethnicity
data, and most participants were young, healthy, educated individuals from high-income countries. Given
known variations in photoplethysmographic signal quality across skin tones and the documented disparities
in wearable device accuracy among different ethnic groups [7], this homogeneity severely limits the
applicability of findings to diverse clinical populations who might benefit most from remote monitoring.

The documented decline in adherence from 80% at 3 months to 43% at 12 months reveals a critical
implementation challenge that transcends technical accuracy. This adherence trajectory, while better than
some digital health interventions, remains insufficient for chronic disease management requiring
continuous monitoring [68]. The reasons for discontinuation—including comfort issues, battery life
constraints, and data interpretation burden—highlight the need for user-centered design improvements and
clinical workflow integration strategies [2,12].

Our findings align with and extend previous systematic reviews of wearable devices in clinical settings
[1,2,9]. While prior reviews focused primarily on measurement validation [9], our analysis reveals the
transition toward clinical outcome prediction and intervention guidance. The balanced distribution between
sleep and non-sleep applications contrasts with earlier reviews that emphasized sleep as the primary use
case, confirming the technology's maturation beyond its initial consumer wellness focus [4,5].

Several priority areas emerge for advancing smart ring clinical applications. First, multi-vendor
validation studies using standardized protocols are essential to establish device-agnostic clinical guidelines.
Second, algorithm transparency through open-source initiatives or regulatory requirements could enhance
scientific rigor and clinical trust [6]. Third, purposeful recruitment of diverse populations, particularly those
with chronic conditions and from underrepresented groups, is critical for ensuring equitable healthcare

applications [3].
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The integration of smart rings into clinical workflows requires careful consideration of data
management, interpretation, and liability issues. The volume of continuous data generated presents both

opportunities and challenges for healthcare systems already struggling with information overload [1].

Limitations

This review has several limitations. The heterogeneity of populations, devices, and outcomes precluded
meta-analysis, limiting quantitative synthesis. Publication bias toward positive findings may overestimate
device performance, particularly given the prevalence of industry-sponsored studies. The rapid evolution of
smart ring technology means newer devices and algorithms may have addressed some identified

limitations.

Conclusions

Smart rings demonstrate accuracy and predictive capabilities across clinical domains, with equal sleep/non-
sleep distribution confirming evolution from wellness devices to clinical tools. However, device diversity
limitations, algorithmic transparency, population representativeness, and long-term adherence challenges
require attention through rigorous research and user-centered design to realize potential for enhanced

clinical care.
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