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Objective: This study validated the accuracy of an artificial-intelligence (AI) smartwatch algorithm that directly estimates the apnea– 
hypopnea index (AHI) by comparing its performance with AI-scored Level 1 polysomnography (PSG) in Korean adults. The model 
was trained in South-American cohorts, allowing inter-ethnic validation.
Methods: A total of 90 adults underwent simultaneous Level 1 PSG and smartwatch recording. Fifty-three datasets with ≥ 3 hours of 
valid watch data were analyzed. AHI values were obtained as follows: expert-scored PSG (pAHI), AI-scored PSG (aiAHI), and 
smartwatch output (eAHI). Agreement was assessed with Spearman correlation, intraclass correlation coefficients, and receiver-oper
ating-characteristic curves.
Results: eAHI correlated strongly with aiAHI (ρ = 0.88, ICC = 0.87) and pAHI (ρ = 0.85, ICC = 0.82). For detecting moderate-to-se
vere OSA (aiAHI ≥ 15 events/h), the smartwatch algorithm yielded 92.3% sensitivity, 92.6% specificity, and 92.5% overall accuracy. 
Bland–Altman analysis revealed systematic underestimation of actual AHI by the smartwatch, particularly in mild OSA.
Conclusion: This study demonstrates that the evaluated smartwatch-based AHI estimation algorithm shows high concordance with 
PSG-derived values, particularly for the detection and classification of moderate to severe OSA. However, it should be noted that this 
smartwatch algorithm tends to underestimate the AHI of OSA due to limitations in scoring unit and recording duration calculation. 
These findings support the clinical utility of wearable technology as a practical and scalable tool for early identification and 
longitudinal monitoring of OSA in real-world environments, while highlighting the need for further optimization to accurately detect 
mild cases.
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Introduction
The global prevalence of obstructive sleep apnea (OSA) is approximately 54%.1 Recent trends show a significant 
increase in OSA prevalence, from 0.14% in 2003 to 4.59% in 2020.2 This increase has been attributed to rising obesity 
rates, greater awareness of OSA, and expanded diagnostic capabilities.2 Recently, OSA has been increasingly recognized 
as an important independent risk factor for coronary artery disease3 and stroke development.4 This association is 
attributed to repetitive intermittent hypoxemia during sleep, which increases oxidative stress and impairs endothelial 
function, leading to vasodilation dysfunction, inflammatory responses, and accelerated atherosclerosis, ultimately result
ing in coronary atherosclerosis and vascular events such as myocardial infarction and stroke.3,4 Despite these associations 
between OSA and various serious health risks, approximately 80% of patients with OSA worldwide remain undiagnosed 
and untreated,2,5 with the resulting socioeconomic burden reported to reach approximately $150 billion annually in the 
United States alone.6

Considering the growing number of diagnosed OSA patients, high rates of underdiagnosis, and increased risk of 
cardiovascular and metabolic complications associated with OSA,7 prompt and accurate diagnosis is important. However, 
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Level 1 polysomnography (PSG), the current gold standard for OSA diagnosis, requires patients to spend a night in 
a hospital equipped with monitoring equipment. This method is expensive, requires specialized personnel, and can 
process a limited number of patients daily. Additionally, access to testing is particularly difficult in medically underserved 
areas.

Home sleep testing (HST) was introduced to overcome the limitations of polysomnography by recording key 
physiological signals (respiratory flow, effort, oxygen saturation, heart rate, position) in patient homes. During the 
COVID-19 pandemic, HST adoption accelerated significantly.8 American Academy of Sleep Medicine (AASM) and 
other international societies recommend HST as a viable PSG alternative for patients without severe cardiovascular 
disease or central sleep apnea, with evidence supporting comparable diagnostic accuracy in select populations.9–11 

Despite its advantages, HST has limitations: it requires a physician’s prescription, involves substantial costs, lacks 
electroencephalography (EEG) recordings for sleep architecture assessment, demands skilled visual analysis, and cannot 
be easily repeated on a daily basis to capture apnea-hypopnea index (AHI) variability.12–14

To overcome these limitations, wearable devices have been proposed as alternative methods for OSA diagnosis.15–18 

While wearable devices have the advantages of portability, accessibility, and continuous monitoring, most wearable- 
based OSA diagnostic methods have focused on screening or severity classification rather than accurately estimating the 
AHI. Some devices have shown promising results in controlled research settings,15,17–22 but few real-world validation 
studies evaluating diagnostic accuracy across diverse clinical environments have been performed. This lack of practical 
validation limits the utilization of wearable devices as reliable diagnostic tools for OSA.

The OSA detection algorithm developed by Samsung Electronics (Suwon, Korea) received Food and Drug 
Administration (FDA) de novo approval (DEN230041, February 6, 2024) for detecting signs of moderate to severe 
obstructive sleep apnea in adults aged 22 years and older during a two-night monitoring period. Photoplethysmography 
(PPG) sensors emit red and infrared light onto the skin to detect blood volume changes and measure peripheral oxygen 
saturation (SpO₂) by analyzing differences in hemoglobin light absorption based on oxygen binding status.23 During 
sleep apnea events, SpO₂ drops rapidly, and these desaturation patterns can be captured through continuous monitoring 
by wearable devices. Apnea events are detected by analyzing repetitive SpO₂ desaturation patterns, and this data is input 
into AI-based algorithms to estimate the AHI during sleep. The designed algorithm estimates AHI values through SpO₂ 
detection by the wearable device.

However, because anthropometric and craniofacial risk factors for OSA vary across ethnicities, and most prior 
wearable-device studies did not evaluate their algorithms in ethnically diverse cohorts, validating this algorithm 
originally trained on South American populations in an independent Korean cohort provides a more rigorous assessment 
of its cross-ethnic generalizability. Therefore, this study aimed to validate the accuracy of the smartwatch-based AHI 
estimation algorithm compared with Level 1 PSG in Korean subjects.

Materials and Methods
Study Design and Protocol
This prospective, single-center, open-label study was conducted from January 2024 to September 2024. Participants, 
including healthy individuals and those with OSA of varying severity, were recruited using two distinct methods. 
Separate recruitment advertisements were posted for the control and patient groups. The control group consisted of 
individuals without snoring or sleep apnea symptoms, excluding those previously diagnosed with or treated for OSA. 
Recruitment for this group was conducted through offline posters. The patient group included individuals presenting with 
symptoms of snoring or sleep apnea, also excluding those previously diagnosed with or treated for OSA. Patients with 
mild OSA were recruited through offline advertisements, while those with moderate to severe OSA were enrolled from 
a tertiary medical center, where they presented with sleep apnea as their primary symptom.

All participants completed the STOP-Bang questionnaire as part of the screening process. A license for the use of the 
STOP-Bang questionnaire was obtained from the copyright holder. Control candidates were required to have a STOP- 
Bang score of 0, whereas patient candidates with a score of 2 or higher were selected for final inclusion in the study. An 
otolaryngologist collected sleep-related medical history from all study participants and conducted an upper airway 
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assessment from the nasal cavity through the nasopharynx to the larynx. All PSG recordings were conducted according to 
standard protocols using Level 1 criteria by AASM-certified sleep technologists. PSG recordings were scored indepen
dently by two board-certified neurologists following the AASM criteria. Discrepancies were resolved by consensus, and 
inter-rater reliability results for primary metrics demonstrated high agreement (intraclass correlation coefficients [ICCs] > 
0.8). The study protocol was approved by the Institutional Review Board of Samsung Medical Center prior to 
implementation (IRB No.: 2023-03-07-154). All participants provided written informed consent prior to enrollment. 
The study was conducted in accordance with the principles outlined in the Declaration of Helsinki.

The minimum required sample size was calculated to be 74 participants using the Power Analysis and Sample Size 
Software program (PASS, 2023),24 with an expected ICC value of 0.90625,26 and a 95% confidence interval of 
0.85–0.94. Considering an anticipated dropout rate of 17%, we planned to recruit 90 subjects. The inclusion criterion 
of age 22 years or older was chosen to align with the FDA de novo approval requirements for the wearable device, 
ensuring consistency with the regulatory indications for its clinical use. Exclusion criteria were atrial fibrillation, 
pregnancy, and skin conditions that could interfere with sensor operation. Written informed consent was obtained from 
all participants.

Research participants underwent a one-night Level 1 PSG at a hospital affiliated with our institution, where AASM- 
certified sleep technicians supervised the study. The date of the PSG test was scheduled by coordination between the 
hospital and the participants. Participants were instructed to wear the smartwatch during the PSG test. Prior to the PSG 
test, anthropometric measurements (weight, height, waist circumference, hip circumference, neck circumference) were 
collected for all participants. The previous day’s sleep medication use and sleep duration were also recorded.

Polysomnography
Sleep technicians attached standard sensors for sleep stage assessment (EEG, electrooculography, chin electromyogra
phy), airflow measurement (nasal pressure transducer, thermistor), respiratory effort (abdominal and thoracic respiratory 
inductance belts), heart rate (electrocardiography), and oxygen saturation (pulse oximetry).

PSG recordings were saved as European data format (EDF) files according to universal time and were interpreted by 
a neurology specialist according to the AASM scoring manual.14 The AHI value derived from specialist interpretation 
was defined as physician-read AHI (pAHI). We transferred EDF files to Honeynaps Co., Ltd. (Seoul, Republic of Korea) 
for artificial intelligence (AI)-based PSG analysis. Honeynaps analyzed the files using their FDA 510(k)-cleared Somnum 
software (K223922, August 16, 2023), a computer program intended to analyze sleep and respiratory-related sleep 
disorders. This software can analyze physiological data from standard in-lab polysomnography records, including sleep 
stage, respiratory events, arousal events, and leg movement events. The AHI values generated through this automated 
analysis were defined as AI-read AHI (aiAHI). OSA severity was categorized as mild (AHI ≥ 5 and <15 events/h), 
moderate (AHI ≥ 15 and < 30 events/h), or severe (AHI ≥ 30 events/h).

Wearable Device for Sleep Recording
The commercially available Galaxy Watch 6 (SM-R930, Samsung Electronics, Suwon, Republic of Korea) was used to 
detect OSA in study participants. The watch’s built-in PPG sensor measured SpO₂ during sleep at a sampling rate of 1 
Hz. Since the consumer version of the application (Samsung Health) does not provide access to raw SpO₂ data, a custom 
research application was developed to transmit the measured raw data. Each participant was provided a paired smart
watch and a test smartphone for data collection.

Low-quality data were automatically filtered using the manufacturer’s proprietary algorithm, and all recorded data 
were stored in ASCII format for post-processing. Data from nights in which the total recording time contained less than 
70% valid signal or fewer than 3 hours of usable data were excluded from the analysis as insufficient to accurately reflect 
the participant’s sleep state. The manufacturer’s FDA-approved AI algorithm (FDA submission number DEN230041) 
was employed to analyze the oxygen saturation signal and estimate the AHI, which was denoted as eAHI.
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Statistical Analysis
The correlation between AHI values measured via the AI program and that using the wearable device was evaluated 
using Spearman correlation coefficient. For ICC analysis, values were transformed by adding 5 and applying natural 
logarithm transformation to correct for zero values and a highly skewed distribution. The ICC was calculated to assess 
agreement between the two measurements. Bland-Altman plots were created to visually examine the agreement between 
the two methods.

Optimal eAHI cutoff values for severity classification were estimated using receiver operating characteristic (ROC) 
analysis and Youden’s index, with sensitivity, specificity, positive predictive value, and negative predictive value. 
Statistical significance was set at P<0.05 for all analyses.

Results
Subject Selection and Baseline Characteristics
The study was conducted with 29 control subjects and 61 patients with suspected OSA (Figure 1). Of these, 37 patients 
were excluded due to battery depletion during PSG testing (n=14), SpO₂ measurement for fewer than 3 hours (n=3), 
SpO₂ coverage less than 70% (n=10), or absence of wearable data due to patients forgetting to bring the device on the 
PSG night despite prior instruction (n=10).

The final analysis included 20 control subjects and 33 patients, for a total of 53 participants (Table 1). The median age 
was 42.0 years (range: 32.0–49.0), with a male proportion of 71.7% (38 subjects). The mean body mass index (BMI) was 
24.9 kg/m² (range: 17.6–34.5), and the median ESS score on the day of polysomnography was 9.0 (range: 6.0–11.0).

Statistically significant differences in all baseline characteristics were observed between the control and patient 
groups. Patients in the disease group were older (46.2 vs 35.7 years, P=0.001), more likely to be male (87.9% vs 45.0%, 

Figure 1 Study enrollment and exclusion flowchart. 
Abbreviations: OSA, obstructive sleep apnea; SpO2, peripheral oxygen saturation.
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P=0.001), and had a higher BMI (25.6 kg/m² vs 23.7 kg/m², P=0.038) and a higher ESS score (10.8 vs 6.5, P<0.001) than 
those in the control group.

Correlation Analysis Between eAHI and aiAHI
Spearman rank correlation analysis was performed to analyze the relationship between eAHI and aiAHI. The two 
variables showed a significant positive correlation (rho=0.88, 95% confidence interval[CI]: 0.81–0.93, P<0.001) 
(Figure 2A).

The ICC analysis also demonstrated high agreement between the two variables (ICC=0.87, 95% CI: 0.79–0.92, 
P<0.001), which is considered a good correlation (0.75–0.9).

Bland-Altman analysis revealed a mean difference between eAHI and aiAHI of −0.118, with 95% limits of agreement 
ranging from −0.891 to 0.654 (Figure 2B). The Bland-Altman plot showed small scatter variability of difference values 
according to the means of the two measurements, with measurement points distributed around the mean within the limits 
of agreement.

Table 1 Demographics of All Participants and Comparison Between Control and Disease Groups

Variables All (n=53) Control Group (n=20) Disease Group (n=33) P-Value

Age (years), mean (range) 42.0 (32.0–49.0) 35.7 (25.0–60.0) 46.2 (28.0–75.0) 0.001*
Male, n (%) 38 (71.7%) 9 (45.0%) 29 (87.9%) 0.001**

BMI, mean (range) 24.9 (17.6–34.5) 23.7 (17.6–31.6) 25.6 (22.4–34.5) 0.038*

aiAHI, mean (range) 14.1 (5.0–28.6) 8.8 (0.0–58.2) 28.7 (2.3–95.5) 0.000*
pAHI, mean (range) 17.9 (5.5–35.5) 9.3 (0.0–59.1) 32.5 (3.4–100.8) 0.000*

eAHI, mean (range) 10.8 (3.8–30.9) 7.3 (0.0–37.3) 25.4 (1.2–68.2) 0.000*

Notes: *Mann–Whitney test; ** Chi-square test. 
Abbreviations: BMI, body mass index; aiAHI, AI-read AHI; pAHI, Physician-read AHI; eAHI, smartwatch-estimated AHI; AI, artificial 
intelligence; AHI, apnea-hypopnea index.

Figure 2 eAHI and aiAHI analysis: correlation and agreement. (A) Correlation chart. Scatter plot with marginal histograms showing the correlation between eAHI and 
aiAHI. A strong positive correlation (r = 0.88) was observed, with a regression line indicating the linear relationship. The histogram distributions provide insights into data 
distribution. (B) Bland-Altman plot to assess agreement between eAHI and aiAHI values. The blue line represents the mean difference, and the red dashed lines indicate the 
limits of agreement (±1.96 SD). This plot helps assess bias and variability between the two measurement methods. 
Abbreviations: AHI, apnea-hypopnea index; eAHI, smartwatch-estimated AHI; aiAHI, AI-read AHI; ICC, intraclass correlation coefficient.
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Diagnostic Performance for Severity Classification
ROC curve analysis was performed to evaluate the performance of eAHI in assessing OSA severity (Figure 3). For the 
diagnosis of mild or greater OSA (aiAHI ≥ 5), the optimal eAHI threshold was 5.7, with an area under the ROC curve of 
0.898 (95% CI: 0.796–0.974). At this threshold, sensitivity was 82.5%, specificity 84.6%, positive predictive value 
94.3%, negative predictive value 61.1%, and accuracy 83.0% (Figure 4A).

For moderate or greater OSA (aiAHI ≥ 15), the optimal eAHI threshold was 11.1, with an area under the ROC curve 
(AUC) of 0.962 (95% CI: 0.909–1.00). At this threshold, sensitivity was 92.3%, specificity 92.6%, positive predictive 
value 92.6%, negative predictive value 92.9%, and accuracy 92.5% (Figure 4B).

Figure 3 ROC curve analysis for aiAHI prediction using eAHI values. Dotted line, ROC curve for predicting aiAHI ≥ 5 events/h from eAHI values measured by a 
smartwatch; dashed line, ROC curve for predicting aiAHI ≥ 15 events/h from eAHI values measured by a smartwatch; dashed-dotted line, ROC curve for predicting aiAHI ≥ 
30 events/h from eAHI values measured by a smartwatch. 
Abbreviations: OSA, obstructive sleep apnea; AHI, apnea-hypopnea index; aiAHI, AI-read AHI; eAHI, smartwatch-estimated AHI; AUC, area under the curve.

Figure 4 Confusion matrix of apnea severity classification: eAHI versus aiAHI. (A) Apnea vs healthy. (B). Moderate-severe apnea vs others (healthy and mild apnea). (C) 
Severe apnea vs others (healthy and mild-moderate apnea). 
Abbreviations: OSA, obstructive sleep apnea; PPV, positive predictive value; NPV, negative predictive value.
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For severe OSA (aiAHI ≥30), the optimal eAHI threshold was 30.6, with an AUC of 0.979 (95% CI: 0.947–1.00). At 
this threshold, sensitivity was 92.3%, specificity 95.0%, positive predictive value 85.7%, negative predictive value 
97.5%, and accuracy 94.3% (Figure 4C).

Correlation Analysis Between eAHI and pAHI
The Spearman correlation coefficient between eAHI and pAHI was 0.85 (95% CI: 0.75–0.91, P<0.001), which also falls 
within the high positive correlation range (0.7–0.9). This was slightly lower than the correlation coefficient between 
eAHI and aiAHI (rho=0.85, 95% CI: 0.75–0.91, P<0.001) (Supplementary Figure S1). The ICC analysis also demon
strated high agreement between the two variables (ICC=0.82, 95% CI: 0.72–0.89, P<0.001), which is considered a good 
correlation (0.75–0.9).

ROC curve analysis was performed to evaluate the performance of eAHI in assessing OSA severity, using pAHI as 
the reference standard (Supplementary Figure S2). For detection of mild or greater OSA (pAHI ≥ 5), the optimal eAHI 
threshold was 8.9, with an area under the ROC curve of 0.886 (95% CI: 0.796–0.975). At this threshold, the sensitivity 
was 70.0%, specificity 92.3%, positive predictive value 96.6%, negative predictive value 50.0%, and accuracy 75.5% 
(Supplementary Figure S3A).

For moderate or greater OSA (pAHI ≥15), the optimal eAHI threshold was 17.4, with an AUC of 0.931 (95% CI: 
0.862–0.999). This threshold yielded a sensitivity of 78.6%, specificity of 100%, positive predictive value of 100%, 
negative predictive value of 80.6%, and accuracy of 88.7% (Supplementary Figure S3B).

For severe OSA (pAHI ≥30), the optimal eAHI threshold was 19.4, with an AUC of 0.962 (95% CI: 0.914–1.00). At 
this threshold, the sensitivity was 94.4%, specificity 88.6%, positive predictive value 81.0%, negative predictive value 
97.0%, and accuracy 90.6% (Supplementary Figure S3C).

Discussion
In this study, eAHI values derived from an FDA de novo-approved algorithm demonstrated a high correlation (ICC=0.87, 
95% CI: 0.79–0.92) with aiAHI values obtained through PSG and showed high accuracy in classifying OSA severity 
(83.0% for mild, 92.5% for moderate, and 94.3% for severe OSA). These findings suggest that commercially available 
wearable devices can have significant clinical utility for OSA diagnosis.

This study has two major methodological advantages compared to previous research. First, we distinguished the 
algorithm development group from the validation group, enhancing the validity of our study. Previous studies either 
enrolled both algorithm development and validation groups simultaneously or failed to clearly separate them. This 
separation is crucial for preventing algorithm overfitting to specific population characteristics and improving general
izability in real clinical settings. Second, while previous studies indirectly predicted OSA using variables highly 
correlated with AHI (such as the oxygen desaturation index [ODI]), our study applied an algorithm that directly estimates 
AHI values. This approach offers greater clinical utility by providing quantitative AHI estimates beyond simple OSA 
detection or severity classification.

To date, seven studies have analyzed the relationships between AHI and variables measured by wearable devices 
worn simultaneously during PSG examination.15,17–22 Of these, only two utilized commercially available wearable 
devices. In 2024, Browne et al studied 51 patients using the Samsung Galaxy Watch 4 to measure ODI, predicting 
AHI severity with accuracy rates of 86%, 78%, and 78% for mild, moderate, and severe OSA, respectively.20 In 2022, 
Jung et al used the reflective PPG sensor of the Galaxy Watch to measure SpO₂ and ODI to predict OSA severity, 
achieving 79.4% accuracy in predicting AHI ≥ 15/h using ODI ≥ 5/h as the criterion.15 Most recently, McMahon et al 
evaluated the Compumedics Somfit forehead-worn peripheral arterial tonometry/PPG device in 92 adults, reporting 
strong correlation with PSG-derived AHI (r = 0.84), 89% accuracy for detecting OSA at AHI ≥ 5, and AUC values of 
0.86–0.93 across standard severity thresholds.18

Unlike previous studies, we directly estimated AHI values through an algorithm based on SpO₂ data, resulting in 
higher accuracy. The accuracy rates for moderate (92.5%) and severe (94.3%) OSA classifications are particularly 
noteworthy as they are significantly higher than those reported in previous studies. While previous studies primarily 
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focused on classification accuracy, our study quantitatively assessed the agreement between eAHI and actual AHI (aiAHI 
and pAHI) through ICC analysis, representing an important advancement.

Bland-Altman analysis demonstrated that eAHI values were consistently lower than aiAHI values, with a mean 
difference of −2.93 (95% CI: −22.30 to 16.44). This underestimation of eAHI compared to actual AHI can be attributed 
to several methodological factors inherent to wearable device-based detection. First, the device analyzes respiratory 
events in 1-minute windows, which leads to analysis of multiple short events within the same window as a single event. 
For example, if three 10-second apnea events occur within one minute, PSG would accurately count three separate 
events, whereas the wearable device would register only one “apnea present” occurrence for that minute. Additionally, 
the theoretical maximum eAHI value is limited to 60 events/hour due to the 1-minute resolution, which particularly 
affects patients with severe OSA whose actual AHI exceeds this threshold. Furthermore, due to the inherent limitations of 
wearable devices, which cannot accurately determine sleep onset and offset times in the absence of EEG monitoring, 
total recording time (TRT) rather than total sleep time (TST) was used as the denominator in AHI calculation. TRT 
includes wake periods and is inherently longer than TST, leading to an increased denominator and lower eAHI values. 
These methodological constraints contributed to the systematic underestimation of AHI observed with the smartwatch, 
particularly in patients with higher true AHI values, as confirmed by our Bland-Altman analysis.

In this study, we used aiAHI rather than pAHI as the reference standard for the primary analysis. This approach was 
chosen because AI-based analysis provides high objectivity and consistency, minimizing interpretation variability 
between readers (inter-reader variability) and within the same reader due to changes in attention, context effects, and 
learning effects (intra-reader variability). Importantly, supplementary analysis confirmed a high correlation between 
pAHI and eAHI (rho=0.85, ICC=0.82), supporting the clinical validity of our findings.

The clinical implications of this study can be summarized in three key points. First, we demonstrated the potential of 
wearable devices as primary screening tools for PSG. Given the frequent delays in PSG testing due to time and economic 
constraints, the high-accuracy screening capability of the commercial wearable device validated in our study could lead 
to changes in diagnostic guidelines. For example, in clinical settings, suspected OSA patients could be prescribed 
a smartwatch for 2–3 days of monitoring to prioritize PSG testing or potentially reduce unnecessary tests for mild cases. 
Second, wearable devices enable rapid and objective assessment of OSA treatment efficacy. Rather than conducting 
repeat PSG tests to evaluate the effects of positive airway pressure therapy or sleep surgery, wearable devices can provide 
more efficient treatment monitoring. Third, wearable devices allow AHI assessment in real sleep environments. While 
PSG testing typically collects data from a single night in an unfamiliar hospital environment, wearable devices can 
collect data over multiple nights in the patient’s natural sleep environment, providing a more accurate understanding of 
AHI trends. This is particularly valuable for patients whose sleep patterns vary significantly from night to night.

This study had several limitations. First, there were differences in recruitment methods between control and patient 
groups. The control group was recruited through offline posters, while the patient group consisted of individuals who 
visited the outpatient clinic with sleep apnea as their chief complaint, potentially introducing selection bias. This 
discrepancy in recruitment methods was due to practical constraints: patients presenting with sleep apnea-related 
symptoms at hospitals are likely to have OSA, while healthy individuals rarely visit hospitals for these issues. 
Consequently, significant differences in age, gender, BMI, and ESS scores were observed between the two groups. 
However, as the primary analysis integrated all participants to evaluate the correlation between actual AHI and eAHI, the 
impact of selection bias is likely limited. Second, there was a higher dropout rate than anticipated. The study experienced 
a 34% dropout rate, substantially higher than the 17% initially predicted, with many exclusions due to technical issues 
such as battery depletion and SpO₂ coverage. This was primarily attributed to inadequate training of sleep technicians 
regarding pre-PSG checks of watch battery and contact. This high dropout rate reduced our statistical power when 
analyzing the study data. Third, While the wearable device in this study could calculate apnea and hypopnea events, it 
has the limitation of being unable to distinguish whether these events are central or obstructive in nature due to the 
absence of sensors measuring chest movement. Although recording chest movement is essential to differentiate central 
versus obstructive sleep apnea, SpO₂ based analysis from wearable device alone cannot assess the presence of respiratory 
effort. To overcome this limitation, recent reports have described the development of wearable sensors using 3D printing 
technology for detecting chest movement, which can simultaneously measure oxygen saturation to detect apnea events.27 
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Implementation of such technology is expected to enable differentiation between central and obstructive apnea by 
detecting chest movement during respiratory events. Fourth, eAHI may be underestimated in individuals with increased 
skin pigmentation. This is attributed to the tendency for SpO₂ values measured by reflectance PPG sensors to be 
overestimated compared to actual values in populations with increased melanin content. Recent meta-analyses have 
confirmed that this bias is statistically significant in participants with darker skin tones,28 which is due to the optical 
characteristics where increased melanin reduces the alternating current to direct current ratio of PPG signals.29 Therefore, 
in wearable systems that calculate AHI based on SpO₂, there exists an inherent limitation where oxygen desaturation 
events may be masked, potentially leading to eAHI underestimation. Finally, a limitation of our study is that the AI 
algorithm applied represents a “black-box AI” protected by commercial licensing, preventing access to open code and 
data. From the perspective of the “do no harm” principle, Xu et al30 pointed out that unexplainable medical AI can pose 
potential harm to patient safety and autonomy, warning that clinicians’ and patients’ lack of understanding regarding the 
internal workings of algorithms can lead to delayed error correction, difficulties in verifying medical judgments, and 
psychological and financial burden. Therefore, despite the high accuracy of the algorithm used in this study, improve
ments are required in terms of transparency and verifiability. Future efforts should focus on mitigating the black-box 
problem through implementation of explainable AI, establishment of third-party evaluation systems, and reproducibility 
reviews based on open datasets.

Studies with larger sample sizes and diverse populations should be performed in the future to enhance the general
izability of our findings and further validate the clinical utility of watch-based eAHI. Additionally, systematic investiga
tion is needed to identify which patient groups show larger discrepancies between eAHI and actual AHI. For example, 
analyzing the impact of specific sleep postures, severe obesity, comorbidities such as cardiovascular disease or diabetes, 
or medication use on measurement accuracy would provide important insights into the limitations of wearable devices in 
clinical practice. Last, the continuous long-term monitoring capability of wearable devices could be leveraged to conduct 
sleep physiological studies on daily, weekly, and seasonal fluctuations in AHI according to sleep patterns. This could 
advance our understanding of OSA and the impact of various external factors (stress, alcohol consumption, seasonal 
changes) on OSA severity, overcoming the limitations of single-night PSG testing.

Conclusion
This prospective validation confirms that a commercial smartwatch algorithm can directly estimate the AHI with strong 
agreement to concurrent Level 1 PSG across OSA severities. Uniquely, it is the first wearable study to report true AHI 
values while employing fully independent development and validation cohorts alongside simultaneous Level 1 PSG, 
thereby minimizing bias. The device tends to underestimate AHI due to events being aggregated in one-minute bins and 
total recording time being substituted for true sleep time.
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