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Abstract
Background: The traditional method for diagnosing obstructive sleep apnea (OSA) through polysomnography may be
expensive and inaccessible. Recent developments in AI propose the use of photoplethysmography (PPG) to aid OSA diagnosis.
Objective: This study seeks to evaluate the diagnostic accuracy of an AI-based approach in diagnosing OSA using PPG.
Methods: PubMed, Embase, Scopus, Web of Science, and IEEE Xplore were searched from inception to November 3, 2025.
The inclusion criteria comprised observational studies that evaluated the accuracy of AI-based methods of OSA diagnosis
using PPG compared with conventional sleep testing used in adults. We excluded case reports, case series, reviews, meta-anal-
yses, letters, conference abstracts, pediatric studies, animal studies, foreign language studies, studies with incomplete data, and
studies focusing on individual apneic events without patient-level classification. The outcome of interest was the diagnostic
accuracy of PPG-based AI models for OSA, as assessed in primary studies using random split tests, cross-validation, or
external validation. Independent reviewers extracted data and assessed risk of bias using the QUADAS-2 (Quality Assessment
of Diagnostic Accuracy Studies-2) tool. A Bayesian bivariate meta-analysis was used to pool estimates. Further subgroup,
sensitivity, and meta-regression analyses were conducted. Overall quality of evidence was assessed using the GRADE
(Grading of Recommendations, Assessment, Development and Evaluations) framework.
Results: From 12,579 records, we included 13 studies, comprising 9983 participants. All studies were rated as either low or
unclear for risk of bias. The overall evidence quality was moderate. AI trained on PPG achieved a pooled sensitivity of 79.6%
(95% credible interval [CrI] 55.5%‐93.8%) and specificity of 76.5% (95% CrI 48.2%‐94.0%), compared to conventional
diagnosis. The overall specificity increased (apnea-hypopnea index [AHI] ≥5: 63.6%; AHI ≥15: 81.8%; AHI ≥30: 85.1%),
but overall sensitivity decreased (AHI ≥5: 87.2%; AHI ≥15: 79.7%; AHI ≥30: 76.7%) with greater categorical AHI severity
cutoffs. Additionally, deep learning models achieved a higher specificity (82.9%) than traditional machine learning (63.6%).
OSA prevalence and device type were not clearly associated with sensitivity or specificity.
Conclusions: AI models trained on PPG have reasonable accuracy and may potentially serve as a low-cost screening tool.
However, limitations such as small sample sizes, potential sources of bias, underrepresentation of certain geographic regions,
and the influence of potential confounding factors highlight the necessity for further research. Future work should focus on
deep learning to improve the feasibility and accessibility of this approach in primary care.
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Introduction
Obstructive sleep apnea (OSA) is a debilitating sleep-breath-
ing disorder defined by recurring episodes of partial or
complete upper airway collapse during sleep. This results
in reduced or absent airflow lasting for at least 10 seconds
and is associated with either cortical arousal or a decline in
blood oxygen saturation [1]. It is estimated to affect 1 billion
individuals globally, highlighting the need for effective and
cost-efficient diagnostic and treatment approaches to reduce
its adverse health sequelae [2]. OSA may be diagnosed with
either home-based or laboratory-based sleep testing, with
overnight polysomnography (PSG) touted as its gold standard
diagnostic tool [3,4]. While it provides reliable diagnostic
accuracy, it is constrained by high operating costs, limited
accessibility in outpatient settings, patient inconvenience, and
significant logistical and labor-intensive demands [5].

AI has emerged as a promising tool in medical diagnostics,
leveraging machine learning algorithms to analyze complex
clinical data and support diagnostic decision-making [6,7].
AI models are increasingly being assessed as automated
alternatives to traditional PSG for OSA diagnosis. While
AI-based approaches for OSA diagnosis have been explored
using various data sources [8-11], the diagnostic performance
of AI models trained on photoplethysmography (PPG) has
not been systematically evaluated. PPG is a noninvasive,
cost-effective, and portable optical technique used to provide
real-time measurements of blood oxygen saturation in the
microvascular tissue bed [12]. Presently, preexisting studies
differ in opinion on the accuracy of AI-based diagnosis of
OSA using PPG [13,14].

Given the growing presence of AI in medical diagnos-
tics amid a digital revolution, and the expanding body of
evidence, it is both clinically pertinent and timely to conduct
a comprehensive synthesis of the evidence regarding the
utility of AI models for OSA diagnosis, specifically those
trained using PPG data [15]. The aim of this meta-analysis is
to assess the diagnostic accuracy of AI models in detecting
OSA using PPG.

Methods
This systematic review and meta-analysis was registered on
PROSPERO (CRD42024534235) and adhered to PRISMA
(Preferred Reporting Items for Systematic Reviews and
Meta-Analyses) guidelines. The PRISMA checklist can be
found in Checklist 1 [16].
Search Strategy
We conducted a comprehensive search of PubMed, Embase,
Scopus, Web of Science, and IEEE Xplore from inception to

November 3, 2025, using search terms pertaining to OSA, AI,
PPG, and their relevant synonyms. The full search strategy is
provided in Supplementary Methods in Multimedia Appendix
1.
Study Selection
The study selection process by titles and abstracts, followed
by full-text articles, was conducted by 6 independent authors
(BSYY, EYG, JEXT, JYK, NKWT, BKJT), with disagree-
ments resolved through the consensus of another independent
author (STT). We selected observational studies involving
adults aged 18 years or older, focused on the diagnosis or
classification of OSA using AI, including both traditional and
deep learning models, using PPG. The comparators included
the diagnosis and classification of OSA based on the apnea-
hypopnea index (AHI) derived from established methods of
testing, including PSG or home sleep apnea testing (HSAT).
The outcome of interest was the diagnostic accuracy of
AI-based OSA diagnosis, evaluated using a random split test,
cross-validation, or external validation. Table S1 in Multime-
dia Appendix 1 summarizes the inclusion criteria of the study.
We excluded case reports, case series, reviews, meta-analy-
ses, letters, conference abstracts, pediatric studies, animal
studies, foreign language studies, studies with incomplete
data, and studies focusing on individual apneic events without
patient-level classification. Table S2 in Multimedia Appendix
1 summarizes the exclusion criteria.
Data Extraction
The data of interest from the included articles were extracted
by 3 independent authors (JEXT, JYK, YSL) into a struc-
tured pro forma. The details of data extraction were veri-
fied by independent authors (BSYY, BKJT). This included
information pertaining to the first author, year published,
country, percentage of males, mean age, mean body mass
index, sample size, type of sleep study, reference AHI
category thresholds, categorical AHI cutoffs, OSA preva-
lence, test method, AI model type, and type of sleep device
used. Information regarding diagnostic accuracy, including
measures of accuracy, sensitivity, specificity, and prevalence,
was also extracted for analysis.
Statistical Analysis
We conducted a Bayesian bivariate random-effects meta-anal-
ysis to jointly estimate sensitivity and specificity on the logit
scale, accounting for their correlation [17-20]. To incorporate
multiple AI models and AHI thresholds reported within the
same study, we specified a hierarchical model with 2 levels,
where study-level random effects captured between-study
heterogeneity in diagnostic performance, while model-level
random effects (nested within studies) captured variation
across models and thresholds within the same study. Random
effects at both levels were assumed to follow bivariate
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normal distributions, allowing sensitivity and specificity to
be correlated. This approach accounted for the trade-off
between sensitivity and specificity across and within studies.
Pooled sensitivity and specificity were presented through
summary receiver operating characteristic (SROC) curves.
We performed meta-regression analyses by including study-
and model-level covariates as fixed effects on the logit scale.

The following factors were examined: (1) OSA severity
stratified by categorical AHI thresholds, with AHI ≥5, ≥15,
and ≥30 corresponding to mild, moderate, and severe disease,
respectively; (2) AI model type, distinguishing deep learning
from traditional machine learning approaches; (3) type of
primary validation method, including external validation
using independent cohorts, cross-validation, or random data
splitting; (4) OSA prevalence; and (5) type of sleep device,
differentiating wearable smart devices from clinical oxime-
ters. All results are reported as posterior means with 95%
credible intervals (CrIs).

To evaluate for potential publication bias, Deeks test
for funnel plot asymmetry was performed under vary-
ing probabilities for unpublished studies [21]. Further
sensitivity analyses were conducted by recalculating
diagnostic accuracy outcomes under each scenario using
a Bayesian hierarchical framework, where an informative
prior was applied with a lower bound set at 50% for both
sensitivity and specificity.

Risk of Bias Assessment
The QUADAS-2 (Quality Assessment of Diagnostic
Accuracy Studies-2) tool was employed to evaluate the risk of
bias and the applicability of the included diagnostic accuracy

studies [22]. This tool allows for a structured assessment
of potential biases and relevance of the studies using 4
domains: patient selection, index test, reference standard, and
flow and timing. Three independent authors (JEXT, JYK,
YSL) assessed each study, categorizing the risk of bias and
applicability concerns as low, high, or unclear. Disagreements
from the risk of bias assessment were resolved by independ-
ent authors (BSYY, BKJT).
Overall Quality of Evidence
The overall quality of pooled evidence at the outcome level
was assessed using the GRADE (Grading of Recommenda-
tions, Assessment, Development and Evaluations) framework
[23,24]. This framework evaluates the quality of evidence
by considering factors such as study design, consistency
of results, directness of evidence, risk of bias, precision
of estimates, and potential publication bias. The level of
evidence for each outcome is categorized as high, moderate,
low, or very low.

Results
Study Selection
A PRISMA flowchart documenting the study selection
process is outlined in Figure 1. From a comprehensive search
of 12,579 articles from PubMed, Embase, Scopus, Web of
Science, and IEEE Xplore, 8566 nonduplicated records were
screened at the title and abstract stage. Subsequently, 42
studies were screened for full-text eligibility, and 13 studies
were included and qualitatively analyzed, comprising 9983
participants [13,14,25-35].
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Figure 1. PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) flowchart for identification of studies via databases and
registers.

Study Characteristics
Baseline study characteristics of included articles are found
in Table S3 in Multimedia Appendix 1. All studies were
cross-sectional in nature, and all studies used data from
patients recruited from outpatient sleep clinics. The mean age
of patients ranged from 42.0 to 69.4 years, and the percentage
of male participants ranged from 46.4% to 74.0%. There were
5 studies from China, 2 from the United States, and 1 each
from the United Kingdom, the Netherlands, Israel, Taiwan,
South Korea, and Thailand. Using the QUADAS-2 scale, the
risk of bias was listed as low for 7 studies and unclear for 6
studies (Table S4 in Multimedia Appendix 1).
Diagnosis of OSA
All studies used PSG as the reference standard for diagnosing
OSA, except for 1 study that used HSAT. The AHI served as
the primary criterion for classification. Different studies used
varying AHI thresholds, with ≥5, ≥15, and ≥30 events per
hour representing mild, moderate, and severe OSA, respec-
tively.
Evaluation Methods and AI Models
Based on the primary validation strategy, 4 studies used
random split, 3 studies adopted cross-validation, 5 studies
conducted external validation, and 1 study used cross-valida-
tion and external validation for separate data cohorts. There
were 7 studies that used deep learning and 6 studies that
used traditional machine learning. Table S3 in Multimedia
Appendix 1 outlines specific model subtypes.

Overall Diagnostic Accuracy
PPG-based AI models demonstrated a pooled sensitivity of
79.6% (95% CrI 55.5%‐93.8%) and a specificity of 76.5%
(95% CrI 48.2%‐94.0%; Figure 2), compared to traditional
diagnostic methods. These estimates indicated moderate
diagnostic performance, although the wide CrI suggests
substantial between-study variability. The SROC curve is
presented in Figure 3. Model diagnostics indicated good
convergence (all R̂≤1.01) with adequate effective sample
sizes.

In a clinical diagnostic context, the application of Bayes
theorem allows for the interpretation of findings related to
OSA prevalence. When considering a pretest probability, or
baseline population prevalence of OSA, of approximately
15% (Iceland, Indonesia, and the United Arab Emirates),
the results indicate that a positive diagnostic test result
would yield an average posttest probability of 37.4% (95%
CrI 15.9%‐73.4%). For a population prevalence of 30%
(United States, United Kingdom, and Samoa), the average
posttest probability would be 59.2% (95% CrI 31.5%‐87.0%).
For regions with a population prevalence of 60% (Singa-
pore, Switzerland, and France), a positive test would yield
a posttest probability of 83.6% (95% CrI 61.6%‐95.9%).
Conversely, a negative test result would correspond to an
average posttest probability of 4.5% (95% CrI 1.2%‐14.0%),
10.3% (95% CrI 2.8%‐28.3%), or 28.6% (95% CrI 9.0%‐
58.1%) for the same prevalence categories. Furthermore,
in instances where a patient’s pretest probability of OSA
exceeds the regional prevalence, such as when the patient
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exhibits symptoms or signs indicative of OSA, the posttest
probability is likely to be even higher.

Figure 2. Bayesian bivariate meta-analysis of photoplethysmography-based obstructive sleep apnea detection. Results for (A) sensitivity and (B)
specificity [13,14,25-35]. CrI: credible interval.
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Figure 3. Summary receiver operating characteristic (SROC) curve for Bayesian 2-level bivariate model. AHI: apnea-hypopnea index; CrI: credible
interval.

Meta-Regression
Meta-regression analysis was performed for OSA severity
based on AHI thresholds, AI model type, type of validation
method, OSA prevalence, and type of sleep device.

The specificities of detecting OSA on AI-trained PPG
increased with categorical OSA severity. Pooled specificities
at AHI thresholds of ≥5, ≥15, and ≥30 were 63.6%, 81.8%,
and 85.1%, respectively. This trend was supported by positive
logit-scale coefficients (≥15 vs ≥5: 0.94, 95% CrI 0.02‐1.83;
≥30 vs ≥5: 1.18, 95% CrI 0.15‐2.08). However, sensitivity
appeared to decrease modestly with increasing categorical
OSA severity. Pooled sensitivities at AHI thresholds of ≥5,
≥15, and ≥30 were 87.2%, 79.7%, and 76.7%, respectively,
although the corresponding coefficients were imprecise and
compatible with little or no difference (≥15 vs ≥5: −0.55, 95%
CrI −1.24 to 0.11; ≥30 vs ≥5: −0.56, 95% CrI −1.22 to 0.12;
Figure S1A in Multimedia Appendix 1).

Further meta-regression of AI model type demonstrated
that deep learning models, such as convolutional neural
networks, were associated with higher specificity of 82.9%,
compared with other traditional machine learning models
such as decision trees, hyperdimensional models, linear
regression, logistic regression, local binary patterns, support

vector machines, and combinations of these methods, which
achieved a pooled specificity of 63.6%. This was supported
by a positive coefficient (1.02, 95% CrI 0.02‐2.07). There
was no clear difference in sensitivity (−0.02, 95% CrI −0.56
to 0.52; Figure S1B in Multimedia Appendix 1).

Additionally, studies that used external validation were
associated with better sensitivity of 87.2% compared to
studies using cross-validation (80.1%; −0.53, 95% CrI −0.80
to −0.27), whereas the comparison with studies adopting
random split approaches was less certain (78.6%; −0.62,
95% CrI −1.58 to 0.41). For specificity, cross-validation
was associated with higher estimates compared to external
validation (0.87, 95% CrI 0.44‐1.30), whereas its comparison
with the estimate for random split approaches was more
uncertain (0.66, 95% CrI −0.63 to 1.91; Figure S1C in
Multimedia Appendix 1).

The type of device used (wearable smart devices vs
clinical oximeters; Figure S1D in Multimedia Appendix
1) and the prevalence of OSA (Figure S2 in Multimedia
Appendix 1) were not clearly associated with sensitivity or
specificity, with all corresponding 95% CrIs including the
null value.
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Publication Bias
While visual inspection of funnel plots suggested possible
asymmetry (Figure S3 in Multimedia Appendix 1), Deeks
test did not suggest publication bias (intercept=−1.53; P=.14).
Further sensitivity analyses on the SROC curve outlined no
clinically significant publication bias. When evaluating other
distinct mechanisms of publication bias, each with varying
probabilities of unpublished studies of up to 60%, the SROC
curve (Figure S4 in Multimedia Appendix 1) remained nearly
unchanged. This suggests that even if a majority of studies
had remained unpublished, the overall conclusions of the
meta-analysis would not have been affected.

Quality of Evidence
The overall quality of evidence per outcome assessed using
GRADE was moderate (Table S5 in Multimedia Appendix 1).

Discussion
Principal Findings
This meta-analysis found that AI models trained on
PPG recordings demonstrated favorable accuracy in OSA
diagnosis, achieving a good sensitivity of 79.6% and
specificity of 76.5%, compared to traditional diagnostic
methods. To the best of the authors’ knowledge, this is the
most comprehensive pooled analysis to date on the diagnostic
accuracy of AI algorithms using PPG for OSA diagnosis.
Comparison to Prior Work
This study builds on preexisting literature surrounding the
accuracy of using PPG-based AI models in OSA diagno-
sis. A prior descriptive systematic review by Osa-Sanchez
et al [36] found that integrating wearable devices with AI
algorithms shows strong promise for real-time, portable, and
early detection of OSA. However, a pooled meta-analysis was
not performed in their prior study. Separately, Abd-Alrazaq et
al [37] conducted a systematic review and meta-analysis of 38
studies to evaluate the diagnostic accuracy of wearable AI in
detecting apneic events in respiration and OSA. They found
that AI-powered wearable devices achieved a mean accuracy
of 86.9%, with good sensitivity of 93.8% but lower specific-
ity of 75.2% in detecting OSA. The current study provides
a more detailed evaluation of existing evidence by incorpo-
rating additional sensitivity, subgroup, and publication bias
analyses. A Bayesian hierarchical framework was employed
to evaluate diagnostic accuracy outcomes holistically under
various scenarios.

Unlike traditional approaches or simple machine learn-
ing models, deep learning relies on multilayered neural
networks to capture more complex patterns within data
[38]. Prior research has demonstrated that deep learning
significantly improves the detection of subtle physiological
changes associated with OSA by enabling the automatic
extraction of intricate, high-dimensional features directly
from PPG recordings [39]. This ability to autonomously
identify relevant patterns in large datasets allows deep

learning models to capture complex relationships that may not
be immediately apparent through conventional methods.

Moreover, the automation offered by deep learning models
presents significant logistical advantages over traditional
diagnostic methods by reducing the need for manual
intervention and expert oversight [40]. These AI-driven
approaches can streamline diagnostic processes, improving
efficiency and speed. Crucially, this provides an opportu-
nity for reliable OSA diagnosis in low-resource or cost-
constrained settings, where traditional methods may be
prohibitively expensive or logistically challenging. Watch-
PAT (ZOLL Itamar) is an established HSAT modality for
OSA diagnosis, particularly among patients with a high
pretest probability of disease [41]. Given the encouraging
diagnostic performance observed for PPG-based AI models in
this review, these approaches warrant future direct compari-
son with established HSAT platforms to evaluate whether
they offer comparable or incremental diagnostic value in
clinical practice.
Interpretation of Findings
Through meta-regression analysis, it was observed that the
specificity of AI models trained on PPG data for detect-
ing OSA improves as the severity of OSA increases. With
increasing severity of OSA, oxygen desaturations become
more frequent, deeper, and longer lasting during apneic
episodes [42]. These alterations in blood oxygen saturation
within the microvascular tissue bed are more pronounced and
may be more easily detected by PPG technology, thereby
improving between-group separability, which contributes to
higher specificity. Consequently, AI-based systems have the
potential to be more effective in diagnosing severe cases of
OSA correctly, where the physiological markers are clearer
and more detectable. Conversely, this may also imply that
for AI models to achieve accurate detection across the entire
spectrum of OSA severity, further refinement is needed,
particularly to improve their ability to identify mild cases.

However, the sensitivity of OSA detection appears to
decrease with greater categorical OSA severity. AI-assisted
PPG models may produce a higher rate of false negatives in
more severe cases. They may be more accurate at distinguish-
ing individuals with and without OSA than at distinguishing
the severity of OSA. Severe OSA is inherently heterogene-
ous, with variable phenotypes, variable event morphology,
and substantial interindividual variability in desaturation
dynamics, autonomic response, vascular tone, and comor-
bid cardiovascular conditions, which may influence PPG
detection of OSA [43,44]. The divergent trends in specific-
ity and sensitivity across severity strata reflect the complex
dynamics of harnessing AI to diagnose OSA using PPG.
Future research may help clarify the relationship between
OSA severity and diagnostic accuracy.

Additionally, meta-regression analysis showed that deep
learning achieved superior specificity compared to traditional
machine learning models. This finding suggests that the
ability of deep learning to autonomously identify complex
patterns from PPG signals enhances its detection of sub-
tle physiological alterations associated with OSA [45].
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Separately, traditional machine learning may depend on
manually engineered features, which may limit its sensitivity.
While no evidence of a difference in sensitivity was observed,
higher specificity was observed for deep learning models,
which highlights the potential utility of deep learning models
in OSA diagnosis.

Validation strategy may influence reported diagnostic
performance, with external validation associated with greater
sensitivity and cross-validation with greater estimates for
specificity, although comparisons involving random split
approaches remained uncertain. Nonetheless, the limited
number of studies using each method of validation may
preclude conclusions regarding an optimal validation strategy.
Future studies using consistent validation frameworks across
comparable datasets may help clarify the impact of validation
strategy on reported diagnostic accuracy.
Limitations
This study has several limitations. First, the underrepresen-
tation of certain geographic groups in existing datasets
may limit the generalizability of the findings. Second, the
relatively small number of included studies, which typically
feature small sample sizes, may introduce biases, as outliers
from these small sample sizes could disproportionately affect
the pooled results. Potential bias in preexisting studies may
be driven by the use of convenience samples from sleep
clinics, which may limit the applicability of existing studies.
Third, publication bias remains a potential issue, as there is
a possibility of missing relevant studies. Fourth, there was
insufficient evidence to examine how BMI may influence
the diagnostic accuracy outcome. High BMI is a recognized
risk factor for OSA and is associated with greater disease
severity [46]. The accuracy of diagnostic methods may be
influenced by a patient’s BMI, and a thorough understanding
of the relationship between BMI and PPG-based AI models
may help guide clinical decision-making. Fifth, while all
studies used validation set testing, some relied on internal
test sets; external test sets are preferred for evaluating AI
algorithms, as they better assess performance when applied
to data from different sources [47]. Future research should

focus on deep learning and incorporate prospective studies
to enhance the feasibility and accessibility of this approach.
Additionally, further studies are necessary to interpret these
findings in a broader context and to optimize the diagnostic
performance of AI-driven models in OSA diagnosis. Sixth,
while the original PROSPERO registration outlined a broader
review of AI modalities for OSA diagnosis, this manuscript
focuses specifically on PPG due to the volume and diversity
of available studies. Nonetheless, no alterations were made
to the analytical methods, which remained consistent with
the protocol. Seventh, heterogeneity was observed in pooled
analyses, which was potentially driven by threshold effects,
variation in disease severity, differences in study design,
and evaluation frameworks. While additional meta-regression
analyses were performed, results should be interpreted in the
context of potential variability.
Future Directions
It is essential for future research to carefully evaluate the
trade-offs involved in incorporating additional signal channels
into AI-driven PPG systems, particularly in the context of
the costs and practicalities associated with diagnosing OSA.
Although this study did not include a formal cost-benefit
analysis, it highlights several critical factors for considera-
tion: balancing diagnostic accuracy against signal complexity,
assessing both hardware and operational costs, promoting
user compliance and comfort, and addressing the interpret-
ability and generalizability of AI models. Future research
should also concentrate on deep learning techniques to
enhance the feasibility and accessibility of this approach,
particularly within primary care settings. The inclusion of
prospective, real-world data may also enhance the credibility
of AI-assisted OSA diagnosis.
Conclusions
This meta-analysis suggests that AI models trained on
PPG data may demonstrate reasonable diagnostic accuracy.
Considering the logistical and economic challenges associated
with current sleep testing, AI-driven models could serve as a
cost-effective screening tool, pending further validation.
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