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Abstract

Background and Objectives: Acoustic signals offer accessible inputs for artificial intelligence
(AI) methods for obstructive sleep apnea (OSA) assessment. This narrative review examines
how acquisition, modeling and output construction affect screening, event detection and
severity estimation. Materials and Methods: Studies published or available online from
2022 to 29 September 2026 were identified through iterative retrieval, citation checking
and supplementary PubMed and Europe PMC searches. Clinical evidence and within-
study design comparisons were synthesized qualitatively, with structured appraisal of
study quality and applicability. Results: Published meta-analyses reported approximately
90% sensitivity and 87% specificity for overnight audio and 83% for both measures for
awake speech (rounded pooled estimates). Evaluation design and disease prevalence
were associated with overnight-audio sensitivity; all speech studies used professional
microphones in hospitals. A prospective home study testing a previously developed model
in a separate cohort obtained complete recordings in 101/117 attempts and reported severe-
OSA sensitivity/specificity of 93.3/94.4% on iOS. A multicenter snoring study obtained
usable recordings in 121/152 recruits; a severe-OSA area under the receiver operating
characteristic curve of 0.964 coexisted with apnea-hypopnea index agreement limits of
—41.25 to 423 events/h. Component comparisons linked performance to features, fusion
and patient-output construction, although most were internally validated. Conclusions:
Acoustic Al may support screening and referral, but routine clinical value depends on
recording completion, performance in the intended population and added benefit over
accessible clinical tests. Narrative selection and heterogeneous validation preclude a ranking
of clinical effectiveness.

Keywords: obstructive sleep apnea; artificial intelligence; acoustic signals; model design;
speech; respiratory sounds; clinical validation
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1. Introduction

Obstructive sleep apnea (OSA) involves recurrent upper-airway obstruction during
sleep and is associated with impaired daytime function and adverse health outcomes.
Clinical assessment aims to identify patients who need sleep testing and to determine
the severity of their breathing disturbances. Polysomnography (PSG) provides detailed
physiological measurements, but the equipment, staff, and overnight recording involved can
limit access and repeated assessment [1,2]. Technically adequate home sleep apnea testing
(HSAT) is an established diagnostic option for appropriate uncomplicated adults; clinical
prediction tools alone do not replace PSG or HSAT [3]. Acoustic assessment has attracted
interest because microphones are widely available and can record signals related to speech
and breathing. Understanding what these recordings can reveal, and how reliably they can
be analyzed, is important for developing practical screening and monitoring methods.

Acoustic OSA research includes speech, awake breathing sounds, simulated snoring,
and spontaneous breathing sounds and snoring during sleep [1,2]. These signals are
collected under different conditions and answer different questions. Speech recordings
sample voice production and vocal-tract properties that may be associated with OSA risk,
whereas overnight recordings can capture changes around breathing disturbances. Artificial
intelligence (AI), including conventional machine learning and deep learning, is used to
relate these signals to OSA labels. Conventional models use selected acoustic features; deep
networks can learn features from waveforms or spectrograms. Recent studies have explored
pretrained speech models, respiratory acoustic models, clinical information, and sequences
of sound segments [4-8]. Some methods have also been tested prospectively during home
recording [9]. These developments make it useful to examine how the choice of signal,
training method, and model design affects the resulting prediction.

Cao et al. reviewed speech- and snoring-based detection in the literature through
2022 [1]; TaghiBeyglou et al. focused on speech-based severity estimation [10]; and
Alqudah et al. examined OSA detection during wakefulness across several measurement
approaches [2]. Recent meta-analyses quantify diagnostic performance from sleep audio
and awake speech [11,12]. Pillion et al. additionally reviewed 15 audio-based studies of
moderate-to-severe OSA [13]. These reviews establish the clinical rationale and summarize
the available methods or diagnostic accuracy. Building on these reviews, the present synthe-
sis connects recent model-design choices to the complete assessment process across awake
and overnight acoustic tasks. It addresses three practical gaps in interpreting this literature:
how explicit, task-trained, and pretrained representations are combined; how supervision
and clinical information shape learning; and how local predictions become a patient-level
screening decision or severity estimate. Each comparison is interpreted alongside patient
separation, validation setting, and the clinical target. Relating performance to these stages
helps identify whether an improvement arises from acoustic representation, learning and
integration, or the construction of the patient result.

Detailed examples were selected for an explicit prediction target, an identifiable patient-
validation design, and component or input comparisons linking model choices to a clinical
output. They include Zhang et al.’s paired-posture speech model, Xie et al.’s snoring-
feature model, Romero et al.’s sensor-fusion model, and two studies from our group on
complementary respiratory features and clinically guided speech screening [4,14-17]. These
examples allow representation, learning, and output construction to be examined within
complete modeling pipelines.

Review Scope and Literature Selection

This narrative review focuses on adult OSA assessment and studies published or
available online from 1 January 2022 to 29 September 2026. Online-first articles were eligible,
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including Wang et al.’s speech study assigned to a 2027 volume [17]. Earlier sources were
retained for established diagnostic guidance, datasets and modeling methods. Iterative
retrieval and citation checking were supplemented by PubMed and Europe PMC searches
on 13 October 2026, retaining the original publication window. These database searches
were a supplementary route to the literature rather than an exhaustive search of clinical
and engineering databases. Selection prioritized complementary design comparisons and
clinically informative validation. PW. performed selection and extraction. Data S1 records
the exact queries, eligibility criteria and retrieval history; Data S2 identifies the provenance
of every appraised report.

Eligible primary reports used recorded speech, breathing, or snoring in an automated
model for OSA screening, respiratory-event analysis, or severity estimation, with a de-
fined reference and an evaluation result. Journal and conference reports were considered;
preprints, retracted publications, non-acoustic-only models, self-reported snoring without
acoustic input, and reports lacking a relevant target or evaluation were excluded. Pedi-
atric OSA assessment was outside the scope; the mixed-age snore-recognition study [18]
(12-81 years) was retained only as a supporting acoustic task. Age eligibility and reported
ranges are recorded in Data 54; missing lower age bounds are not assumed to establish
adult-only enrollment. Snore recognition and sleep staging supplied supporting evidence,
while reviews, datasets, physiological studies, and methods papers provided context. The
evidence tables compare 30 primary reports in 29 rows, with two analyses of a shared cohort
combined in one row. Extraction covered population, inputs, reference, patient separation,
validation setting, and performance level. Quantitative entries were checked against the
available primary reports. The 19 additional reports not selected for detailed synthesis are
summarized in Data S5. The synthesis was qualitative; pooled estimates are those of the
cited meta-analyses.

A structured appraisal covered the same 30 primary reports and the prospective
acoustic-device comparator. Six domains addressed participant selection and data com-
pleteness (P), predictor availability (I), reference and target definition (R), evaluation
safeguards (V), precision (Q), and clinical applicability (A). Review-specific criteria in-
formed by PROBAST + AI [19] were applied without an overall numerical score. C.-Y.T.
independently assessed all six domains for the five detailed examples before consulting
the original ratings; the initial agreement was 28/30 judgments (93.3%). The two differing
validation judgments and their supporting reasons are reported in Data 52 and incorpo-
rated into the appraisal. Data S2 provides the supporting observations for the domain
judgments. The predictor judgment for the speech study [17] concerns pre-sleep screening;
its post-sleep recording condition is not included in the headline screening results.

2. Acoustic Al for OSA: Tasks and Analytical Framework
2.1. Prediction Tasks

Patient screening combines acoustic observations into a risk group or referral deci-
sion. Local respiratory-event detection instead labels windows or locates event boundaries.
Severity estimation predicts the apnea—hypopnea index (AHI), defined as scored apneas
and hypopneas per hour of sleep, or an AHI category. A severity estimate may be ob-
tained by counting predicted events or by direct regression from recording summaries.
Supporting tasks, including snore recognition and sleep staging, supply intermediate infor-
mation [18,20]. This distinction determines the evaluation unit: a sound, window, event,
recording night, or patient. For example, speech clips inherit the patient’s OSA label, while
a localized respiratory event has an onset and an offset within a night. Evidence at one level
does not automatically extend to another.
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2.2. From Acoustic Signals to Patient-Level Outputs

Figure 1 summarizes the pathway followed in this review: acquisition and representa-
tion, learning and integration, output construction, and validation. Acquisition determines
which signal is recorded and under what conditions. Explicit descriptors, task-trained
features, and pretrained encoders retain different information from that signal. Learning
objectives and fusion then relate the information to a prediction target, using clinical mea-
surements where available. Finally, clip probabilities may be aggregated for screening,
window predictions merged and counted, or recording features regressed directly to sever-
ity [7,16,17,21]. Evaluation concerns this complete procedure, including patient separation,
recording failures, and performance in new settings. Relating results to these stages helps
identify whether a gain comes from representation, learning, or the construction of the
clinical output. The following sections use this structure to compare reported findings;
untested extensions are collected in Section 9.3.

Acquisition

Speech, breathing
or snoring

Representation

Signal descriptors
or learned features

Learning and
fusion

Prediction target
and available inputs

Patient output

Risk, events
or severity

Clinical
evaluation

Patient separation,
completion
and transfer

Define the clinical task and intended population before comparing performance

Figure 1. General pathway from an acoustic recording to clinical assessment. Each stage can change
the information available or the meaning of the final result. Screening, event detection and severity
estimation use different outputs within this common structure.

3. Clinical Applications
3.1. Screening and Referral Prioritization

Acoustic screening is most useful when it improves referral decisions at an acceptable
recording burden. Brief clinical risk instruments, including STOP-Bang and NoSAS, provide
relevant comparators, while models using the same clinical variables without audio isolate
the contribution of sound. A score for severe OSA does not exclude milder disease. The
clinical question is therefore which additional patients reach diagnostic testing, how many
unnecessary referrals are generated, and whether recording failures delay care. Table 1
brings together studies with prospective or separate-cohort evaluation and a direct home
comparison with a clinical questionnaire.

Published meta-analyses provide a quantitative clinical context. Tan et al. combined
16 overnight-audio studies and estimated a sensitivity of 90.3% (95% credible interval,
86.9-93.1%) and a specificity of 86.7% (83.1-89.7%) [11]. At AHI thresholds of 5, 15,
and 30 events/h, the sensitivity/specificity were 94.3/78.5%, 86.3/87.3%, and 86.3/89.5%,
respectively. Gao et al. combined eight awake-speech studies, estimating a sensitivity of
82.9% (80.0-86.4%) and a specificity of 83.3% (80.7-86.1%) [12]. All eight used professional
microphones in controlled hospital settings. These are estimates from separate reviews with
different studies and targets, rather than a direct comparison of overnight audio with awake
speech. In Tan et al.’s meta-regression, train—test split evaluation, higher OSA prevalence,
higher sampling frequency and non-contact microphones were associated with higher
sensitivity [11]. These study-level associations show why the pooled estimate cannot be
transferred unchanged to an unselected screening population; they do not establish that
any one design choice caused the difference.
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Table 1. Clinical evaluation beyond model-development comparisons. Completion denominators
refer to the reported recruitment or recording process, not a common failure definition.

Population and

Comparator and

Study Evaluation Completion Patient Result Interpretation
Prospective home; 101/117 complete EEX:EQ{IOPS%; {0S Developer-affiliated
Han etal. [9] fixed model; separate  (86.3%); sleeping i investigators; tested

cohort

alone; 50.5% female

sensitivity /specificity
93.3/94.4%

phone protocols

Same-center 59 subsequently PSG; severe-OSA External-center and
Wang et al., OSAnet 1 ¢ ited . ifici h P
[22] temporal test after recruited test sensitivity /specificity ~home transfer not
development patients 95.6/91.6% tested
PSG and wearable; 134 complete clinical
Prospective 121/152 usable severe-OSA AUROC recor dS'p
Guan et al. [23] fixed-model test; snoring recordings 0.964; AHI limits o e
. o modality-specific
three hospitals (79.6%) —41.25 to

+23 events/h

available cases

Separate external

60 external

Laboratory

Xu et al. [24] cohort aft.er participants; selected PSG; AHIMAE evaluation and
PSG-Audio recording qualit 6.03 events/h uality selection
development & quattty quattty

180 analyzed; OSA
Home pp 91.7%; HSAT and Cutoff selected in
Stephens et al. [25] T evaluation; STOP-Bang; AUROC

hypertensive adults

moderate-to-severe
65.5%

0.831 at AHI > 15

evaluation cohort

Sanchez Gomez et al.
[26]

Prospective device
comparison with
PSG

63/80 paired results
(78.8%)

PSG;

sensitivity /specificity
92.86/97.14% at

AHI > 15

Device comparator;
5 non-diagnostic,

3 not started,

9 reference
exclusions

t Abstract or publisher-preview assessment. AHI thresholds are in events/h. A separate cohort does
not necessarily imply investigators independent of the model developer. MAE, mean absolute error.

Stephens et al. compared a sleep-sound app with STOP-Bang in 180 hypertensive
adults using home sleep apnea testing (HSAT) as a reference [25]. For AHI >15 events/h,
the app’s AUROC was 0.831 (95% confidence interval, 0.773-0.890), versus 0.728 and 0.754
for the original and modified questionnaire. The sensitivity/specificity were 72.0/85.5% at
an app cutoff of 7.1 selected in the same cohort. OSA prevalence was 91.7%, with moderate-
to-severe disease in 65.5%; these results describe a high-prevalence hypertensive population
and do not establish the performance of a prespecified rule in general screening. The pooled
comparison with questionnaires in Tan et al. instead used separate published evidence
bases [11].

3.2. Overnight Assessment and Monitoring

Overnight recording can be used to detect when respiratory events occur, estimate their
frequency, or classify OSA severity. Its feasibility at home depends on capturing the correct
patient, maintaining recording, and obtaining sufficient usable audio, as well as on the
model’s performance. Romero et al. evaluated smartphone recordings from 103 participants
over 157 nights, using participant-separated cross-validation and simultaneous level III
testing [21]. Han et al. evaluated a previously developed model prospectively against level
IThome PSG, with complete smartphone and PSG data in 101 participants [9]. Together, they
demonstrate home acquisition under both internal evaluation and prospective testing of a
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predeveloped model. Non-acoustic multinight research shows that severity classification
can vary across nights [27], motivating repeated acoustic assessment. Such assessment
must distinguish changes in breathing from changes in recording conditions. Monitoring
treatment response additionally requires evidence that acoustic change tracks the relevant
clinical outcome.

4. Acoustic Signal Types and Data Acquisition
4.1. Speech Signals

Because awake speech depends on the vocal source, articulation, and vocal-tract acous-
tics, its association with OSA may reflect anatomy or function, shared anthropometry, or
differences in the recording task. Phonation does not directly indicate recurrent airway
collapse during sleep, and classification performance cannot identify the underlying mecha-
nism [2,10]. Saha et al. measured upper-airway dimensions with ultrasound during vowel
production in 31 adults [28]. Acoustic features were associated with measured dimensions,
and dimensional changes differed between NoSAS risk groups. As the grouping used
a risk score rather than PSG diagnosis, the study supports testing acoustic-anatomical
relationships rather than diagnostic accuracy.

Sustained vowels restrict articulatory variation, whereas standardized reading samples
transitions across sounds. Natural speech offers convenient acquisition but varies in words,
language, and speaking style. Zhang et al. used sentences in 254 Chinese men with selected
clinical variables [4]. Wang et al. recorded a standardized Mandarin passage before
and after overnight PSG in the same 112 participants [17]. Standardized content reduces
linguistic variation, and the paired design allows recording conditions to be compared
within individuals. The pre-/post-sleep results describe this protocol; their physiological
explanation and relevance to unscheduled daytime screening remain open.

Population coverage also differs: Han et al.’s home cohort was 50.5% female [9],
whereas the two Wang cohorts were predominantly male [16,17]; Zhang et al. and Xue
et al. enrolled only men [4,29]. Language and sex coverage therefore need to be considered
alongside the choice of speech representation.

TaghiBeyglou et al. studied 151 participants from shelters, a sleep clinic, and a cohort
including people after stroke; sex-specific analyses at AHI 30 reported selected word /model
balanced accuracies of 0.74 in women and 0.78 in men [8]. The two Wang cohorts were
predominantly male: 49/73 in the respiratory-sound study and 83/112 in the speech
study [16,17]. Their published evaluations do not provide sex-stratified performance.
Recruitment diversity and subgroup results therefore provide information beyond overall
accuracy, particularly for transfer to populations unlike the development cohort.

The recording task can also be designed to emphasize particular articulatory move-
ments. Xue et al. collected controlled Mandarin articulations from 301 men and combined
explicit paralinguistic features with transfer-learned spectrogram features in PTF-Net [29].
Here, domain knowledge enters through the sounds requested from a patient as well as
through the network, extending the design choices beyond standard reading and frozen
speech representations. Their reported analysis against drug-induced sleep endoscopy
(DISE) supplies an anatomical reference for that particular investigation. Because the se-
lected features depend partly on phonetic content, transfer across languages involves both
the encoder and the articulations sampled by the recording task.

4.2. Awake Breathing Sounds and Simulated Snoring

For awake tracheal breathing, which requires a different recording procedure from
speech, Alqudah and Moussavi collected supine contact recordings at the suprasternal
notch during prescribed nasal and mouth breathing in 199 participants [30]. Their subse-
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quent meta-model reused the cohort [31]. Sensor placement and breathing instructions
provide control but impose different requirements from smartphone reading. Simulated
snoring requires another recording protocol; Fang et al. used instructed sounds with con-
trolled posture and endoscopic assessment [32]. The acoustic information and feasibility
therefore depend on a supervised maneuver, rather than ordinary speech or spontaneous
sleep snoring.

4.3. Nocturnal Breathing Sounds and Snoring

Snore detection identifies an acoustic event, whereas detection of PSG-defined apneas
and hypopneas may depend on pauses, reduced breathing sounds, recovery sounds, and
their context. Continuous overnight audio additionally contains quiet breathing, movement,
environmental noise, and wakefulness. Selecting individual snores therefore provides
different information from analyzing the whole recording. A smartphone bench study
used playback files derived from 18 participants to test snore detection [33]. Its reference
was known snore occurrence in constructed audio, giving a technical measure of sound
detection. Xie et al. used temporal variability and energy-related snoring features, with age
and body mass index (BMI), to estimate severity in 172 participants [14]. This approach
illustrates why the temporal organization of sounds can carry information beyond the
spectrum of an isolated snore. Conversely, the hybrid respiratory-sound study analyzed
overlapping 20 s windows for local respiratory-event classification and then merged positive
windows for night-level assessment [16]. One approach summarizes patterns to predict a
patient-level target; the other builds a patient output from local event-related decisions.

Li et al. combined waveform and visibility-graph image branches for snore recognition
in home recordings from 88 participants, with subject-separated evaluation [18]. Their
output identifies snoring rather than respiratory obstruction. In a separate 124-participant
study, Li et al. used visibility-graph convolutional neural network (CNN) predictions
from individual snores to construct a patient screening index, reserving 40 participants for
testing [34]. The additional aggregation and clinical reference change the task. A snore
detector can make analysis of long recordings more efficient, but excluding everything
it calls non-snoring may also remove pauses, quiet breathing, and recovery context. The
usefulness of snore selection therefore depends on the information needed for the final OSA
prediction, especially in recordings with few detected snores.

4.4. Data Acquisition and Preprocessing

Tan et al.’s meta-regression found no detected accuracy difference between home-
smartphone and laboratory-microphone studies, while higher sampling frequency and
non-contact microphones were associated with higher sensitivity [11]. These study-level
comparisons support the feasibility of home audio; paired device studies are still needed to
isolate a change in hardware within the same model. The two detailed studies use different
recording and preprocessing protocols. The hybrid respiratory-sound study collected
synchronized 16-kHz, 16-bit smartphone audio during PSG in 73 patients at a hospital
sleep laboratory, without dedicated sound attenuation [16]. Eligibility required more than
six hours of PSG recording and sleep efficiency above 40%. Handcrafted features were
extracted from the original recordings before the preprocessing used for the learned branch.
Gaussian noise and amplitude scaling between 0.9 and 1.1 were used for augmentation.
The resulting model combines original-audio descriptors with features learned from a
separately processed input. Acoustic assessment is not uniformly contactless: bedside
recording, prescribed vocal tasks, and contact sensors impose different patient requirements.
A difference in smartphone placement and inputs is illustrated by Frija et al.’s Apneal proof
of concept, which attached a phone to the chest and recorded sound and motion [35]. Its
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first automatic prototype used a heart-rate time series and an acceleration envelope, whereas
audio was among the signals available to manual scorers. Its automatic results therefore
concern heart-rate and motion inputs. The distinction matters when comparing automatic
acoustic methods with multisensor acquisition systems.

Recording conditions shape the population and signal that a model can assess. Wang
et al’s speech study retained 112 of 115 recruited patients with paired recordings and
complete PSG information [17]. Its controlled Mandarin reading task differs from a brief
phone recording in routine care. Acquisition and processing details for this and other
frameworks are collected in Data S3.

The effect of preprocessing on the final prediction was examined by Cho et al., who
compared four combinations of denoising and feature selection in 423 laboratory smart-
phone recordings; the best AHI regression used selected features without denoising [36].
For AHI regression, denoising offered no advantage over selected features alone. A noisy-
clinic tracheal-sound study illustrates the interaction of acquisition and selection: 247 people
were recruited, 228 remained after recording-quality exclusions, and 196 entered the main
analysis after excluding AHI 10-15 [37]. Nested patient-level cross-validation gave sensi-
tivity/specificity values of 84.3/59.9% for AHI >15 versus <10. The practical trade-off is
visible in both the false-positive rate and the patients left outside the main evaluation.

In Wang et al.’s respiratory study, descriptors from the original audio were combined
with a learned representation of a smoothed log-RMS amplitude envelope [16]. The en-
velope represents slow changes in sound level, while the separately extracted descriptors
retain acoustic spectral information. Removing the reported filtering and resampling step
reduced the window AUROC from 0.919 to 0.909, supporting its use within the tested
pipeline. The signal path is clarified in Data S3.

Noise augmentation and denoising address different aspects of acquisition. Le et al.
added recorded home noise to laboratory audio [38], whereas Cho et al. compared denoising
and feature selection [36]. These experiments assess the model’s response to specific
transformations; home studies additionally measure performance under naturally varying
noise and incomplete recording.

4.5. Reference Labels and Acoustic Observations

Reference labels specify the prediction target. Speech clips inherit a patient severity
label, whereas respiratory windows are assigned local event labels; neither is equivalent to a
precisely localized event boundary [16,17]. PSG scoring rules, included event types, window
overlap, and audio synchronization therefore affect performance. Saha et al. examined
central-versus-obstructive event classification in 50 selected participants [39], while Han,
Xia, and Mascolo compared binary, three-class, and five-class event tasks in 194 PSG-Audio
participants [40]. These studies address different label distinctions. Song et al.’s label-
correction method further illustrates the importance of event-window alignment during
development [41]. Evaluation against an unchanged physiological reference preserves the
clinical meaning of the resulting scores.

5. Examples of Complete Modeling Frameworks
5.1. Feature-Based Severity Estimation and Sensor Fusion

Xie et al. modeled severity using snoring timing and energy and then added age, BMI
and further acoustic descriptors [14]. Adding clinical variables increased the correlation
with AHI from 0.676 to 0.731 but reduced the four-category accuracy from 54.7% to 51.7%;
extended features achieved a correlation of 0.786 and an accuracy of 59.3%. Continuous
prediction and decisions at severity boundaries thus responded differently to feature ad-
ditions. Romero et al. compared sound and respiratory-effort inputs in 103 participants
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over 157 home nights [15,21]. For severe OSA, audio alone yielded a sensitivity/specificity
of 0.78/0.93, versus 0.93/0.92 with decision fusion. Repeated nights remained in the same
patient fold, but patient-clustered precision for these night-level estimates was not reported.

5.2. Paired Speech Learning and Clinical Guidance

Zhang et al. used paired sitting and lying speech, a Siamese learning design, clinical
characteristics, and auxiliary AHI regression in 254 men; the reported severe-OSA F1 was
0.725 on 75 test patients [4]. Wang et al.’s speech study from our group used standardized
Mandarin reading in 112 patients, a frozen XLS-R speech encoder [42], alignment with
clinical profiles, severity-supervised contrastive learning, and clinical modulation [17]. It
examined alternative fusion rules and training objectives, then combined clip probabilities
into a patient result. These studies use different supervision to make speech informative
for patient assessment: paired posture and continuous severity in one, and patient—clinical
correspondence and severity groups in the other. Section 6.4 compares their components
alongside independent work.

5.3. Hybrid Respiratory Features

Wang et al.’s respiratory study combined original-audio descriptors with features
learned from a smoothed log-RMS envelope in 73 laboratory participants [16]. Auxil-
iary sleep-stage supervision and clinical information contributed to window classification;
positive windows were merged into a recording-time index. This combines different trans-
formations of one recording, whereas Romero et al. combined sound with a separately
measured physiological signal [15]. Table 2 compares the five detailed examples using
common criteria; the implementation details are in Data S3.

Table 2. Detailed examples selected for a defined clinical target, patient-validation design, and
component or input comparisons. Results identify the evaluation unit and endpoint.

Study and Inputs

Design Comparison Output and Validation Reported Result

Xie et al. [14]; snoring,
age/BMI

Patient AHI r: 0.676 to
0.731 after clinical inputs;
four-class accuracy: 54.7%
to 51.7%.

AHI regression and
four-category patient
severity; internal five-fold
evaluation

Baseline and extended
explicit features; addition
of clinical variables

Zhang et al. [4];
sitting/lying speech

Patient F1 0.725 with neck
circumference and
auxiliary regression.

Paired-posture learning,
clinical characteristics,
auxiliary AHI regression

Severe-OSA patient
classification;
149/30/75 patient split

Romero et al. [15]; sound
and effort

Severe OSA per night; Night sensitivity/
Feature, latent, and 103 patients/157 home specificity 0.93/0.92 with
decision fusion nights; patient- decision fusion; audio

separated folds sensitivity 0.78.

Wang et al. [16]; authors’
respiratory study

Original-audio descriptors
and learned log-RMS
envelope features; auxiliary
supervision and

clinical fusion

Window classification:
15 held-out patients;
patient severity: separate
ten-fold cross-validation

Window AUROC 0.919
(reported SD 0.008); 0.864
without latent features.

Wang et al. [17]; authors’
speech study

Pre-sleep segment AUROC
0.8345; patient accuracy
85.71% (95% CI
81.36-90.18%).

Frozen encoders; clinical
modulation; contrastive
objectives; aggregation

Severe-OSA patient output;
ten patient-separated folds;
112 patients
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6. Artificial Intelligence Methods
6.1. Acoustic Features and Representation Learning

Handcrafted descriptors summarize named signal properties, task-trained networks
learn from development recordings, and pretrained encoders transfer information from
larger datasets. Skapova et al.’s supervised i-vector classifiers exceeded an exploratory
frozen ECAPA-TDNN pipeline in 93 participants [43]. Xue et al. combined paralinguistic
and spectrogram features from controlled articulation [29]. These approaches retain dif-
ferent information and have different data requirements. Pooled comparisons found no
clear diagnostic advantage of deep over conventional machine learning but did not isolate
architecture from acquisition, patient selection and evaluation [11,12].

Paired channels provide a more direct test of representation transfer. Han, Xia, and
Mascolo compared filter-bank and HuBERT features in ambient and tracheal recordings
from 194 participants [40]. With the same EBranchformer architecture for three-class
event recognition, HuBERT increased ambient-sound F1 from 0.694 to 0.714 but decreased
tracheal-sound F1 from 0.760 to 0.746. The opposite changes show that the usefulness
of speech pretraining depends on the input channel. OPERA assembled approximately
136,000 respiratory recordings and evaluated 19 downstream tasks; contrastive pretraining
more often favored classification, whereas generative pretraining favored regression [5].
ApneaWhisper provides another approach by adapting a pretrained Whisper encoder to
sleep-audio segmentation [44]. These results make the pretraining domain and objective
relevant alongside network size.

6.2. Clinical Variables and Fusion

Clinical-only, acoustic-only and combined models answer different questions when
evaluated on the same patients. Xie et al.’s improvement in AHI correlation after adding
age and BMI, despite lower categorical accuracy, illustrates this endpoint dependence [14].
In Wang et al.’s internally cross-validated speech cohort, adding speech to seven clinical
variables was associated with higher patient accuracy: 96/112 (85.71%) versus 81/112
(72.32%) [17]. Severe OSA affected 48/112 patients (42.86%), and classification used a
fixed probability threshold of 0.5. The accuracy difference was not formally tested, and the
clinical-only logistic regression was not a validated questionnaire. These results describe
an internal comparison rather than established incremental screening utility.

Encoding the same clinical measurements in a different form changes their representa-
tion without adding a measurement. Wang et al. compared numerical and Clinical BERT-
based text encodings of seven variables [17,45], and Li et al.’s DFNet combined acoustic
and medical-language representations [6]. Qiu et al. instead derived semantic representa-
tions from acoustic features and included event-record features [46]. Feature-wise linear
modulation (FILM) provides a general mechanism for conditioning learned features on
another input [47]. For clinical use, the distinction is whether each input is available when
the prediction is made. The encoding and fusion comparisons are summarized in Data S3.

Fusion at the decision stage offers an alternative to interactions within a shared net-
work. TaghiBeyglou et al. combined predictions from self-supervised, handcrafted, and
time—frequency speech representations [8]. Romero et al. compared feature, latent, and
decision fusion of sound and abdominal effort during home recording; sum-based decision
fusion increased severe-OSA sensitivity from 0.78 for audio alone to 0.93, with a specificity
of 0.92 [15]. Fixed patient characteristics provide context, whereas a second physiolog-
ical signal supplies time-varying information. Their costs and failure modes also differ:
approximately 7% of Romero et al.’s recordings lost the effort signal.
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6.3. Supervision and Learning Objectives

Auxiliary targets and contrastive pairs encourage a model to retain different relation-
ships. Zhang et al. combined paired-posture speech with continuous AHI regression [4].
Wang et al. aligned speech with clinical profiles and severity groups [17,48], while auxiliary
REM/non-REM supervision shaped the envelope branch of the respiratory model [16]. The
latter supported event classification within that pipeline and did not provide a separately
validated sleep—wake output. Detailed losses and ablations are reported in Data S3.

Lillini et al."s SICRNN learned paired representations of tracheal-sound spectrograms
using a Siamese CNN and bidirectional recurrent network, followed by clustering [49].
Its 37-patient dataset was evaluated with three patient-separated splits, each containing
23 training, six validation, and eight test patients. The mean six-second-window F1 was
0.90 (SD 0.008). A positive window required an apnea throughout its duration, so this
result concerns window recognition rather than event-boundary recovery. The identity of
paired observations and their reference labels is consequently more informative than the
architecture name alone.

Imbalance also depends on how observations are sampled. Repeated or overlapping
windows can increase exposure to a small number of events without increasing patient
diversity. The reviewed models use focal weighting, label smoothing, or contrastive objec-
tives to address aspects of learning, but these choices do not correct inaccurate event timing.
AUROC and precision—recall performance describe complementary properties; the latter
also depends on prevalence [50]. Their interpretation is strongest when the evaluation
preserves the intended patient population and event distribution.

6.4. Component Comparisons and Computational Cost

Table 3 summarizes selected within-study comparisons, with the evaluation unit
stated for each result. Ablations estimate the effect of a component within a retrained
pipeline; their differences are not additive shares of model performance. Xie et al.’s
endpoint-dependent results and the opposite channel-specific changes reported by Han
et al. show why a gain at one output need not extend to another [14,40]. Data S3 compares
the implementation details.

Table 3. Selected within-study comparisons. Evaluation units are stated explicitly. These comparisons
concern different datasets and do not constitute a cross-study ranking.

Comparison

Reported Result and Unit Interpretation

Xie et al.: clinical inputs [14]

Patient AHI r: 0.676 to 0.731; four-class A gain in correlation did not improve the

accuracy: 54.7% to 51.7%. categorical endpoint.
Han et al.: HuBERT versus filter Three-class window F1: ambient 0.694 to  The same pretrained representation had
banks [40] 0.714; tracheal 0.760 to 0.746. opposite effects across channels.

Romero et al.: sound plus effort [15]  0.78; decision fusion 0.93

Night-level severe-OSA sensitivity: audio A second physiological input improved

sensitivity within this home cohort.

(specificity 0.92).
Xu et al.: energy and recurrent Frame macro-F1: full 0.64; without Energy and temporal modeling contributed
components [24] energy 0.62; without BiLSTM 0.36. differently to local recognition.

Wang et al.: respiratory features [16]

Original-audio descriptors and a learned
log-RMS envelope representation contributed
within the reported pipeline.

Window AUROC: full 0.919; no latent
features 0.864; latent only 0.855.

Wang et al.: speech aggregation [17]

Pre-sleep patient accuracy: voting 92/112  Four additional correct classifications; the
(82.14%); aggregation 96/112 (85.71%). paired difference was not formally tested.

Respiratory window AUROC was measured in 15 held-out patients; SD 0.008 describes variability
across runs, not a patient-level confidence interval [16]. The speech aggregation difference corre-
sponds to four patients and has no reported paired test or confidence interval for the difference [17].
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Practical computation includes feature extraction and preprocessing as well as model
execution. A frozen encoder still incurs inference costs, and timing on laboratory hardware
does not establish phone performance. Data S3 reports the available model sizes and
hardware-specific timings; recording duration and repeated attempts remain part of the
patient’s total burden.

7. Patient-Level Prediction and Severity Estimation
7.1. Aggregation of Local Predictions

Patient aggregation can change the final decision even when segment predictions are
unchanged. In Wang et al.’s pre-sleep speech analysis, voting classified 92/112 patients
correctly (82.14%), and statistical aggregation classified 96/112 (85.71%; reported 95%
patient-clustered bootstrap CI, 81.36-90.18%) [17]. This four-patient difference was not
accompanied by a paired significance test or an interval for the difference. Both the proba-
bility summaries and decision rule changed, with a fixed threshold of 0.5; the comparison
was with voting rather than a trained mean-score model. The study author clarified that,
within each patient-wise fold, the aggregator was fitted only on summary features from
training patients and then applied unchanged to held-out test patients. Generating its
training inputs from internal out-of-fold predictions was not specified.

For sleep sounds, output formation may merge positive windows, localize individual
events, or regress severity directly. Wang et al. merged positive 20 s windows with 10 s
overlap, and Romero et al. similarly grouped positive windows [16,21]. Merging determines
whether repeated detections become one event and whether adjacent events remain distinct.
Song et al.’s later work used an ensemble to revise automatically aligned window labels
before event learning and severity regression [41]. This addresses training-label uncertainty;
the evaluation reference remains a separate part of the design.

OSAnet directly localized events in spectrograms and reported an event precision
of 0.81 and a sensitivity of 0.78 in 59 subsequently recruited test patients [22]. Xu et al.’s
dual-stream CRNN evaluated frame classification, event boundaries, and patient AHI, with
an external mean absolute error (MAE) of 6.03 events/h in 60 patients [24]. Their explicit
timing outputs make event splitting, merging, and boundary errors observable. These
errors can cancel in a final count, which explains why agreement at the patient level alone
gives an incomplete account of event detection.

7.2. Event Counts and Time Normalization

PSG AHI divides the scored event count by sleep time, whereas some acoustic systems
normalize predicted events by recording duration:

oo = T acoustic , AHIPSG — TP ) (1)

recording sleep

~

For an acoustic counter with positive durations T and Ty, the following identity
separates a count term from a denominator term:

§ N :N—N+N(1 1 ) 2)

Tsleep Tsleep T sleep

Here, N denotes the reference event count, N the acoustic count, and T the operational
duration. All quantities refer to the same observation interval, with durations in hours.
Equation (2) first evaluates the count error using reference sleep time and then changes
the denominator while holding the acoustic count fixed. Overcounting and a denominator
longer than the sleep time can partly offset one another.
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The recording-time acoustic index is analogous in its time normalization to the res-
piratory event index (REI) used in HSAT. It is denoted I, here because its acoustic event
definition and recording duration are not necessarily equivalent to the respiratory mea-
surements and monitoring time used by a clinical HSAT. Wang et al. and Romero et al.
evaluated recording-time indices against reference severity [16,21]. Pitkdnen et al.’s analysis
of 1561 PSG records showed that both the time denominator and the inclusion of arousal-
associated hypopneas affect agreement with the AHI [51]. Substitution of reference sleep
time can identify the denominator contribution in an acoustic counter. A direct regres-
sion against the PSG AHI instead estimates severity without an observable event count
to decompose.

For Wang et al.’s recording-time index, a patient-level MAE or Bland-Altman compari-
son with the PSG AHI was not reported [16]. Its ten-fold severe-OSA classification result
therefore does not establish agreement of the continuous index with the AHIL

7.3. Sleep-Time Estimation and Joint Outputs

Acoustic sleep staging provides a possible sleep-time estimate, with its own errors.
HomeSleepNet achieved 76.2% three-state epoch accuracy on 45 paired home PSG/audio
recordings [20]. Xie et al. jointly modeled respiratory events and sleep—wake state using
cardiac and audio signals from 161 participants [52]. Cross-validation yielded an event
F1 of 0.588, AHI correlation of 0.825, and four-category severity accuracy of 57.8%. The
model estimates both events and sleep time, coupling the numerator and denominator of
the final index. Sleep-duration bias and the timing of misclassified wake periods can both
affect which events enter the final index.

8. Model Validation and Clinical Evaluation
8.1. Internal and External Validation

Patient separation is central because clips, overlapping windows, repeated conditions,
and nights share patient identity and recording characteristics. Splitting these observations
across training and testing can produce optimistic estimates for new patients. Allocation
before segmentation and augmentation, with feature selection and aggregation training
confined to development patients, preserves the clinical unit of evaluation [19,53]. Song
et al. reported a segment accuracy of 88.32% with a subject-dependent split and 68.55%
with a subject-independent split; the F1 was 86.28% and 60.29%, respectively [7]. The
split is therefore essential context for the result. Li et al. reported a similar difference in
32 participants: the four-class snore-event accuracy fell from 83.52% with subject-dependent
evaluation to 62.31% with subject-independent evaluation; the embedded implementation
achieved 58.85% under leave-one-subject-out testing [54]. Evaluating the deployed model
and unseen patients together reveals a different performance level from a development
result alone.

Internal validation uses held-out patients or cross-validation within a development
cohort. External validation evaluates a fixed model in a separately recruited cohort without
using its outcomes for tuning. A later same-center cohort provides temporal validation; a
new center examines additional transfer. Multicenter recruitment remains internal when
patients from all centers contribute to development. Dataset-specific retraining on public
and private data evaluates the method in two datasets, rather than external transfer of
one fixed model. Li et al.’s adaptation using unlabeled new-patient recordings is a further
setting in which performance depends on the target data available during adaptation [55].

Tan et al.’s meta-regression associated train—test splitting with higher sensitivity than
other evaluation designs and higher disease prevalence with higher sensitivity [11]. These
associations do not show that internal validation uniformly inflates accuracy, but they
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reinforce the need to compare evaluation designs and disease spectra before interpreting
numerical differences.

Wang et al’s speech study used ten patient-separated folds, with eight for training,
one for validation, and one for testing [17]. The respiratory study used two evaluation
protocols: an 80%/20% patient split with 15 of 73 patients held out for window-level testing
(AUROC 0.919), and a separate ten-fold evaluation of patient-level severity, training on nine
folds and testing on the remaining fold [16]. The latter yielded a mean accuracy of 89.0%
(SD 1.1 percentage points) at AHI 30. A separate evaluation using dataset-specific training
on a 305-participant PSG-Audio subset yielded a window AUROC of 0.8065 and AUPRC of
0.7459. The 73-person respiratory-sound cohort and the 112-person speech cohort had no
participants in common. Other reuse is explicit: the two awake-tracheal studies used the
same 199 participants, and Romero et al.’s sound and sensor-fusion reports used the same
103-participant home cohort [15,21,30,31].

Tables 4 and 5 pair numerical results with their evaluation unit, reference threshold,
and validation design. OSAnet tested 59 subsequently recruited patients at the same
center [22]; Xu et al. used a separate external cohort of 60 [24]. Independent recruitment,
prospective enrollment, and unattended home acquisition address different aspects of
clinical applicability.

Table 4. Selected acoustic OSA studies: populations, inputs, validation, and patient-level or recording-
night results. Performance values are presented with their reported endpoints and validation settings.

Population and

Acoustic Input and

Validation and

Performance: Unit and

Study Setting Target Separation Threshold
g;trﬁrefé (leysmgech lus Internal patient split: Patient F1 0.725 with
Zhang et al., 254 Chinese men; linical p p 149 training, neck circumference and
2023 [4] laboratory -~ 30 validation, auxiliary AHI
characteristics; severe 75 testin reoression
OSA & & '
Severe-OSA patient
Wane et al 112 patients Internal accuracy 85.71%
onli r?e 202 é’. (48 severe OSA; Mandarin reading patient-separated (96/112); clinical-only
volume 202’7 42.86%); controlled plus seven clinical ten-fold evaluation; 72.32% (81/112); fixed
[17] Mandarin reading variables; severe OSA  paired recordings threshold 0.5; paired
before sleep remain one cohort difference not formally
tested.
Prescribed speech; At AHI 30: sex-specific
TaghiBeyglou 151 participants self-supervised and  Internal s.ex-gpecnﬁc selected word/model
. other cross-validation and balanced accuracy 0.74
etal., 2026 [8] across three settings . :
representations; dataset analyses in women and 0.78
severity in men.
Alqudah and Same Contact tracheal Internal holdout: i?jg -f?ri)r(:lc:la f:st
Moussavi, 199 participants; breathing sounds 169 development/30 o .
; . . . accuracy 76.7%,; earlier
2025/2026 supine awake plus anthropometry; test participants; .
[30,31] recordings severity cohort reused pairwise results concern
¢ different tasks.
423 laboratory Sleep breathlr}g Internal holdout: AtAHI30: pe(a)tlent
Cho et al., 2022 articipants: sounds; severity 256 training /167 test accuracy 81.7%, AUROC
[36] P bants, classification and ) & 0.90; best AHI
smartphone patients

AHI regression

regression r = (.78.
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Table 4. Cont.

Population and

Acoustic Input and

Validation and

Performance: Unit and

Study Setting Target Separation Threshold
Nocturnal snoring Extended features: AHI
Xie et al., 2023 172 sleep-clinic timing/energy Igternal patlent—}evel MAE 7.26 events/h;
- five-fold evaluation four-category accuracy
[14] participants features, age and 1 . o
BMI: severit with inner tuning 59.3%. Reference
/ y excludes central apneas.
Window test: AUROC
Window test:
73 laboratory . . 15 held-out patients; 0919 (run SD 0.'008> !
. Respiratory audio . 15 held-out patients.
Wane et al %):91. trlrclq:;r'lts plus five clinical fe;:_efrlg. separate Separate ten-fold patient
ang et at., en); variables; local en-o g protocol: severe-OSA
2026 [16] smartphone; separate . cross-validation; N
. events and night r. accuracy 89.0% (fold SD
PSG-Audio subset of | dataset-specific .
305 participants index retraining on 1.1 percentage points).
p p PSG- AuC{gio Continuous AHI
agreement not reported.
Laboratory 9 s sleep-audio Internal patient split: .
Song et al., 2025 PSG-Audio; windows; 205/50/50; separate Patient AHIMAE

[7]

50 held-out patients
for AHI

ConvNeXt-LSTM
and AHI regression

subject-dependent
segment experiment

10.29 events/h, r = 0.804
in the full-text analysis.

Romero et al.,

103 participants; 157

Smartphone
breathing sounds;

Internal ten-fold
patient separation;

Night-level severe-OSA
sensitivity /specificity

2022 [21] home nights; level IIl recordlr'lg-tlme- repeated nights stay in  0.78/0.93 across
reference normalized event )
index one fold repeated nights.
Internal 1165/150 split;
. Breathing sounds simultaneous Patient severity
Le et al. 2023 égéigi?t_ﬁif and with home-noise dual-microphone sensitivity /specificity
[38] v recordin Is) augmentation; recordings excluded 0.85/0.84 at AHI >15;
laborato rg ’ event/severity for subject- epoch accuracy 86% is a
y prediction independent separate outcome.
evaluation
Prospective home test At AHI >30:
. i0S/Android of fixed model in a sensitivity /specificity
Han et al., 2024 }(1){ ?s;ni:zegfgz smartphone separate cohort; 93.3%/94.4% (i0S),
9 p ’ breathing sounds; developer-affiliated 92.9%/94.3% (Android);
level IT PSG ; b
AHl/severity investigators; sleeping 12 phone and four PSG
alone failures.
Three hospitals; Prospective Severe-OSA patle?t
. . . AUROC 0.964 (95% CI
152 recruited, Snoring model; independent test of 0.922-1.000); AHI bias
Guanetal, 2026 134 complete clinical PSG-referenced fixed model; PSG ] : L
. . . ) . —9.12 events/h, limits
[23] records; 144 PSG, severity and comparisons: snoring .
. . —41.25 to +23; modality
121 snoring, wearable comparison 1 =121, wearable .
AUROC differences not
107 wearable records n =107 S
significant.
Snoring features, Internal 200 training/ Patient four-class
. . derived semantics, 50 test patients; severity accuracy 58%;
8;;] etal,, 2024 25a2t}ilcci)szlrt?sl and event-record event-record event-classification
p p features; availability matters at ~ metrics describe a
events/severity inference different target.
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Table 4. Cont.

Population and

Acoustic Input and

Validation and

Performance: Unit and

Study Setting Target Separation Threshold
180 hypertensive Smartphone slee At AHI >15: patient
adults at home; OSA sounctlI:s)' P Clinical app AUROC 0.831 (95% CI
Stephens et al., 91.7%, ’ evaluation; cutoff 0.773-0.890),
moderate-to-severe . . e g
2026 [25] t moderate-to-severe OSA: STOP-B selected in evaluation  sensitivity/specificity
65.5%; HSAT ' “bang cohort 72.0/85.5% at app
comparator
reference cutoff 7.1.
AHI, apnea-hypopnea index; AUROC, area under the receiver operating characteristic curve; BMI,
body mass index; MAE, mean absolute error; PSG, polysomnography. AHI thresholds are in events/h.
Internal denotes a split or cross-validation within the development cohort; separate-cohort testing uses
separately recruited evaluation patients and does not imply investigator independence. Acquisition
setting and validation design are reported separately. Recording-based splits are identified when
) 8 P P Y: g P
patient separation could not be verified. Night-level results can include repeated observations from
one patient. Reference [25] was assessed from its abstract and publisher preview. CI, confidence
interval; SD, standard deviation. Values are selected operating points from the cited reports and
depend on case mix, reference scoring, thresholds, and validation design. t identifies the relevant
study rows assessed from abstracts or publisher previews.
Table 5. Additional acoustic studies: task, modeling approach, validation, and evaluation level.
Output levels distinguish supporting acoustic tasks from patient OSA screening.
Population, Acoustic . Validation and Performance: Unit and
Study Input and Task Modeling Approach Separation Threshold
301 men; controlled Explicit Development study; f: tl;ﬁfeslez%g}/”UAR
; paralinguistic and PIEL STy P o
Xueetal., 2025  Mandarin transferlearned external validation not improvements 5.1/5.8%;
[29] t articulation; OSA spectroeram streams established in the absolute values and
severity. irlf PTF—lg\Ie ¢ examined abstract. specific threshold
) unavailable in abstract.
MEFCC and i-vector Internal Patient OSA
Skapova et al 93 participants; pipelines; subject-independent classification: i-vector
2025 [43] v daytime speech; OSA exploratory frozen eva{ua tHon: 9%_ erson SVM AUROC 0.987
screening. ECAPA-TDNN @ 1 7oP (95% CI 0.974-0.997),
. clinical dataset. o
scoring. accuracy 96.3%.
135 development 135 development Ever}t' e
Wang et al participants; Spectrogram event patients; precision/sensitivity
2022 OSAr‘{et subse uentll detection; duration 59 subse, uentl 0.81/0.78; patient
g q Y and patient-level >sed Y severe-OSA
[22] enrolled test cohort recruited at the same e ifici
of 59 assessment. center (temporal test) sensitivity /specificity
’ " 95.6/91.6%.
- . Internal holdout: 40 of Patle.nfc OS.'AHS
124 participants at Visibility-graph 124 participants classification: accuracy
Lietal., 2023 home; 40 reserved images, CNN, and resell?ve d f(?r testing: 92.5%,
[34] for testing; OSA snore-based patient & sensitivity /specificity
. . actual home 2
screening. index. o 93.9/91.2%; index cutoff
acquisition.
0.5.
88 participants, ages ~ Waveform and ?;?;Cﬁjrﬁarated gr?g;c}if)\rie—inore
Lietal., 2023 12-81, at home; visibility-graph CNN recor,din s supporting  AUROC 0.947: accurac
[18] snore/non-snore branches; subject- &8, Supp & T y

recognition.

separated folds.

sound-
recognition task.

89.3%; not a patient OSA
endpoint.
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Table 5. Cont.

Population, Acoustic

Validation and

Performance: Unit and

Study Input and Task Modeling Approach Separation Threshold
Internal
103 participants, Feature, latent, and participant-separated Sj;’g;:is/As ccificit
Romero et al., 157 home nights; decision fusion; evaluation; same 0.93/0 92};\7151 decisi}(]m
2023 [15] sound and participant-separated  103-person/157-night N . .
. . fusion; recording-night
respiratory effort. evaluation. home cohort as 2022 dpoi
study. endpoint.
Three

37 patients; tracheal

Siamese CNN-GRU

patient-separated

Six-second-window F1

Lillini et al., audio; representation splits: 23 train/six 0.90 (SD 0.008); apnea
2024 [49] apnea-window followed by pos: 2 . . must span the full
. . . validation/eight test in o .
identification. clustering. each positive window.
Central/obstructive
event accuracy 83.66%;
Saha et al. 2025 50 participants with ~ Transfer-learned Event-subtype sensitivity and
[39] + v central and CNNs on tracheal evaluation in 50 specificity each above
obstructive events. spectrograms. selected participants. 83%; patient separation
not established in
abstract.
Participant- Three-class window F1
Han, Xia, and 194 PSG-Audio Multiple independent with EBranchformer:

participants; ambient

representations and

ambient 0.694 (filter

1[\18?010’ 2026 and tracheal networks; binary and p:};ggfﬁ:;;ﬁ:;’;om banks), 0.714
channels. finer event tasks. Fhe same participants (HuBERT); tracheal
PArHEIPan's- 0.760,/0.746.
PSG-Audio Spectrogram and PSG-Audio External patient AHI
. MAE 6.03 events/h; at
Xu et al., 2026 development; energy streams with ~ development plus a AHI >30: AUROC 0.99
[24] 60-participant recurrent temporal separate 60-person o P
external cohort modeling external cohort sensitivity/specificity
' ’ ' 89.29/100%.
Six test patients, one
. Subject-level positive; too imprecise
y adults; six-person . six-person test set, or comparative
éZEE‘rc: lu et al 32 adul p ii’gl;i‘;‘ (;i:ll\I / P f P
& 7 subject-level test set. ! including one performance
2026 [56] + transformer models. o : )
positive case. interpretation
(Section 8.4).
. . . Home-domain
5 pan‘ed.home Hospital supervision, learning followed by Three-state
Tran et al., 2023 PSG/audio home-domain . . .
[20] recordings for learnine. and noise testing on 45 paired sleep-staging accuracy
rems . e, home PSG/audio 76.2% at the epoch level.
testing; sleep staging. consistency. recordings
Internal
161 participants; . .
. concurrent cardiac Mult'l—mput, patient-sep arateq Event F1 0.588; patient
Xie et al., 2025 o multitask event and  four-fold evaluation
and audio signals; o 4 .. AHI r = 0.825; four-class
[52] sleep-disordered sleep-wake with inner validation; severity accuracy 57.8%
P modeling. thresholds selected on y y o7 e

breathing.

validation data.
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Table 5. Cont.

Population, Acoustic

Validation and

Performance: Unit and

Study Input and Task Modeling Approach Separation Threshold
i?;;ecszll;f d; 228 Two-level ensemble  Nested patient-level Patient AHI >15 versus
Bastani exclu(s]ionS'}i9 6in with CV: four outer folds; <10: AUROC 0.77
Najafabadi et al., . " subgroup-specific excludes AHI 10-15 (SD 0.01);
main analysis; awake . . e e
2026 [37] feature selection and  from main sensitivity /specificity
tracheal sound and . o
bagged trees. comparison. 84.3/59.9%.
anthropometry.
Mel filter-bank Subject-dependent and Event accurfcy
.. features, Sy 83.52/62.31% before
32 participants; snore | . subject-independent .
. . bidirectional LSTM ; compression; deployed
Lietal., 2023 audio; four ) . comparisons; deployed
. with attention; . hardware accuracy
[54] t respiratory-event . model tested with o
pruning and : 58.85% under
classes. o leave-one-subject-out .
quantization for validation leave-one-subject-out
embedded hardware. ' testing.
UAR, unweighted average recall; SVM, support vector machine; OSAHS, obstructive sleep apnea—
hypopnea syndrome; CNN, convolutional neural network; GRU, gated recurrent unit; MFCC, mel-
frequency cepstral coefficient; PSG, polysomnography; AHI, apnea-hypopnea index; MAE, mean
absolute error. References [29,39,54,56] were assessed from abstracts or publisher previews. The
mixed-age snore-recognition study is included only as a supporting acoustic task. Validation refers
to the reported separation and testing procedure; details that could not be verified from available
material are identified. Results are reported at the sound, event, epoch, or patient level appropriate to
each task. 1 identifies the relevant study rows assessed from abstracts or publisher previews.

Table 6 summarizes the review-specific appraisal, with explanations in Data S2. Par-
ticipant selection was unclear for 27 of 31 reports; U denotes insufficient information, not
demonstrated high risk of bias. Tan et al. applied QUADAS-2 and graded their selected
overnight-audio evidence as high quality, with no included study judged at high risk [11].
Their study set, clinical diagnostic targets and assessment rules differ from this review’s
broader mixture of speech, event, supporting-task and device studies. Our selection do-
main also considers recording completeness and consequences of exclusions. These domain
judgments therefore cannot be equated with Tan et al.’s overall quality grading. Concrete
concerns here include evaluation-cohort cutoff selection, restricted disease spectra and
small independent-patient test samples.

Table 6. Domain-level appraisal of the reported results. P, participant selection; I, predictor availability;

R, reference; V, evaluation safeguards; Q, precision; A, applicability.
Study P I R v Q A
Zhang et al. 2023 [4] U L C U C
Wang et al. speech study [17] (pre-sleep) U L L U L C
TaghiBeyglou et al. 2026 8] U L L U U C
Alqudah and Moussavi 2025 [30] U L L L C C
Alqudah and Moussavi 2026 [31] U L L L C C
Cho et al. 2022 [36] U L L L U C
Xie et al. 2023 [14] U L L L L C
Wang et al. respiratory-sound study [16] U L L L C C
Song et al. 2025 [7] U L L L U C
Romero et al. 2022 [21] U L L L U C
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Table 6. Cont.

Study

Le et al. 2023 [38]

Han et al. 2024 [9]

Guan et al. 2026 [23]

Qiu et al. 2024 [46]

Stephens et al. 2026 [25] t

Xue et al. 2025 [29] t

Skapova et al. 2026 [43]

Wang et al. OSAnet 2022 [22]

Li et al. OSA screening 2023 [34]

Li et al. sound recognition 2023 [18]

Romero et al. sensor fusion 2023 [15]
Lillini et al. 2024 [49]

Saha et al. 2025 [39] t

Han, Xia and Mascolo 2026 [40]

Xu et al. 2026 [24]

Aygun Cakiroglu et al. 2026 [56] t
Tran et al. 2023 [20]

Xie et al. 2025 [52]

Bastani Najafabadi et al. 2026 [37]

Li et al. embedded model 2023 [54] t
Sanchez Gomez et al. acoustic device [26] U L L L L C

L, low concern; C, concern identified; U, insufficient information; N, not applicable. U is not high risk
of bias. t Abstract or publisher-preview assessment. Ratings address the result discussed, not every
experiment in a report; supporting observations are in Data S2.
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8.2. Home Recording and Independent Populations

Romero et al’s internal patient-separated evaluation of 157 home nights from
103 participants yielded severe-OSA sensitivity/specificity of 0.78/0.93 for audio alone
and 0.93/0.92 for sound—effort fusion [15,21]. Patient-clustered precision was not reported
for these night-level estimates. Han et al. prospectively tested a previously developed
model against level Il home PSG in a separately recruited cohort [9]. At AHI >30 events/h,
the sensitivity/specificity were 93.3/94.4% for iOS and 92.9/94.3% for Android. Complete
data were available in 101/117 attempts (86.3%); 12 smartphone failures and four PSG
attachment errors accounted for the remainder. Several investigators were affiliated with
the model developer, Asleep Research Institute: the cohort was separate from development,
but the investigators were not independent of the developer. Performance applies to the
tested phones and sleeping-alone protocol.

Guan et al. prospectively tested a fixed snoring model at three hospital centers [23]. Of
152 recruits, 134 had complete clinical and demographic information, explaining the abstract
denominator. Valid recordings comprised 144 PSG, 121 snoring and 107 wearable records;
comparisons with PSG used the available records for each modality. Thus, 31/152 recruits
(20.4%) lacked a usable snoring recording. Against the PSG AHI, the snoring estimate
had a correlation r = 0.79 and ICC = 0.753; bias was —9.12 events/h, with agreement
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limits of —41.25 to +23. The severe-OSA AUROC was 0.964 (95% CI, 0.922-1.000). For
the source’s paired mild-disease comparison, the snoring and wearable AUROCs were
0.83 and 0.72 (p = 0.07). Good discrimination and correlation therefore coexisted with
wide individual AHI differences, without a statistically demonstrated advantage over the
wearable comparator.

Recording feasibility includes obtaining a result from the intended patient. Shared
rooms, variable microphone placement, background sounds, and interrupted recording
differ from controlled single-sleeper protocols. Quality rejection, repeat attempts, and
missing reference data affect the fraction of patients who receive a usable assessment. A
low-error result among complete recordings can still be difficult to use if many attempts fail.
Local processing and controlled audio retention also matter because bedside microphones
capture household speech as well as breathing. For identifiable health-related audio, GDPR
or equivalent requirements include a lawful basis for processing, protection of access and
retention limited to a justified purpose and period [57].

8.3. Clinical Performance and Comparators

The clinical value of an acoustic result lies in additional cases identified at a given
referral burden, with missed severe cases and repeat recordings included. Stephens et al.
provide a direct comparison with STOP-Bang, but their high-prevalence hypertensive cohort
and locally selected cutoff restrict transfer to general screening [25]. Wang et al.’s speech
comparison was internal, used an unvalidated clinical-only logistic regression and did
not formally test the accuracy difference [17]. Neither study establishes how an acoustic
strategy changes completed testing or patient outcomes in routine practice.

Overnight oximetry measures oxygen desaturation, which sound does not measure
directly. Technically adequate HSAT records respiratory physiology and remains an estab-
lished diagnostic option in appropriate adults [3]. Acoustic tools offer different acquisition
requirements, but their value relative to oximetry or HSAT depends on diagnostic yield,
recording completion, and downstream testing. Guan et al.’s wearable comparison illus-
trates the need to evaluate both discrimination and agreement: no significant AUROC
difference demonstrated superiority of either modality [23]. The indirect comparisons in
the overnight-audio meta-analysis likewise summarize separate evidence bases rather than
clinical interchangeability [11]. Automated acoustic medical devices offer a useful clinical
comparison. Sanchez Gomez et al. prospectively evaluated AcuPebble against PSG in Spain:
63 of 80 recruited patients provided paired diagnostic results, with sensitivity /specificity of
92.86/97.14% at AHI 15 [26]. Five device outputs were non-diagnostic, three recordings
were not started, and nine exclusions concerned the reference equipment or recording. The
proprietary system is considered here as a clinical comparator, rather than evidence for a
particular Al architecture. Its results illustrate how diagnostic yield includes the availability
of a usable output as well as accuracy among completed studies.

Among the devices considered here, AcuPebble SA100 has US FDA 510(k) clearance
(K210480) for adult home OSA prescreening to assist a healthcare professional [58]. This
product-specific indication does not confer clearance on other research models or replace
full PSG when its additional measurements are needed.

Calibration, sensitivity, specificity, predictive values, and patient-level uncertainty
describe how scores translate into decisions [59]. For continuous severity, absolute er-
ror and agreement supplement correlation. Population prevalence and disease spectrum
affect predictive values and referral burden, while threshold optimization on evaluation
patients overstates the performance of a fixed deployment rule. Early clinical evaluation
also concerns time to completed testing and clinicians” use of predictions, as emphasized
by DECIDE-AI [60]. These outcomes connect model performance with access to care.
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8.4. Population Coverage and Reproducibility

The number of independent patients determines precision more directly than the
number of clips. Aygiin Cakiroglu et al. reported a subject-level AUROC of 1.00 with a
95% CI of 0.00-1.00 in six test patients, only one positive [56]. Small held-out samples
also limit the interpretation of window-based models such as Wang et al.’s respiratory
study (15 test patients) and SiCRNN (eight per split) [16,49]. A reported SD across runs or
splits is not a patient-level confidence interval. Tables 4 and 5 distinguish these quantities
where available.

Language, sex, body habitus, comorbidities, and referral pattern influence the popu-
lation represented. Mandarin reading and Chinese male cohorts provide evidence under
specific linguistic conditions [4,17,29]. A multilingual pretrained encoder does not itself val-
idate an OSA model across languages. Han et al.’s home study and Guan et al.s multicenter
study broaden separate-cohort evaluation under specified protocols [9,23]. Reproducible
public-data comparisons complement this evidence when channel selection, event labels,
exclusions, and patient splits are documented. PSG-Audio is valuable for such compar-
isons, but repeated analyses of its participants are not additional independent clinical
replications [40,61].

9. Discussion and Future Directions
9.1. Synthesis of the Evidence

The pooled overnight-audio and awake-speech estimates summarize different clinical
settings [11,12]. Tan et al.’s associations between sensitivity, train—test splitting and OSA
prevalence reinforce the need to interpret performance through evaluation design and
patient spectrum. Within-study comparisons explain a different source of variation: clinical-
feature additions improved Xie et al.’s AHI correlation while reducing categorical accuracy;
pretrained features helped ambient but not tracheal audio in Han et al.; and energy and
recurrent components improved Xu et al.’s frame recognition [14,24,40]. A representation
is useful in relation to its signal, prediction target and output.

Fusion and output construction can also change the final assessment. Romero et al.’s
additional physiological channel increased severe-OSA sensitivity, while Wang et al.’s ag-
gregation comparison changed the classification of 4 of 112 patients [15,17]. The respiratory
study combined original-audio descriptors with a learned log-RMS envelope represen-
tation [16]. These comparisons identify useful modeling hypotheses within the tested
pipelines. Demonstrating added clinical value requires paired patient-level comparisons,
appropriate uncertainty and evaluation against the tests used in the intended pathway.

Separate-cohort evaluations provide a stronger test of transfer than internal model
comparisons. Han et al.’s home results and Guan et al.’s multicenter study broaden this
evidence while also showing the importance of recording completion and individual AHI
agreement [9,23]. A model may support referral prioritization while estimating continuous
severity imprecisely. Clinical usefulness depends on producing an interpretable result for
the intended patients, including those whose first recording fails.

9.2. Clinical Implications

A plausible near-term role is referral prioritization where the acoustic result adds to
clinical risk assessment and leads to timely PSG or HSAT. Awake speech requires a brief task,
whereas overnight sound adds recording burden but may capture event-related information.
Their usefulness depends on which patients are additionally identified, how many extra
referrals are generated, and whether incomplete recordings delay care. Low acoustic scores
do not override symptoms or other indications for diagnostic testing [3]. Repeated acoustic
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recording may support accessible follow-up, but monitoring disease or treatment response
requires evidence beyond cross-sectional severity discrimination.

9.3. Research Priorities

Three priorities emerge: matched model-design comparisons, evaluation of complete
clinical outputs, and generalization with practical deployment. Shared patient partitions,
clinical inputs and tuning opportunities help identify whether gains arise from representa-
tion, fusion, supervision or output formation. Testing components across more than one
pipeline would establish how consistently their benefits transfer.

Complete-output evaluation connects local predictions to patient decisions. Relevant
questions include whether richer aggregation improves on a trained mean-score comparator,
whether temporal context improves event timing rather than only smoothing scores, and
whether count or duration errors dominate severity estimates. For models using patient pro-
files, within-patient event discrimination helps separate local recognition from differences
in baseline patient risk.

Generalization involves new patients, languages, devices, and home conditions, with
clinical-only comparators and recording failures retained in the evaluation. Prospective test-
ing of a fixed model gives different evidence from adaptation using target-population data.
Computation, acquisition time, repeat attempts, and subgroup performance determine
whether any statistical gain is practical. A longer-term direction is physiological inter-
pretation: DISE or imaging can test anatomical associations, while synchronized airflow,
effort, oxygenation, and arousal clarify which respiratory changes a model recognizes [62].
Associations with hypoxic burden or outcomes beyond AHI also require paired physi-
ological evidence [63]. Feature attributions can help select acoustic patterns for these
physiological investigations.

9.4. Limitations

Purposive selection and extraction may limit coverage and introduce selection bias.
The supplementary database searches did not comprehensively cover engineering literature.
The review-specific appraisal provides domain judgments rather than a formal certainty
grade; incomplete reporting also limited verification for some studies. Authorship of two
detailed examples is disclosed. Differences in populations, reference scoring, inputs, targets
and validation prevent reliable cross-study ranking. The synthesis supports interpretation
of model-design choices and research priorities; comparative clinical effectiveness requires
direct evaluation.

10. Conclusions

Acoustic Al offers promising approaches to screening and referral, with substantial
differences in the evidence supporting individual tools. The published pooled sensitiv-
ity /specificity are approximately 90/87% for overnight audio and 83/83% for awake speech
(rounded values); the speech studies used professional microphones in hospitals, and
overnight-audio sensitivity varied with evaluation design and disease prevalence. Within-
study comparisons link performance to representations, fusion and patient-output construc-
tion but do not by themselves establish incremental clinical utility. Separate-cohort studies
add evidence on transfer, recording completion and AHI agreement. The next clinical
priority is direct comparison with risk instruments and existing tests under intended-use
conditions. Narrative selection and heterogeneous evaluations support design insights
rather than a ranking of effectiveness. Acoustic Al does not currently replace PSG or
technically adequate HSAT.
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