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Abstract: Obstructive sleep apnea (OSA) remains underdiagnosed and inadequately managed despite an explosion in multimodal data and
swift progress in artificial intelligence (AI). To elucidate the extent of Al techniques utilized in OSA data resources, we conducted
a comprehensive literature search in PubMed, Web of Science, Scopus, and IEEE Xplore from 1 April 2020 to 1 April 2025. Search terms
related to Al were combined with “obstructive sleep apnea”, and 575 original studies were found after de-duplication and exclusion. We
employed the DDPP analytics model (Descriptive, Diagnostic, Predictive, and Prescriptive), derived from the business domain, to structure
reported clinical applications. The study indicates a significant gap between available data and current Al: most research focuses on sleep
monitoring signals, whereas patient-reported outcomes, electronic health records, and environmental data (both social and natural) are
largely underutilized. In clinical practice, applications typically concentrate on Descriptive and Diagnostic phases, while Prescriptive
analytics for personalized therapy is scarce. This is the first review to assess Al projects from the perspective of OSA data resources, and the
first to apply the DDPP framework for sleep medicine analytics. We call on researchers to mine OSA-related data from multiple dimensions
and to select suitable Al technologies based on the data characteristics, thereby enhancing clinical decision-making.

Keywords: obstructive sleep apnea, big data, artificial intelligence, data analysis framework

Introduction
Obstructive Sleep Apnea (OSA) is a common sleep-related breathing disorder with high prevalence, low diagnostic rates, poor
treatment adherence, and significant adverse impacts on individuals and society. According to research estimates, among
individuals aged 30 to 69, approximately 936 million are affected by mild to severe OSA, while 425 million are affected by
moderate to severe OSA." The disease is characterized by intermittent hypoxemia and sleep fragmentation, which trigger
a series of pathophysiological responses,” leading to cardiovascular diseases,™® metabolic disorders,” neurological
impairments,® and psychosomatic disorders.”® However, as a heterogeneous disease, it exhibits a relatively uniform set of
diagnostic and treatment measures with few available options, exacerbating the dilemma of clinical management.”

The advent of Big Data (BD) and Artificial Intelligence (AI) marked a new era in precision medicine. Data-driven Al

10 H % and psychiatry,”® while their

techniques have made notable progress in rheumatology,'® ophthalmology,'' oncology,'
applications in OSA are relatively underexplored. Following the wide implementation of monitoring tools in clinical practice,
patients with OSA are generating large-scale, complex, and multidimensional datasets. In theory, concurrent advancements in
the “three pillars” of Al—data, models, and computational power—should accelerate clinical translation. Nevertheless, the
field of OSA still lacks a clear paradigm for elucidating anatomical and physiological mechanisms, defining meaningful
phenotypes and endotypes, and developing personalized treatment models.

Based on the above observations, we hypothesize that an information mismatch exists between the two domains: Al
researchers may be unaware of the existence and value of OSA-related data, while clinical researchers may be unfamiliar

with the potential and constraints of Al. To address this issue, this narrative review adopts a problem-oriented approach,
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structured around three key sections: data, technology, and analytical framework. The underlying logic and flow are
outlined in Figure 1. In Section 3, we introduce a modified version of the DDPP model (Descriptive, Diagnostic,
Predictive, Prescriptive), tailored to reflect the staged nature of clinical decision-making in Al-driven applications. Rather
than using it as a strict evaluative criterion, we employ it as a conceptual tool to organize and interpret the reviewed
studies.

Methods

Data Classification

Based on clinical and research knowledge, we first classified OSA-related information into four main types: clinical
diagnosis and treatment, health management, omics, and environmental data. This classification provided the foundation
for Section 1 and supported the analysis of how different Al technologies are matched to distinct data modalities, as
presented in the Theoretical Perspective of Section 2.
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Section 1 : Data

What types of data are generated in OSA? What
How are these data acquired?
What are their characteristics?

| Sectiion 2 : Technology

' Theoretical Perspective What
What types of Al techniques are currently prevalent?

What data type do these techniques best suited for?

What are representative data examples in OSA?

3 Applied Perspective
How have existing studies utilized OSA-related data (type and purpose)? How

Section 3 : Analytical Framework

Theoretical Perspective What
Problem: How should we interpret the applications?
Approach: Introduce a structured framework — the DDPP framework.

Applied Perspective How
How do the previous sections align with the framework?

Figure | The underlying logic and flow of this review.

Literature Search

To provide a quantitative overview that informs Section 2, we conducted a literature search across four major databases,
focusing on how Al technologies have been applied in OSA research. We restricted the search to the past five years
because Al architectures, computational power, and sensor technologies have changed substantially since 2020, rendering
older performance metrics less comparable to current clinical readiness. Titles and abstracts were screened by one
researcher to identify studies involving Al applications in the context of OSA. Due to resource constraints, dual review
was not conducted, which is acknowledged as a limitation while considered acceptable for this narrative review. All
references were managed using EndNote 20. The overall search strategy is summarized in Table 1, detailed search strings
are provided in Appendix 1, and the process is illustrated with a PRISMA flowchart in Figure 2.

Framework Development

To facilitate a clinically oriented analysis, we developed a conceptual framework based on the DDPP model in Section 3.
Although originally rooted in business analytics, its components were reinterpreted through semantic restructuring and
cross-domain mapping to align with clinical decision-making. A detailed explanation is provided at the beginning of the
Multi-Stage Mapping via DDPP.
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Table | Summary of Literature Search Strategy

Item Details

Databases PubMed, Web of Science, Scopus, IEEE Xplore

Search Fields Title/Abstract

Search Terms #1 “Obstructive Sleep Apnea”
#2 “Artificial Intelligence” OR “Machine Learning” OR “Deep Learning” OR “Computer Vision” OR “Natural Language
Processing”

Search Query PubMed, Web of Science, Scopus: #1 AND #2
IEEE Xplore: #I

Rationale for IEEE | Many engineering studies describe specific algorithms without general Al terminology in the title or abstract.

Timeframe I April 2020 to | April 2025
Language English
Inclusion Criteria | - Original research articles

- Studies focusing on OSA

Exclusion Criteria | - Duplicate records

- Not original articles: review articles, bibliometric analyses, secondary data analyses, conference proceedings

- Not OSA-related: studies focusing solely on algorithm development, device improvement or not directly investigating OSA

Big Data In Osa

Four categories of data were identified and summarized, with their purpose, content, acquisition methods, and char-
acteristics detailed in Table 2.

Clinical Diagnosis and Treatment Data
Sleep Monitoring Data
Sleep monitoring serves as the cornerstone of OSA diagnosis and treatment. Patients frequently exhibit symptoms such as
daytime sleepiness, impaired concentration, fatigue, and nocturnal snoring, suggesting underlying physiological disturbances
during sleep. To quantify core signals that reflect the interaction between sleep and respiration,'” various monitoring devices
have been developed. Monitoring can be conducted either in sleep laboratories using polysomnography (PSG; type 1), or at
home via home sleep apnea testing (HSAT; types II-1V), which differ in the number of monitored parameters and whether
attended.'® These data are synchronously acquired, present stage-specific and time-series characteristics, and are typically
stored in EDF+ format,'” which facilitates signal processing and algorithmic modeling.

Owing to its rich physiological information and standardized digital structure, sleep monitoring data have become
a foundational input for Al applications. Nonetheless, several difficulties persist, including: (1) the high cost and limited
accessibility of PSG examinations; (2) the susceptibility of signal quality to environmental interference; and (3) the
reliability of manual annotation in sleep stages and events.

Imaging Data

To visualize the anatomical structures and dynamic changes of the upper airway—features not captured by sleep
monitoring—imaging techniques are added as complementary tools in OSA evaluation. Most modalities are static,
including cephalometry, cone beam CT (CBCT), conventional multidetector CT (MDCT), and magnetic resonance

19,20

imaging (MRI),'® which allow for the assessment of airway anatomy and volume, thereby informing etiolo-

gical analysis and phenotypic classification. In contrast, dynamic techniques such as dynamic MRI,*' drug-induced

2 and videofluoroscopic swallowing study (VESS),>* provide real-time views of airway

sleep endoscopy (DISE),
motion and swallowing function, aiding in surgical planning and functional assessment. These images are

characterized by high spatial resolution and large data volumes, stored in standardized DICOM format.>*
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Figure 2 PRISMA flowchart of search results at each step of the narrative review.
Notes: This figure was adapted from Page M), McKenzie JE, Bossuyt PM et al. The PRISMA 2020 statement: an updated guideline for reporting systematic reviews. Bmj.
Mar 29 2021;372:n71."*

Despite their strengths, the application of imaging data in Al faces some obstacles, including: (1) high computational
requirements due to large image size; (2) inconsistency in image quality across scanners, limiting cross-center general-

izability; and (3) the reliability of manual annotation in outlining upper airway contours.

Laboratory Data
In OSA patients, intermittent hypoxia triggers a series of pathophysiological responses,® necessitating laboratory testing
to identify systemic manifestations and potential risks. Commonly assessed parameters include blood gas analysis
parameters, inflammation and oxidative stress markers, and metabolic or endocrine indicators. Some of these biomar-
kers—such as hs-CRP, IL-6, and urinary epinephrine sulfate—not only reflect general health status but are also
associated with cardiovascular diseases and cognitive impairment.>> %’ These laboratory samples can be obtained from
blood, urine, saliva, and exhaled breath condensate,”® collected at single or multiple discrete time points, yielding low-
dimensional, structured numerical data.

Two key challenges hinder their use in Al: (1) missing values due to inconsistent test items across patients or
institutions; and (2) sparse temporal sampling, limiting the ability to capture dynamic changes.

Nature and Science of Sleep 2025:17 hetps: 1867
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Table 2 Four Data Categories in OSA

- oxygen saturation signals (eg, arterial oxygen

saturation)

Category Subcategory Why What How Characteristics
Clinical Sleep Monitoring Data To assess the physiological - electrophysiological signals (eg, EEG, EOG, EMG) | - PSG - stage-specific
Diagnosis and changes in sleep - respiratory signals (eg, nasal airflow, - HSAT - time-series
Treatment thoracoabdominal respiratory effort, snoring) - EDF+

Data - cardiovascular signals (eg, ECG, heart rate)

Imaging Data

To display the anatomical
structure and dynamic changes

of the upper airway

- craniofacial skeletal structures (eg, anterior facial
height, hyoid bone position, pharyngeal airway
space)

- soft tissues surrounding the airway (eg, tongue,
soft palate, parapharyngeal fat deposition).

- regional respiratory movement of the tongue

- upper airway collapse characteristics

- swallowing function

- cephalometry
- CBCT

- MDCT

- MRI

- dynamic MRI
- DISE

- VFSS

- tomographic or
dynamic scanning
- high resolution
- large volumes

- DICOM

Laboratory Data

To identify systemic
manifestations and potential

risks

- blood gas analysis parameters (eg, PaO,, PaCO,,
Sa0O,, Hb)

- inflammation and oxidative stress markers

(eg, hs-CRP, IL-6, TNF-a, MDA, SOD)

- metabolic and endocrine indicators (eg, HbAlc,

- blood samples
- urine samples

- saliva samples

- exhaled breath condensate

- discrete time-point
collection (single/
multiple)

- low-dimensional,

structured numerical

FPG, leptin) values
PAP Data To record objective therapeutic | - sleep events - PAP device - time-series
information - airway pressure characteristics
- air leakage - different modalities
- compliance (eg, numerical
parameters, waveform
signals, and audio
recordings)
PROs To reflect subjective health - sleep quality - self-designed questionnaires | - numerical data
information - emotional state (eg, ESS, STOP-Bang, PSQI) - textual data
- functional status - validated scales
- quality of life
EHRs To track disease progression - medical history - clinical record - structured data

- anthropometric measurements
- diagnostic information

- laboratory examinations

- imaging examinations

- medication records

- surgical records

- unstructured data

—
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Health Wearable Devices To acquire real-time - pulse waves - multiple sensors - structured time-series
Management physiological data - respiratory patterns data
Data - blood oxygen saturation
- acoustic signals
Mobile Health Applications To track sleep and health- - lifestyle - smartphone applications - structured data
related behaviors - daily activities - unstructured data
- sleep logs
- PAP treatment adherence
Social Media To document the experiences - disease management - social platforms - largely unstructured
shared by the patient - treatment feedback - health forums text
- emotional changes - online patient communities
Omics Data Genomics/Epigenomics/ To provide comprehensive - DNA - next-generation sequencing | - large-scale, high-
Transcriptomics/Proteomics/ knowledge about cellular - RNA - immunochemistry dimensional, and sparse
Metabolomics/Emerging Omics | components and biomolecules - proteins - microarrays properties
- metabolites - mass spectrometry - FASTQ (for sequencing)

nuclear magnetic resonance

- CEL (for microarrays)
- mzML (for mass

spectrometry)

Environmental
Data

Social Environment

To reflect patients’ social

resources and support systems

- personal-level social information (eg, income,
occupation, educational level)

- societal-level healthcare information (eg,
commercial insurance claims, public medical

insurance claims, national patient registry)

questionnaires

databases

- large-scale and muilti-
source data
- structured and

unstructured data

Natural Environment

To assess the impact of external

environmental factors

- heavy metal

- noise pollution

- light pollution

- second-hand smoke

- air pollution

environmental monitoring

agencies

public health databases

epidemiological surveys

- large-scale and muilti-
source data
- time-series and

geospatial data

Abbreviations: CBCT, cone beam CT; DICOM, digital imaging and communications in medicine; DISE, drug-induced sleep endoscopy; ECG, electrocardiography; EEG, electroencephalography; EMG, electromyography; EOG,
electrooculography; ESS, Epworth sleepiness scale; HSAT, home sleep apnea testing; MDCT, conventional multidetector CT; MRI, magnetic resonance imaging; PAP, positive airway pressure; PSG, polysomnography; PSQI, Pittsburgh Sleep
Quality Index; VFSS, videofluoroscopic swallowing study.
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Other Clinical Data

In addition to sleep monitoring, imaging, and laboratory information, a range of other clinical data sources contribute to
an overall understanding of OSA. These include positive airway pressure (PAP), patient-reported outcomes (PROs), and
electronic health records (EHRs).

Despite their clinical relevance, these data sources present distinct limitations in the implementation and interpret-
ability of Al applications. PAP device data are often fragmented due to poor patient adherence and may be intermittently
recorded; furthermore, data formats vary across manufacturers, limiting interoperability. PROs, though valuable for
reflecting subjective health information, are constrained by linguistic ambiguity, different scale structures, and a scarcity
of annotated datasets for training. EHRs encompass heterogeneous modalities with the information distributed in
different subsystems. Moreover, variation in medical coding systems (eg, ICD, ICF) and unstructured documentation
further hinders data mining. Extracting usable information often requires extensive preprocessing and entity-level

normalization.

Health Management Data
Health management data refers to various types of information generated outside clinical settings, including data from
wearable devices, mobile health applications, and social media platforms.

Wearable devices and mobile health applications primarily support real-time acquisition of physiological signals and
behavioral patterns. However, these data are limited in physiological scope and generally fall short of clinical quality
standards. Social media content, derived from patient-shared experiences across platforms, is highly unstructured and
linguistically diverse, introducing substantial semantic ambiguity.

Omics Data

Multi-omics analysis provides comprehensive knowledge about cellular components and biomolecules,”” including
genomics, epigenomics, transcriptomics, proteomics, metabolomics, and emerging omics.*® Advances in high-
throughput technologies have enabled the simultaneous detection and integration of multi-layer information, which
facilitates the investigation into disease pathogenesis.

In OSA research, notable progress has been achieved in identifying potential biomarkers, particularly through
proteomics and metabolomics.>’ Multi-omics studies have provided insights into biomarkers associated with disease
severity and treatment response.’”>*

Characterized by large-scale, high-dimensional, and sparse properties, omics datasets often suffer from interpret-
ability challenges. Additionally, technical variability across platforms and batches, and the integration across different

omics layers complicate analysis.

Environmental Data
Modern medicine emphasizes a holistic view of the patient. Beyond clinical, health management, and research data,
environmental factors are gradually being recognized as potential factors in OSA severity. These can be classified into
social and natural domains.

Social environment data cover both personal-level social information and societal-level healthcare information,
reflecting the patients’ social resources and support systems. These data, often integrated with clinical diagnosis and
treatment records, are widely used to analyze the readmission rates and healthcare resource utilization among OSA
patients;” to investigate the accuracy of claims-based algorithms in assessing PAP compliance;’ and to evaluate the
impact of the disease on the overall economic burden of the country.’” The results of relevant studies provide data
support for optimizing disease management strategies, improving insurance compensation mechanisms, and formulating
public health policies.

Natural environmental factors associated with sleep include heavy metals, noise pollution, light exposure, second-
hand smoke, and air pollution.*® Associations between temperature, ozone levels, and AHI have also been reported.*”

1870 ‘tus Nature and Science of Sleep 2025:17
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Such data are often challenging to obtain and integrate, largely due to the presence of numerous variables (eg,
confounding, independent, and dependent), which require stratified analysis and rigorous analytical strategies when
incorporating environmental factors into OSA research.

Artificial Intelligence in OSA

Artificial intelligence, a modern approach,*® covers four core areas: machine learning (ML), deep learning (DL),
computer vision (CV), and natural language processing (NLP). Among them, ML and DL provide the theoretical
foundations, while CV and NLP support practical implementations—rooted in their respective principles and
increasingly enhanced by ML and DL algorithms. The internal relationships are visualized as a Venn diagram in
Figure 3.

Although all four components are now being explored in OSA research, their development maturity, methodological
robustness, and clinical applicability vary considerably. This section summarizes fundamental properties, key
approaches, suitable data types, and typical applications, as presented in Table 3 and Table 4, and discusses patterns
of deployment.

Traditional Machine Learning
Traditional ML refers to algorithms that do not rely on deep neural networks and instead depend on manually designed
features, which ensure strong interpretability. These models have low computational demands and are effective at
handling structured data that are low-dimensional and small to moderate in scale, such as sleep monitoring metrics
and anthropometric parameters.

In OSA research, traditional ML has been widely adopted for tasks involving identifying the presence of OSA (binary

classification),*! estimating disease severity (multi-class classification or regression),>%3>:4%43

and deriving phenotypic
subgroups based on symptom profiles or physiological parameters (c:lusterir1g).44’45 Numerous studies have demonstrated
good performance in these areas using classic algorithms like support vector machines (SVM), random forests (RFs),
decision trees (DTs), and logistic regression (LR). However, the optimal algorithm varies according to data modality and
feature set, even within a similar task. For example, in a screening study utilizing biochemical markers, LR outperformed

three other algorithms, achieving the highest AUC.>® In contrast, the OSA predictor tool employed XGBoost, selected as

NLP

Figure 3 Venn diagram of artificial intelligence.
Abbreviations: Al, artificial intelligence; CV, computer vision; DL, deep learning; ML, Machine Learning; NLP, Natural Language Processing.

Nature and Science of Sleep 2025:17 hetps: 1871
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Table 3 Algorithmic Level Components in OSA

Components | Characteristics Core Tasks Representative | Applicable Data OSA Data Examples OSA Applications
Algorithms Types
Traditional ML | - non-DL methods - classification - k-nearest - structured data - sleep monitoring data (eg, sleep architecture, respiratory | - automatic diagnosis*'
- hand-crafted - regression neighbors - low-dimensional events, EEG signals, blood oxygen saturation, converted - severity classification and
- strong - clustering - support vector - small-to-moderate snoring signals) prediction”‘““‘z'43
interpretability machines scale - quantitative parameters extracted from imaging - derivation of phenotypic
- low computational - decision trees examinations (eg, cephalometric indicators, upper airway subgroups‘m"‘5

- low interpretability
- high computational
requirement

- omics data (eg, genomic sequences, protein structures)
- social environment data (eg, demographic data, lifestyle

information)

requirement - k-means width)
- laboratory test data
- structured data from EHRs (eg, anthropometric
parameters, diagnostic codes)

DL - multi-layer neural - classification - CNNs - unstructured and - imaging data - automatic diagnosis‘“"47
networks and - regression - RNNs structured data - PROs - precise disease
backpropagation - clustering - GNNs - high-dimensional - health management data collected in real-time (including assessment ‘%

- end-to-end - generation - large scale waveform) - personalized management50

Abbreviations: CNNs, convolutional neural networks; EEG, electroencephalography; EHRs, electronic health records; GNNs, graph neural networks; PROs, patient-reported outcomes; RNNs,

recurrent neural networks;

—
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Table 4 Application Level Components in OSA

Components | Purposes Core Techniques Representative | Applicable OSA Data Examples OSA Applications
Models Data Types
Ccv - to endow computers with human- | - image classification - U-Net - image and - upper airway imaging - the accuracy of upper airway
like visual comprehension - object detection - ResNet video data - DISE assessments*’
capabilities - object tracking - YOLO (high- - sleep video monitoring - automated or semi-automated
- instance segmentation | - ViT dimensional, recognition of upper airway structures and
- semantic segmentation unstructured) soft tissue morphology®'*?
- differentiation of certain OSA subtypes
(eg, positional vs non-positional)53
NLP - to develop computer systems - embedding techniques | - Transformer - textual data | - EHRs (eg, medical records, - OSA-related information extraction®
capable of understanding and - temporal modeling - BERT (unstructured) | symptom descriptions, disease | - sentiment analysis>®
generating natural language architectures - GPT progression)
- pre-trained language - PROs
models - social media data (eg, sleep
logs, medication feedback,
forum discussions)
- medical literature

Abbreviations: DISE, drug-induced sleep endoscopy; EHRs, electronic health records; PROs, patient-reported outcomes.

@ [e 32 NAA



@ Wu et al

the optimal algorithm from eight machine learning methods, using seven routine clinical variables.’” Beyond individual
applications, a broader benchmarking analysis using the Sleep Health and Lifestyle Dataset reported Gradient Boosting
as the most effective among 15 classifiers,”® highlighting the influence of methodological choices.

Traditional ML retains practical value in specific OSA research contexts, though its role is gradually shifting—from
serving as the primary analytic tool to acting as a complementary component in ensemble learning or a baseline for
comparison against more advanced DL architectures.

Deep Learning

DL, a branch of ML based on multi-layer neural networks and backpropagation, offers end-to-end automatic feature
extraction that enhances representational power but weakens interpretability. It is notably adept at processing both
unstructured and structured data that are high-dimensional, large-scale, or multimodal, all increasingly prevalent in OSA

research, such as real-time health management data and omics data.

46,47 48,49

Building on these capabilities, DL enables new possibilities for diagnosis, precise disease assessment, and
personalized management of OSA.>® Depending on the data characteristics, convolutional neural networks (CNNs) are
applied to image or video data, recurrent neural networks (RNNs) to sequential time-series inputs, and graph neural
networks (GNNs) to graph structure information. For example, a scalogram-based CNN model was developed to detect
OSA from single-lead ECG signals,” and the long short-term memory (LSTM) network—a type of RNNs—was applied
to respiratory effort and airflow signals to identify apnea and hypopnea episodes.®

Unlike traditional ML, DL models are selected based on intrinsic data characteristics. As many biomedical signals
exhibit multiple attributes simultaneously, hybrid architectures combining different neural networks are often required.
A representative example is ECG signals, which possess both image-like and sequential properties, prompting the use of
architectures such as CNN, CNN-LSTM, and CNN-GRU.®' In a more recent study, Hossan et al proposed
DeepApneaNet, a multiple CNN-Bi-LSTM framework, achieving improved accuracy in OSA detection.®?

While DL provides advanced feature learning and strong tolerance to noise, its black-box nature limits clinical
interpretability. Therefore, hybrid frameworks combining traditional ML with DL are increasingly adopted to balance

automated representation learning and clinical transparency.®®

Computer Vision
CV supports the analysis of high-dimensional visual data in OSA research, including upper airway imaging, DISE
recordings, and sleep video monitoring.

Most current studies focus on static image segmentation using semi-automated approaches to delineate upper airway
structures from CBCT or MRI,>"®* facilitating anatomical volume estimation and narrowing detection. With the
integration of DL, several studies have developed fully automated segmentation pipelines. For instance, Bommineni
et al implemented a U-Net architecture for precise segmentation of upper airway regions and quantification of anatomical
risk factors, including the tongue-to-fat ratio.”> The model achieved high accuracy and consistency, whereas its real-
world clinical use was limited by sample size and imaging equipment variability.

Compared with static imaging, dynamic visual data analysis remains less explored but technically promising. Studies
by Akbarian et al and Su et al employed optical flow—based deep learning models (ie, 3D-CNN) and object detection
networks (ie, YOLOV4) to process infrared video and DISE video, respectively.‘“’”5 3 Although multicenter validation is
lacking, these applications indicate the potential of DL-enhanced CV approaches for advancing noncontact monitoring
and objective grading of airway obstruction.

Natural Language Processing
NLP comprises a collection of computational techniques for the automatic analysis and representation of human language,®’
and is well-suited for processing textual data, such as EHRs, PROs, social media content, and medical literature.

The application of NLP in OSA is insufficient, with EHRs being the most commonly utilized data source. A typical
pipeline involves applying traditional NLP techniques to preprocess unstructured clinical text—transforming it into
structured feature variables such as symptoms, diagnostic codes, and key indicators—followed by large language models

1874 ‘s Nature and Science of Sleep 2025:17
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(LLMs), an advanced NLP method augmented by DL, for information extraction and text classification. This approach
enables the construction of high-quality disease cohorts and supports subsequent tasks such as model development,
cohort comparison, and mortality risk analysis.>**%-¢”

Beyond EHRs, few studies have explored alternative data sources despite their promising potential. As an illustrative
example, one study conducted sentiment analysis on social media posts describing experiences with modafinil—a
wakefulness-promoting agent in OSA—yielding new insights into symptom improvement and perceived causality.>

In addition to inherent limitations of the above data types, a more prominent barrier is the scarcity of well-annotated
databases. Manual labeling is labor-intensive and time-consuming, requiring substantial human effort to interpret
nuanced language and customize tags according to specific study goals. Nevertheless, if appropriately developed, NLP
techniques could unlock greater value by the identification of functional impairments from large volumes of clinical

narratives, patient feedback and medical literature, and thus pinpoint critical concerns affecting OSA patients.

Multi-Stage Mapping via DDPP

The DDPP model,*®*° which includes four parts—Descriptive Analytics, Diagnostic Analytics, Predictive Analytics, and
Prescriptive Analytics—has been widely adopted in business. In contrast, its application in the medical field is relatively
scarce. Some scholars have attempted to apply it to bibliometric analysis,””’' demonstrating certain potential value.
The concepts of “diagnosis” and “prediction” can be clarified in three interested fields.

(1) In business data analysis, “diagnostic analytics” focuses on investigating the underlying causes of a given
phenomenon, while “predictive analytics” centers on forecasting possible future situations and trends.

(2) At the intersection of medicine and data science, “clinical prediction models” can be divided into diagnostic
prediction models (which assess whether a disease is present) and prognostic prediction models (which assess the
likelihood of developing a specific health outcome in the future).””

(3) In clinical practice, “diagnosis” refers to “whether a disease is present” and “how severe it is”.

Therefore, to better express medical concepts and facilitate academic communication, this study seeks to integrate three
critical elements—the DDPP model, clinical prediction models, and clinical experience—into a systematic analytical
framework. The logic and application of this adaptive framework are depicted in Figure 4.

Descriptive Analytics

Descriptive analytics mainly answers “What happened?”, emphasizing the “explicit features” of the data. It is appropriate
for analyzing baseline characteristics in epidemiological investigations. Compared with traditional descriptive analytics,
which focuses on basic statistical characteristics, modern descriptive analytics, leveraging BD and Al, not only captures
more precise medical information (eg, shorter-epoch sleep architecture, epiglottic obstruction ratio),*®*’ but also
identifies subgroups of patients with similar physiological or clinical characteristics through techniques.***> Modern
descriptive analytics is conducive to understanding the heterogeneity of OSA and proposing etiological hypotheses based
on the observed phenomena.

Cluster analysis, as an unsupervised machine learning method, plays a pivotal role in identifying phenotypic
subgroups by integrating and analyzing multidimensional health data under unlabeled conditions.”> A common strategy
is to use PSG data as the core, supplemented by multi-source data (eg, anthropometric measurements, comorbidity
profiles, PROs, and social environment information), then employ one or more ML algorithms for model training, and
finally validate the model. Tondo et al utilized hierarchical clustering to classify 402 OSA patients into three
phenotypes.*> Ferreira-Santos et al applied k-modes to perform cluster analysis on 13 variables and then visualized
their clinical features through heatmaps and radar charts.”* These studies help provide clinicians with clearer clinical
information regarding OSA patients, and serve as a preparatory step for predictive analytics.
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Figure 4 Conceptual diagram of the DDPP model in OSA. (a) illustrates the mapping process of the DDPP framework in OSA through colored outlines and filled boxes.
The blue outline shows the commercial interpretation of the DDPP model. The green outline shows the clinical prediction models at the intersection of medicine and data
science. The yellow outline shows the concept of “diagnosis” in clinical practice. The blue filled box represents the scope of Descriptive Analytics in OSA, derived from
answering “What happened?” to explore the “explicit features” (ie, baseline characteristics). The green filled box represents the scope of Diagnostic Analytics in OSA, which
contains three parts: (1) derived from answering “Why did it happen?” to explore the “intrinsic factors” (ie, etiological mechanisms and influencing factors); (2) the
diagnostic prediction models correspond to this analytics; (3) the concept of “diagnosis” corresponds to this analytics (ie, determining disease presence and severity). The
yellow filled box represents the scope of Predictive Analytics in OSA, which comprises two aspects: (1) derived from answering “What will happen?” to explore the “trends”
and “probabilities” (ie, disease process and the complication risks); (2) the prognostic prediction models correspond to this analytics. The purple filled box represents the
scope of Prescriptive Analytics in OSA, derived from answering “What should be done?” to explore the “interventions” (ie, personalized treatment and resource allocation);
(b) Description of what is contained in the second panel demonstrates the specific application of DDPP in the field of OSA.
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Diagnostic Analytics

Diagnostic analytics primarily answers “Why did it happen?”, emphasizing the “intrinsic factors” in the data. It is
suitable for the elucidation of etiological mechanisms and the identification of influencing factors. In OSA research, the
objectives of such analytics can encompass the following: (1) automated diagnosis and classification; (2) analysis of
anatomic and nonanatomic traits around the PALM model;”> (3) mechanistic exploration by mapping multi-omics data
onto specific molecular pathways; (4) risk factor mining and biomarker identification based on cohort data; (5)
association studies leveraging multimodal datasets. Diagnostic analytics often necessitates support from large-scale,
multi-source heterogeneous data and Al technologies centered on DL.

Existing systematic reviews have shown that ML has been successfully applied to the screening and diagnosis of OSA,
demonstrating good performance when utilizing easily obtained features such as ECG, pulse oximetry, and sound signals.”®
Among these ML methods, LR is the most frequently used, followed by linear regression, SVM, and neural networks.””
Integrating DL with other Al techniques is expected to enhance performance to a greater extent. Levy et al developed a DL model
named OxiNet, which uses a dual-branch network architecture for the estimation of the AHI from single-channel oximetry data.
Results showed that its missed diagnosis rate for moderate-to-severe OSA was only 0.2%, which was significantly better than the
best benchmark’s 21%.%¢ Additionally, some scholars have searched for more innovative data sources (eg, radar signals,
ultrasound images of dynamic tongue movements, infrared video data) to broaden the scope of applications.*”*"® These
studies can help reduce missed OSA cases and provide a more efficient alternative when PSG availability is constrained.

In terms of etiological research, Cederberg et al systematically explored biomarkers associated with the presence,
severity, and treatment response of OSA by analyzing data from three cohorts, which included plasma proteome (5000
proteins), PSG (AHI index), and questionnaire (anthropometric and symptom indicators). They employed a regularized
LR model (a supervised machine learning approach) combined with 5-fold cross-validation.*® The study revealed that 84
proteins were associated with the AHI, among which PAI-1, tPA, and sE-Selectin were identified as pivotal biomarkers.
These findings suggest the pathophysiological mechanisms that involve endothelial dysfunction and coagulation-
fibrinolysis imbalance, and offer omics evidence to elucidate the comorbidity between OSA and cardiovascular diseases.

Predictive Analytics
Predictive analytics chiefly answers “What will happen?”, emphasizing the “trends” and “probabilities” within the data. It
is applicable to assess disease progression and complication risks. Predictive analytics requires various modeling
approaches, including survival analysis (eg, random survival forest, Cox proportional hazards model) and ensemble
learning (eg, RFs, XGBoost). In OSA research, predictive analytics can be used for risk stratification (eg, disease
susceptibility, comorbidity potential, mortality risk) and treatment evaluation (eg, surgical efficacy, PAP compliance).
Zhang et al developed and validated a metabolite index using LASSO regression based on data from two cross-race
Jethnicity cohorts, that assesses an individual’s risk of moderate-to-severe OSA.** The research found that each 1 SD
(standard deviation) of OSA metabolite index in the two cohorts was associated with a 50% and 55% increase in the risk,
respectively. Eguchi et al adopted a method that combines LR and learning to rank to predict whether patients will exhibit
poor adherence during the subsequent 12-week treatment period by analyzing PAP log data.”’ Tondo et al utilized Cox
regression and other approaches to analyze long-term follow-up data from patients who are classified into three
phenotypes, achieving mortality risk stratification and identifying key risk factors.*> These studies assist clinicians in
assessing patients’ conditions and selecting appropriate strategies for early intervention, such as enhancing management
for those likely to show poor treatment adherence.

Prescriptive Analytics

Prescriptive analytics principally answers “What should be done?”, emphasizing the “interventions” on the data. It is
ideal for personalized treatment and resource allocation. Based on the degree of automation, we attempted to classify
them into two types: “decision support assistance” and “intelligent closed-loop decision system”. The “decision support
assistance” usually relies on descriptive analytics, diagnostic analytics, and predictive analytics to provide data-driven
intervention recommendations for clinical practice. In the management of OSA, it can be reflected in the titration of
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medical devices (eg, PAP, oral appliances) and the enhancement of treatment adherence.’**® The “intelligent closed-loop
decision system” largely leverages approaches such as reinforcement learning to achieve real-time decision optimization
through dynamic interaction with the environment. Although neither type can replace human involvement, the latter’s
dynamic feature is more helpful in the treatment and management of the disease. The “intelligent closed-loop decision

system” is still in the exploratory stage in the field of OSA, while its application in diabetes has been reported.®! 2

Limitations, Challenges and Future Directions

Limitations

This narrative review has two main limitations. First, it does not include quantitative analysis or quality assessment, and
keyword coverage may be incomplete, providing only a general overview of existing studies. Second, some less typical
combinations of Al technologies and data types were not specifically emphasized. To address these limitations, we have
clearly outlined the research strategy in the Methods, presented a mapping diagram in the Multi-Stage Mapping via
DDPP, and provided an indication chart in the Future Directions to guide subsequent research.

Challenges

BD and AI have shown great potential in the descriptive, diagnostic, predictive, and prescriptive analytics of OSA.
However, a substantial amount of data remains underexplored, whether in literature resources or in various datasets of
patients with comorbidities. Moreover, most Al applications in clinical practice are concentrated in Descriptive and
Diagnostic phases, while Prescriptive analytics for personalized therapy is limited. These call for more in-depth and
systematic research designs to fully elucidate the patterns of disease progression.

Currently, three major elements need attention to achieve precision medicine: “human”, “data”, and “technology”.

First, human factors. Interdisciplinary collaboration between clinicians, data scientists, and engineers is indispensable.
When confronting massive datasets and complex models, it is essential for experts to continue cultivating a keen sense to
achieve a balance between local optima and global optima in the real world.

Second, at the data level, issues such as low quality, insufficient quantity, and privacy concerns urgently have to be
addressed. Variability across device types, manufacturers, and institutional standards leads to inconsistencies in data
formats, undermining data integration. In addition, sleep-related data are collected during unconscious states and may
retain identifiable characteristics even after anonymization. The security of patient data across institutions necessitates

Technology

Research Application
. 1. Which combination strategy is optimal |
1. Distribution of studies between within the similar study?
Descriptive DDPP groups.
Scoping review 2. Which data remains unexplored?
2. Distribution of studies within D,
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Figure 5 Future Directions for OSA Research Integrating BD, Al, and the DDPP Framework.
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strict compliance with data protection regulations and exploration of privacy-preserving techniques such as federated
learning, though its clinical implementation in OSA remains rare.

Third, technology selection requires careful evaluation of data characteristics, task complexity, and resource condi-
tions in order to balance algorithm performance and model interpretability.

Future Directions

In future research, both forward-thinking and backward-thinking strategies can be employed based on the proposed
framework, integrating data resources and Al technologies. Specifically, forward-thinking refers to systematically
investigating the distribution of research content, the application of different data types, and the combinations of various
data and technologies across and within DDPP stages. Conversely, backward-thinking focuses on identifying gaps such
as unexplored research areas, untapped data resources, and insufficient technology utilization. These two perspectives are
briefly illustrated in Figure 5. If applied in practice, this structured approach could serve as a methodological toolkit for

OSA research, aiding the selection of suitable solutions when addressing clinical or scientific problems.

Conclusion

This article identifies four major categories of data in OSA research and explores the role of four core Al components in
their applications. Additionally, it introduces and optimizes a commercial analytics framework to support closed-loop
analysis and enhance disease understanding. These insights provide a systematic foundation for future interdisciplinary
research and data-driven Al techniques in clinical decision-making about OSA.
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