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Abstract: Obstructive sleep apnea (OSA) is a global health problem. Patients with OSA may experience the upper airway collapsing 
during sleep, resulting in decreased oxygen saturation and sleep disruption, which is characterized by hypoxemia and sleep 
fragmentation, thereby reducing sleep quality and harming quality of life. In addition, OSA is associated with the occurrence of 
a variety of systemic diseases, which brings a huge burden to public health. Therefore, timely diagnosis of OSA is crucial. 
Polysomnography (PSG) is the most accurate method for diagnosing OSA at present, which can be used to determine the severity 
of sleep apnea and to monitor therapeutic efficacy. However, the PSG is difficult to be popularized because of its cumbersome 
operation, patients’ non-compliance, and expensive medical expenses. Therefore, it is imperative to find a convenient and fast OSA 
diagnosis method. In recent years, the development of machine learning prediction models and their application in the medical field 
have provided a new method for OSA severity diagnosis, making it possible to identify OSA severities efficiently and accurately. The 
purpose of this paper is to review relevant research on machine learning prediction models for OSA severity diagnosis and to provide 
sleep specialists with recommendations for more effective early identification and diagnosis of OSA. In addition, the challenges faced 
by machine learning at the level of diagnostic applications are summarized and future trends are envisioned.
Keywords: obstructive sleep apnea, machine learning, prediction model, obesity

Introduction
Obstructive sleep apnea (OSA) is a sleep disorder characterized by recurrent partial or complete collapse of the upper 
airway during sleep, resulting in decreased or paused breathing, leading to decreased oxygen saturation and sleep 
fragmentation.1 According to the 2007 guidelines of the American Academy of Sleep Medicine (AASM), the Apnea- 
Hypopnea Index (AHI) is commonly used to assess the severity of OSA.2 As research in this field has progressed, it has 
become clear that OSA is not merely a respiratory disorder3 but a serious health issue.4–7 However, the number of people 
with OSA remains high worldwide. Studies have shown that nearly 1 billion adults aged 30–69 years suffer from OSA 
globally, with the number of people with moderate to severe OSA estimated to be close to 425 million.8 In recent years, 
despite increasing awareness of OSA, the overall population prevalence still ranges between 9% and 38%.9 This situation 
is largely due to the lack of public awareness of OSA disease and the lack of medical resources.

Currently, polysomnography (PSG) is the gold standard of diagnostic tests for OSA, and a typical nocturnal PSG 
examination collects a large number of biological signals through multiple channels, such as electroencephalogram, 
electrooculogram, nasal airflow, electromyography, electrocardiogram (ECG), respiratory force, and blood 
oxygenation.10 The AASM emphasized the decisive role of PSG in the diagnosis of OSA in adults in its 2017 
Clinical Practice Guidelines for Diagnostic Tests in Adults.11 However, the practical application of PSG has problems 
such as high cost, cumbersome operation, and high environmental requirements, so it is not realistic to use PSG screening 
to evaluate all suspected OSA patients. Scholars such as Cagle J L have suggested that Home Sleep Apnea Testing 
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(HSAT) may be a cost- and time-saving screening tool for OSA.12 Currently, screening tools such as the Berlin 
questionnaire (BQ), STOP-bang questionnaire (SBQ), and Epworth sleepiness scale (ESS) have been widely used for 
the diagnosis of OSA. Among them, the SBQ has a higher diagnostic accuracy than portable PSG monitoring.13 The 
questionnaire meets the need for extensive screening, however, in practical application, it suffers from high subjectivity, 
recall bias, observation difficulties, high reading volume, and low accuracy.14 It can be seen that portable PSG tests and 
questionnaire screening tools also have their limitations in practical applications.

In recent years, with the advancement and development of machine learning (ML), the application of ML in medicine 
for prevention, early diagnosis, and treatment has gone beyond the theoretical realm and become a reality.15 Disease 
prediction and, in a broader context, medical informatics have received a great deal of attention from scholars, and 
research related to disease prediction models involving ML algorithms has proliferated.16

Many studies have focused on solving medical problems, especially disease diagnosis, through ML. There have been 
many studies in several medical fields to solve the problem of disease prediction or severity detection through ML 
methods, such as oncology, diabetes, heart disease, chronic kidney disease, Parkinson’s disease, and dermatology.17 At 
the same time, scholars have focused on research related to the realization of OSA severity diagnosis by conducting ML. 
The American Academy of Sleep Medicine guidelines suggest that clinical prediction algorithms can be used to screen 
patients with OSA.11 Currently, there have been a number of studies to realize OSA severity diagnosis by developing ML 
prediction models. The use of ML to develop disease prediction models mainly consists of the following three steps 
[Figure 1]: first, screening out possible predictors based on existing data; second, selecting appropriate ML algorithms for 
prediction models building and validation based on data characteristics and predictor characteristics; and finally, judging 
whether the prediction model achieves the modeling purpose as well as the desired efficacy based on a variety of 
evaluation metrics. Next, this paper will focus on these three topics to develop a review of the research progress of ML in 
adult OSA severity diagnosis.

Figure 1 The main steps to building machine learning prediction models of obstructive sleep apnea. 
Abbreviations: DTI, diffusion tensor imaging; CT, computed tomography; ECG, electrocardiogram; EMG, electromyography; SaO2, blood oxygen saturation; RF, random 
forest; LR, logistic regression; SVM, support vector machine; K-Means, k-means clustering algorithm; GMM, gaussian mixture model; DBSCAN, density-based spatial 
clustering of applications with noise; AUC, area under curve; ACC, accuracy.
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Predictors Commonly Used in OSA Prediction Models
An important part for the development of any prediction model is to identify the characteristics used in the study, which 
are often referred to as predictors in statistics. Predictors are factors or variables, either quantitative or qualitative, that are 
used in predictive analysis to predict the target variable. Predictors are used to build prediction models to predict future 
values of the target variable. Predictors for OSA cover a wide range of areas, and choosing the right predictors is critical 
to building accurate prediction models. Given the rapid development and evolution of technology and algorithms, this 
review only searched PubMed for studies related to OSA prediction models published in the past decade and only 
included literature that successfully constructed models. The characteristics of each study and specific predictive factors 
are shown in Table 1.

Basic Information Data: Demographics, Anthropometry and Questionnaires
Demographic factors such as age, gender, ethnicity, geographic distribution, and socioeconomic status may influence the 
onset and manifestation of OSA; anthropometric indicators provide a simple and direct reflection of a patient’s physical 
condition;1 and questionnaires are an important tool to help physicians and researchers understand the symptoms and 
conditions of OSA in patients.13 In conclusion, demographics, anthropometrics, and questionnaires are important tools in 
the study and diagnosis of OSA and are often used as predictors in OSA prediction models.

Demographic Data
Age, gender, and other demographic data are commonly used in the construction of OSA prediction models. For 
example, Pamela N DeYoung et al used anthropometric data (end-expiratory upper airway minimum cross-sectional 
area, neck circumference) combined with demographic data (age, gender) to establish a prediction model that distin
guishes between mild and severe OSA.18 Babak Amra et al used age and demographic indicators such as BMI, 
Mallampati index, and neck circumference to predict moderate to severe OSA.19 Corrado Mencar et al used demographic 
characteristics, spirometry, gas exchange (PaO2, PaCO2), and symptoms (ESS, snoring, etc.) for model development.20 

They all achieved good predictive performance, with AUC values greater than 0.6.

Anthropometric Data
Adding anthropometric data to demographic data or using anthropometric data alone can also build an OSA prediction 
model with good performance. Wen-Te Liu et al developed a prediction model for the severity of OSA based on three 
anthropometric characteristics (neck circumference, waist circumference, and body mass index) and age.21 Ahmed Elwali 
et al predicted PSG-related parameters using five respiratory sounds during wakefulness with anthropometric 
characteristics.22 Liu Zhang et al conducted a cross-sectional study in a Chinese population and developed a sex-age- 
BMI-maximum incisor spacing-height to sternal distance ratio-neck and waist circumference (SABIHC2) model based 
on demographic and anthropometric data.23 In a prospective cohort study, Jae Won Choi et al successfully developed 
OSA dichotomous and quaternary prediction models using a contactless dual-radar approach to capture the participants’ 
chest movement and body movement signals.24 The AUC of the above models all reached 0.7, demonstrating the 
significant value of anthropometric data in OSA prediction. It is worth mentioning that in 2025, Chinese scholars Fang 
Lucheng et al established a prediction model using only simulated snoring data, and achieved an astonishing AUC of 
0.926 in OSA screening.25

Questionnaire Data
Although survey questionnaires are inherently subjective, combining questionnaire data with objective indicators such as 
demographic and anthropometric data can also be used to construct effective predictive models. Young Jae Kim et al 
established an OSA prediction model using anthropometric data (waist circumference, length between the nasolabial 
muscle and oral muscle) and BQ questionnaire data, but the ratio of OSA patients to non-OSA patients was 3:1, and the 
data set consisted of only 279 individuals, which may have caused the model to be biased toward the OSA group.26 

Increasing the amount of data should reduce this selection bias. A study by Han H et al involving 4,014 patients also 
confirmed this finding. They successfully established a predictive model using patient demographic data (gender, age), 
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Table 1 Overview of Commonly Used Algorithms and Evaluation Metrics for Machine Learning Prediction Models of Obstructive Sleep Apnea

Predictors Reference Purpose Year Sample 
Size

Country Optimal Model Predictors Optimal Model Algorithms Evaluation 
Indicators

Demography, anthropometry 
and questionnaire data

[18] Predicting 
OSA 
severity

2013 60 USA Minimum upper airway cross-sectional area, Age, 
Gender, NC

Predicting OSA with AHI ≥ 15: LR AUC:0.85

[19] Predicting 
OSA 
severity

2019 205 Iran Age, Gender, BMI, NC, Abdominal circumference, 
Mallampati grading

1.Predicting OSA with AHI ≥ 15: Decision tree2. 
Predicting OSA with AHI ≥ 30: Decision tree

1.AUC:0.722. 
AUC:0.73

[20]* Screening 
OSA

2020 313 Italy Gender, FVC%, FEV1%, Heart disease, Diabetes, 
BMI, Age, ESS

Screening OSA with AHI ≥ 15: SVM ACC:44.7% 
AUC:0.65

[21] Predicting 
OSA 
severity

2017 6399# China WC, NC, BMI, Age 1.Predicting OSA with AHI ≥ 15: SVM2.Predicting 
OSA with AHI ≥ 30: SVM

1.ACC:78.0% 
AUC:0.882. 
ACC:78.7% 
AUC:0.92

[22] Predicting 
OSA 
severity

2021 145 Canada NC, BMI, Five breath sounds during wakefulness Predicting PSG parameters: Linear Regression and 
RF

ACC:88.8%

[23] Predicting 
OSA 
severity

2021 481 China Sex, Age, BMI, Maximum tangential pressure 
distance, Height to sternal distance ratio, NC, WC

Predicting OSA with AHI ≥ 15: SVM ACC:85.7% 
AUC:0.83

[24] Screening 
OSA

2024 89 South 
Korea

Chest wall movements Screening OSA with AHI ≥ 5: a hybrid CNN- 
Transformer architecture

Sensitivity:67.2%

[25] Predicting 
OSA 
severity

2025 465 China Simulated snoring Audio Spectrum Transformer Algorithm AHI>5: ACC:92.6% 
AHI>15: 
ACC:88.7% 
AHI>30: 
ACC:83.0%

[26] Screening 
OSA

2021 279 South 
Korea

Hypertension, WC, Distance from nasal to oral 
point (from nasal to lip), Total score for snoring and 
snoring volume, Frequency of falling asleep, Severity 
of fatigue

Screening OSA with AHI ≥ 5: SVM ACC:83.3% 
AUC:0.87

[27] Predicting 
OSA 
severity

2023 4014 South 
Korea

Age, Gender, Height, Weight, BMI, Hip 
circumference, Head circumference, NC, Abdominal 
circumference, PSQI, SSS, Sleep duration

1. Predicting OSA with AHI ≥ 5: K-means clustering 
method and CatBoost2. Predicting OSA with AHI ≥ 
15: Gaussian Mixture Model and LightGBM3. 
Predicting OSA with AHI ≥ 30: K-means clustering 
method and LightGBM

1.ACC:88.2% 
AUC:0.84 2. 
ACC:87.8% 
AUC:0.96 3. 
ACC:91.1% 
AUC:0.96

[28] Predicting 
OSA 
severity

2019 6875 China WC, Age, NC, Snoring, Witnessed apnea, Sleep 
Onset Latency < 30min

SVM AHI ≥ 5, 
AUC:0.82AHI ≥ 15, 
AUC:0.80AHI ≥ 30, 
AUC:0.78

[29] Predicting 
OSA 
severity

2020 199 Canada NC, Daytime tracheal breathing sounds 1.Predicting OSA with AHI ≥ 15: RF2.Predicting 
OSA with AHI ≥ 15: LASSO regression

1.AUC:0.86 
ACC:82.1%2. 
AUC:0.86 
ACC:79.3%
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[30] Predicting 
OSA 
severity

2021 5585# Canada Gender, Age, Hypertension, Records of repeated 
sleep study, Outpatient visit for OSA from 
a specialist physician within 1 year since the index 
sleep study, Positive Airway Pressure treatment 
claim within 1 year since the index sleep study

1.Predicting OSA with AHI ≥ 15: LR2.Predicting 
OSA with AHI ≥ 15: CART

1.C-statistic: 0.812. 
C-statistic: 0.75

[31] Predicting 
OSA 
severity

2023 5243# USA BMI, Gender, NC, Snoring, Hypertension, Age Predicting OSA with AHI ≥ 15: LR AUC:0.76

[32] Predicting 
OSA 
severity

2020 239 Spain SpO2, Nasal airflow signal SVM AHI ≥ 5: 
ACC:94.8% 
AUC:0.97AHI ≥ 15: 
ACC:90.6% 
AUC:0.96AHI ≥ 30: 
ACC:95.8% 
AUC:0.98

[33] Predicting 
OSA 
severity

2015 856 United 
Kingdom

Age, Gender, Weight, Height, BMI, NC, Oxygen 
desaturation Index, Actigraphy features, Audio signal 
features

1.Predicting OSA with AHI ≥ 5: SVM2.Predicting 
OSA with AHI ≥ 15: SVM

1.ACC: 88.4% 
AUC:0.942.ACC: 
92.3% AUC:0.94

Laboratory indicators [34] Screening 
OSA

2021 1479 USA Waist-to-height ratio, WC, NC, BMI, Products of 
lipid accumulation, Excessive daytime sleepiness, 
Daily snoring frequency, Snoring volume,Sleep 
efficiency, Sleep latency, Mean oxygen saturation, 
Minimum oxygen saturation, Time spent asleep with 
oxygen saturation below 90%

Screening OSA with AHI ≥ 5: CatBoost ACC:84.2%

[35] Predicting 
OSA 
severity

2023 1920 China Gender, BMI, Hypertension, Asphyxia, Somnolence, 
Apnea, White cell count, Hemoglobin content, 
Triglycerides

Predicting OSA with AHI>30: LR ACC:69.8% 
AUC:0.76

[36] Predicting 
OSA 
severity

2019 161 Italy Gender, Age, BMI, Diabetes Predicting OSA with AHI ≥ 15: LR C-statistic: 0.83

[37] Predicting 
OSA 
severity

2019 4162 China Age, Gender, BMI, NC, WC, Blood glucose, Insulin, 
Apolipoprotein B

LASSO Regression AHI ≥ 5: AUC:0.84 
AHI ≥ 15: 
AUC:0.80AHI ≥ 30: 
AUC:0.78

[38] Screening 
OSA

2024 892# China Age, Gender, BMI, ApoA1, ApoB, LDH, GLU, TG, 
GGT, TyG indices

Screening OSA with AHI ≥ 5: LR ACC:70.1% 
AUC:0.73

Genetic data [39] Screening 
OSA

2022 204 China PTPN3, TXLNA, GLT1D1, SMAD4, REV3L, 
MOAP1,GRPEL1, MGAT5, TBX3 and CRYBB1

Screening OSA with AHI ≥ 5: ANN AUC:0.99

[40] Predicting 
OSA 
severity

2022 52 China 4 hypoxia-related genes AREG, ATF3, ZFP36,DUSP1 Predicting OSA with AHI ≥ 30: Lasso Regression ACC:88.0% 
AUC:0.79

[41] Predicting 
OSA 
severity

2020 29 Spain Five differentially expressed microRNAs: miR-26a- 
5p, miR-30a-3p, miR-374a-5p,miR-377-3p, and miR- 
545-3p

Predicting OSA with AHI ≥ 15: LR AUC:0.95

(Continued)
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Table 1 (Continued). 

Predictors Reference Purpose Year Sample 
Size

Country Optimal Model Predictors Optimal Model Algorithms Evaluation 
Indicators

Complication data [42] Predicting 
OSA 
severity

2023 498 Italy, 
Belgium, 
Spain, 
etc.

Age, Gender, BMI, Diabetes, Anxiety, Choking, 
Deviated septum

1. Predicting OSA with AHI ≥ 30, AHI≥ 5 and 
AHI<30: full LR2.Predicting OSA with AHI ≥ 30, 
AHI≥ 5 and AHI<30: Simplified LR3.Predicting OSA 
with AHI ≥ 30, AHI≥ 5 and AHI<30: SVM

1.ACC:74.0% 
AUC:0.732. 
ACC:79.0% 
AUC:0.693. 
ACC:86.0% 
AUC:0.92

[43] Predicting 
OSA 
severity

2022 492 China BMI, Hypertension, Morning dry mouth, Nocturnal 
choking awakenings, Witnessed apnea, ESS

Predicting OSA with AHI ≥ 15: LR AUC:0.98

Imaging data [44] Predicting 
OSA 
severity

2022 303 China Snoring, Nocturnal apnea, Centripetal obesity, 
Lateral diameter narrowing, Tonsil size

1. Predicting OSA with AHI ≥ 15: LR2. Predicting 
OSA severity: Linear Regression

1.ACC:81.2%2. 
ACC:41.6%

[45] Predicting 
OSA 
severity

2022 267 France 3D geometric morphometric data, Anthropometric 
data (Hip, NC, WC, Age, BMI, Mallampati class, 
Hypertension, Apnea and drowsiness while driving)

1. Predicting OSA with AHI ≥ 15: LR2. Predicting 
OSA with AHI ≥ 15: XGBoost (An integrated 
learning algorithm based on decision tree modeling)

1.AUC:0.702. 
AUC:0.75

[46] Screening 
OSA

2023 280 USA 2D frontal craniofacial image data, Clinical variables Screening OSA with AHI ≥ 5: DeepXGBoost 
+XGBoost Integrated Model

AUC:0.78

[47] Predicting 
OSA 
severity

2023 155 USA Brain diffusion tensor imaging data 1. Predicting OSA with AHI ≥ 15: RF2. Predicting 
OSA with AHI ≥ 15: SVM

1.ACC:73.0% 
AUC:0.852. 
ACC:77.0% 
AUC:0.84

[48] Predicting 
OSA 
severity

2024 818# South 
Korea

Craniofacial computed tomography data, Age, 
Gender, BMI

Predicting OSA with AHI ≥ 15: the AirwayNet-MM 
-H model (multimodal model with airway- 
highlightingpreprocessing algorithm)

AUC0.91, 
ACC91.0%.

[49]* Screening 
OSA

2021 197 China Tongue area, Uvula area, Tethering length, Posterior 
displacement distance, Pharyngeal grading, Lateral 
stenosis

Screening OSA with AHI ≥ 10: LR AUC:0.93

[50]* Screening 
OSA

2023 300 China Upper airway computed tomography data Screening OSA with AHI ≥ 10: Deep Neural 
Network Model ResNet-18

AUC:0.88

Selected PGS channel 
indicators

[51] Predicting 
OSA 
severity

2023 70 India Single-lead ECG signals 1. Predicting OSA with AHI ≥ 15: MobileNet V1 
deep learning algorithm2. Predicting OSA with AHI 
≥ 15: Deep learning algorithm MobileNet V1+ 
LSTM model (An algorithm for feature extraction) 
3. Predicting OSA with AHI ≥ 15: Deep learning 
algorithm MobileNet V1+ GRU model (Another 
algorithm for feature extraction)

1.ACC:89.5%2. 
ACC:90.0%3. 
ACC:90.3%

[52] Predicting 
OSA 
severity

2021 70 USA Single-lead ECG signals 1. Predicting OSA with AHI ≥ 15: K-nearest 
neighbor2. Predicting OSA with AHI ≥ 15: Lifting 
Tree3. predicting OSA with AHI ≥ 15: A hybrid 
model of CNN and LSTM

1.ACC:76.5% 
AUC:0.682. 
ACC:77.3% 
AUC:0.683. 
ACC:90.8% 
AUC:0.97
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[53] Screening 
OSA

2024 70 China Single-lead ECG signals Screening OSA with AHI ≥ 5: CA EfficientNet 
Model [Based on Convolutional Neural Network 
Architecture E-CientNet-B0 and Introducing 
Coordinate Attention (CA) Mechanism]

ACC:93.4% 
AUC0.93

[54] Predicting 
OSA 
severity

2024 1656 China Single-lead ECG signals EfficientNet model+XGBoost ensemble model AHI ≥ 5: 
ACC:81.2% 
AUC:0.90AHI ≥ 15: 
ACC:90.9% 
AUC:0.96AHI ≥ 30: 
ACC:92.8% 
AUC:0.98

[55] Screening 
OSA

2024 132# China Single-lead ECG signals Screening OSA with AHI ≥ 5: ResT ECGAN model 
[a framework combining ECGAN (a generative 
adversarial network) and ResT Net (a Transformer 
based neural network)]

ACC:on the 
Apnea-ECGand 
private databases is 
89.3% and 84.8%

[56] Predicting 
OSA 
severity

2025 375 China Single-lead ECG signals A Deep Learning Model AHI ≥ 5: 
ACC:69.33%AHI ≥ 
15:ACC:74.67% 
AHI ≥ 30: 
ACC:85.33%

[57] Screening 
OSA

2024 16 USA Transmembrane electromyography signals Screening OSA with AHI ≥ 5: A Deep Learning 
Model Based on Audio Spectrogram Transformer

Sensitivity:88% 
specificity:64%

[58] Screening 
OSA

2025 95# China Single-lead ECG signals Screening OSA with AHI ≥ 5: Time-Hybrid 
OSAformer (A hybrid temporal sequence 
transformer)

ACC:95.0%AUC: 
0.97

Notes: *Special OSA diagnostic criteria were used in these articles, and the 2007 AASM diagnostic criterion for OSA was used in the rest. #These studies adopted a multi-center research approach. 
Abbreviations: OSA, obstructive sleep apnea; AHI, Apnea-Hypopnea Index; BMI, body mass index; WC, waist circumference; NC, Neck circumference; FVC%, percentage of forced vital capacity to estimated value; FEV1%, percentage 
of forced expiratory volume in the first second to the expected value; PSQI, Pittsburgh sleep quality index; SSS, self-Rating scale for somatization; PSG, polysomnography; ApoA1, ApolipoproteinA1; ApoB, Apolipoprotein B; LDH, 
Dehydrogenase; GLU, Glucose; TG, Triglycerides; GGT, Gamma Glutamyl Transferase; TyG-Index, Triglyceride-Glucose Index; ESS, Epworth Sleepiness Scale; ECG, Electrocardiogram; LR, logistic regression; AUC, area under curve; 
ACC, accuracy; SVM, support vector machine; RF, random forest; CatBoost, categorical boosting; LightGBM, light gradient boosting machine; ANN, artificial neural network; LSTM, long short term memory; GRU, gated recurrent unit; 
ECG, electrocardiogram; CART, classification and regression tree.
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anthropometric data (height, weight, waist circumference, neck circumference, and hip circumference), and self-reported 
questionnaire results (ESS, Insomnia Severity Index), achieving an AUC of 0.96 in screening for severe OSA.27

Summary
Demographics, anthropometrics and questionnaires, which are characterized by low difficulty and low cost of acquisition, 
are common predictors of OSA prediction models. Gender, age, neck circumference, and BMI are the most commonly 
used indicators. In the future, if these indicators can be combined to build a model, it may achieve good predictive 
performance. Combined with simple machine learning algorithms, it may play a significant role in OSA home self- 
testing.

Laboratory Indicators
In recent years, cell biology research on OSA has made great progress, and some biomarkers of inflammation, oxidative 
stress, sympathetic activation, and metabolic activity, such as interleukin-6 (IL-6), nitric oxide (NO), cysteine, and 
apolipoproteins, have been identified,59,60 etc. In addition, a series of complications accompany OSA in the process of 
progression, which cause abnormalities in various indicators of the body, which are further reflected in the abnormalities 
of laboratory test indicators.

Blood-Related Indicators
Jayroop Ramesh et al used data from electronic health records, including laboratory blood reports, for the prediction of 
OSA.34 Yanqing Ye et al developed and validated a feasible clinical prediction model based on blood biochemical 
indicators such as white blood cell counts ≥9.5 × 109 /L and hemoglobin ≥175 g/L.35

Biochemical Indicators
Biochemical indicators can also be effectively applied to OSA prediction. Sofie Ahlin et al established a model for 
predicting OSA using predictive indicators such as blood glucose levels in biochemical tests. The model performed well 
in predicting severe OSA (C-statistic = 0.83), but no independent external validation group was established, and only 
internal validation was performed using the Bootstrap method, which may affect the external validity of the model.36 

Huajun Xu et al used LASSO regression analysis to identify significant OSA predictors such as glucose, insulin, and 
apolipoprotein B, which can well identify individuals at risk for OSA.37 In a multicenter study in 2024, Huang et al 
established an OSA prediction model based on laboratory biochemical indicators such as γ-glutamyltransferase and 
triglycerides, combined with anthropological data such as age and body mass index, and validated it using an 
independent external test set, achieving good diagnostic results (AUC = 0.73).38

Inflammatory Markers
A review found that oxidative/nitrosative stress, increased pro-inflammatory markers, imbalanced NO production, and 
endothelial damage were significantly associated with OSA, and found that Continuous Positive Airway Pressure (CPAP) 
significantly ameliorated oxidative stress, inflammation, and endothelial dysfunction in patients with OSA.61 YifeiFang 
et al used ELISA to detect autoantibody levels of CRP, IL-6, IL-8, and TNF-α in the sera of 264 patients with OSA and 
231 normal controls to explore the potential value of C-reactive protein, Interleukin-6, Interleukin-8, and tumor necrosis 
factor-α autoantibodies in the diagnosis of OSA and found that combining these four autoantibodies could improve the 
prediction of OSA very well.62 It can be seen that some inflammatory markers may be potential predictors in OSA 
prediction models, but there are currently few studies on prediction models using such indicators. Further research is 
needed to explore the value of such indicators in OSA prediction.

Gene Detection Index
Given the genetic factors associated with OSA, constructing a predictive model for OSA using genetic-related indicators 
is also a viable approach. Jie Zhu et al identified 360 significant differentially-expressed genes (DEGs) associated with 
OSA and 393 DEGs associated with CPAP, and selected the top 10 genes in terms of importance as the variables for 
developing models.39 Xiaofeng Wu et al evaluated the hypoxia-related significant DEGs for the diagnostic value of OSA 
and screened 16 DEGs to develop multiple OSA prediction models (AUCs>0.7).40 In addition, other researchers explored 
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the link between Alzheimer’s disease patients and OSA and found that microRNA signaling in plasma was associated 
with the presence of OSA in AD patients. They observed a difference in the expression of 15 microRNAs in OSA and 
non-OSA patients, 10 of which were significantly correlated with the severity of OSA, and developed a prediction model 
based on this (AUC = 0.95).41 Except for the predictive model constructed by Xiaofeng Wu et al with an AUC of 0.79, 
the AUC values of all other studies exceeded 0.95, and only genetic factors related to OSA were included. This indicates 
that such indicators hold great promise for OSA prediction, and further exploration of the underlying mechanisms in this 
area is warranted in the future. With the future development of in vitro genetic diagnostic technologies, these factors may 
emerge as new diagnostic biomarkers. Except for the predictive model constructed by Xiaofeng Wu et al, which had an 
AUC of 0.79, the AUC values of the remaining studies all reached 0.95 or higher. Notably, these studies with higher 
AUC values only included genetic factors related to OSA. This suggests that, despite current differences in the 
construction of predictive models, genetic factors in OSA demonstrate significant potential in OSA prediction, implying 
the presence of important genetic mechanisms in the development of OSA. With the continuous advancement of in vitro 
genetic diagnostic technologies in the future, these genetic-related indicators are expected to emerge as new risk factors 
in the field of OSA, providing more precise and effective evidence for early diagnosis, risk assessment, and treatment 
decisions for OSA, while also opening up new research directions for exploring the genetic pathogenesis of OSA.

Summary
In summary, there are numerous laboratory indicators related to OSA prediction, ranging from common and easily 
accessible clinical blood routine, biochemical indicators and inflammatory indicators to biomarkers at the gene level. 
Prediction models that incorporate objective indicators are more difficult to generalize and obtain indicators than 
traditional models, but have better assessment capabilities.42 If the OSA prediction model based on objective laboratory 
indicators is widely adopted, it will not only reduce the subjective bias inherent in questionnaire-based prediction factors 
but may also address the shortcomings of inadequate medical facilities in primary care hospitals, enabling such facilities 
to conduct OSA screening. This would help reduce the rate of missed diagnoses and facilitate early diagnosis, treatment, 
and prevention.

Complications
There is a close relationship between OSA and complications. OSA may lead to a lack of oxygen in the body, which may 
trigger hypertension, arrhythmias, and coronary atherosclerotic heart disease.63 OSA may also lead to chronic pulmono
genic heart disease and respiratory failure, as well as ischemic or hemorrhagic encephalopathy.64 Untreated or inade
quately treated OSA may lead to mental health problems such as depression or manic psychosis.65 At the same time, 
OSA may be complicated by diabetes.66 Therefore, comorbidities are also often included as predictors in relevant studies. 
Common comorbidities that are used as predictors in prediction models for OSA include obesity,36 diabetes,36,42 

asphyxi,35,42,43 mood disorders,42 and hypertension.35,43

Imaging Data
Craniofacial structures are one of the important factors in the development of OSA. In patients with OSA, most of them 
have abnormalities of craniofacial structures, such as nasal stenosis, oral stenosis, and tonsillar hypertrophy, etc. These 
factors may lead to the obstruction of the airway during sleep, and may also affect the quality of sleep, which may 
aggravate the symptoms of OSA.67–69 Therefore, imaging data that focus on craniofacial structures are also often used as 
predictors in OSA prediction models.

Shuai He et al developed a logistic regression prediction model (AUC = 0.90) based on upper airway structural 
imaging data incorporating tongue area, uvula area, tethering length, and posterior tilt distance in combination with 
general demographic features.49 In addition, this researcher also used imaging anthropometrics data between the tonsils 
and the airway, and the palatopharyngeal arch and the tongue diameter for modeling, and achieved better prediction 
results.44 Fabrice Monna et al used 3D maxillofacial models for ML modeling and found that adding anthropometric data 
further improved the AUC. However, the study was limited to adult Caucasian males and excluded obese patients, which 
may have introduced selection bias.45 Ziyu Su et al proposed a DeepXGBoost model based on two-dimensional frontal 
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craniofacial images, which performed well in predicting the severity of OSA, with an average AUC value of 0.78, 
significantly better than the traditional STOP-BANG questionnaire (AUC of 0.52).46 Min-Jung Kim et al developed 
a feature-based knowledge extraction OSA diagnostic model based on lateral cephalometric slices to avoid the effects 
caused by modal differences.70 Another researcher redeveloped the patient’s Computed Tomography (CT) image into 3 
types (skeletal structure, external skin structure, and airway structure) and captured the redevelopment model in 6 
directions (anterior, posterior, parietal, basal, left lateral plane, and right lateral plane) to achieve better predictive 
efficacy.50 As research continues, imaging data other than craniofacial structures have also been incorporated as 
predictors in OSA prediction models, Bo Pang et al proposed brain diffusion tensor imaging (DTI) as a predictor, and 
developed a prediction model using RF and SVM, both of which achieved good predictive efficacy [AUC(RF) = 0.85, 
AUC(SVM) = 0.84] and can be used for OSA screening in specific populations.47 In 2024, Kim et al developed 
a multimodal deep learning model based on sinus CT data combined with clinical data (age, gender, BMI, etc)., which 
also demonstrated excellent performance in assessing the severity of OSA (AUC = 0.91).48

Overall, most current studies on model development for imaging data are single-center studies with limited sample 
sizes. Only one study conducted in South Korea was multi-center and included a larger sample size (n=1018), which may 
introduce statistical bias in the results. This may be due to the difficulty in obtaining imaging data, the high hardware 
requirements, and the complex data processing procedures involved. The overall predictive performance for OSA is 
good, with AUC values reaching approximately 0.8. However, multicenter, large-sample studies can achieve superior 
predictive performance, such as Kim et al’s model with an AUC of 0.9156. Future research should focus on large-sample 
data studies.

PSG Partial Channels
Typical nocturnal PSG examination contains multiple channels to collect a large number of biological signals, scholars in 
related fields try to use one of the multiple channels of PSG as a predictor of OSA severity and combine other predictors 
to complete the task of OSA severity prediction through ML modeling, to achieve the prediction efficacy similar to that 
of PSG, with a view to realizing the usability and popularization of OSA prediction and diagnostic technology.

Prashant Hemrajani et al designed various ML algorithms using single lead signals such as ECG, oxygen saturation, 
etc., all of which achieved more than 90% accuracy and they developed a wearable device for monitoring ECG signals, 
which made the prediction of OSA more convenient.51 A similar study was done by Alaa Sheta et al who proposed 
a computer-aided diagnostic system for the automatic diagnosis of apnea events based on ECG, which achieved an 
accuracy of 86.25% in the validation phase.52 Yuxing Lin et al used wavelet transform to convert 1D ECG signal into 2D 
time-frequency image for the development of OSA prediction model, and the accuracy and AUC were higher than 90% 
when using the Dice loss function for training.53 And MengHsuan Liu et al also achieved excellent results by converting 
a single-lead ECG signal into a spectrogram to develop OSA prediction model, which showed good generalization ability 
(AUC=0.944) on the PhysioNet dataset.54 Zhiya Wang et al developed an OSA prediction framework using electro
cardiograms (ECG), which was developed based on deep learning techniques combined with Effective Connectivity 
Networks, and it showed good generalization ability in cross-database testing.55 Yitong Zhang et al also utilized single- 
lead ECG signals to build a deep learning model, and the accuracy of each ECG signal can reach 91.66% when validated 
in a public database.56 In addition to using ECG signals, some scholars have also used other PSG partial channel signals. 
For example, Ross Mandeville et al developed an OSA diagnostic model based on transmembrane EMG data, which 
achieved better results in distinguishing between control, neurogenic and sleep apnea patients.57 Because it is difficult to 
extract single-lead ECG information by ML technology alone, Lingxuan Hou et al developed a hybrid OSA prediction 
model based on a hybrid architecture of dilated convolutional and long- and short-term memory neural networks 
combined with a multiscale feature fusion strategy to improve the extraction of ECG signals, which was shown to be 
effective in improving the accuracy of OSA diagnosis.58

It is worth noting that most of the above studies using ECG data have utilized the same public database. As the 
complexity of the algorithms and computational capabilities improve, the overall accuracy and AUC of the models have 
also increased, indicating that there is still significant room for development in model algorithms. In the future, it is 
anticipated that more precise predictive models based on ECG data can be constructed. However, this also increases the 
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difficulty of model translation and implementation, as improvements in model performance rely on increased computa
tional resources during training and inference processes, and higher complexity can lead to reduced interpretability. 
Similar to imaging-based predictive factors, most studies have employed small sample sizes; only one study from Taiwan 
in 2024 included a larger sample size (n=1,656). This suggests that future research could leverage larger sample sizes to 
develop more scientifically sound and reliable predictive models.

Commonly Used Machine Learning Algorithms in OSA Prediction
As early as the 1950s, Arthur Samuel used the term “machine learning”, defined as “the field of study that gives 
computers the ability to learn without being explicitly programmed”71 The main types of ML are supervised learning and 
unsupervised learning, in addition to semi-supervised learning and reinforcement learning.72

Supervised learning is most commonly used to solve classification tasks and regression tasks.73,74 Common super
vised learning algorithms are decision trees, random forests, support vector machines, plain Bayes, artificial neural 
networks, etc.75,76 The OSA prediction models included in this paper were mostly constructed using the above algorithms 
for classification. For example, Zhang L et al used SVM to construct a machine learning model, which achieved good 
predictive performance in predicting moderate and severe OSA, with AUC values of 0.88 and 0.92, respectively.21 

Unsupervised learning is most commonly used for clustering, dimensionality reduction, density estimation, feature 
learning, finding association rules, anomaly detection, etc.73 Some scholars also use unsupervised learning to process 
data before constructing OSA prediction models. For example, Han H et al used K-means clustering to process data 
before constructing OSA models, achieving AUC values of 0.84 and 0.96.27

Evaluation metrics for machine learning models have become increasingly sophisticated, and in classification 
problems, common evaluation metrics for models are AUROC, accuracy, F1 score, etc, while in regression problems, 
it is common to use mean squared error (MSE), mean absolute error (MAE), or the coefficient of determination (R2) to 
evaluate models.77 The algorithms and evaluation metrics that have been successfully used to develop OSA classification 
prediction models are shown in [Table 1].

The American Academy of Sleep Medicine (AASM) guidelines clearly state that “clinical prediction algorithms can 
be used in patients with suspected OSA in the sleep clinic, but should not necessarily be used as a substitute for PSG”, 
and that “in the non-sleep clinic setting, these tools may be more helpful in identifying patients at increased risk for 
OSA”11 Initial OSA screening for identifying OSA risk is valuable. In addition to questionnaire-based screening tools, 
decision-support models for OSA can utilize statistical machine-learning techniques to predict clinical outcomes, thereby 
facilitating clinical decision-making at a lower cost.78

Currently, most of the machine learning algorithms used to realize OSA rank prediction are supervised learning. Next, 
this paper will briefly expand the description of the basic application characteristics of commonly used machine learning 
algorithms in OSA prediction.

Logistic Regression
Logistic regression (LR) is computationally small, fast, with low storage resources,79 can solve multicollinearity 
problems,80 and is easy to understand and implement. However, when the feature space is large, the performance of 
LR is not very well, it can only deal with binary classification problems, it is easy to underfit, and the general accuracy is 
not high.79 LR is a powerful tool to analyze multiple explanatory variables at the same time, LR is used to obtain 
dominance ratios in the presence of multiple explanatory variables to solve dichotomous problems while reducing the 
effect of confounding factors.81

Linear Regression
Linear regression belongs to the more traditional models that include simple linear regression and multiple linear 
regression.82 Simple linear regression is used when the outcome variable is continuous and the researcher is trying to 
understand how a single independent variable correlates with the dependent variable; in real-world research, there are 
often multiple independent variables, and solving the multiple independent variable problem in a multiple linear 
regression model is relatively easy to implement and computationally simple.83 However, it cannot fit nonlinear data.
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Random Forest
Random forest (RF) is one of the best-performing learning algorithms, RF easily adapts to nonlinearities in the 
data, and the algorithm is well suited for medium to large data sets,84 linear regression and logistic regression 
algorithms will not work when the number of independent variables is greater than the number of observations, 
whereas RF is effective because it does not use all the predictor variables at the same time.85 RF is extremely 
accurate, can effectively run on large datasets, is not prone to overfitting, has good resistance to noise, is fast to 
train, and is able to obtain an order of importance of the variables, but when it comes to a large number of 
decision trees in RF, the space and time required for training will be large, which will result in a slower 
model.86,87

Bayesian Method
The Bayesian method is based on the Bayesian principle and uses the knowledge of probability statistics to 
classify the sample dataset, and due to its solid mathematical foundation, the misclassification rate of the Bayesian 
method is very low.88 The Bayesian method is characterized by combining a priori and a posteriori probabilities ie, 
it avoids the subjective bias of using only a priori probabilities and the overfitting phenomenon of using sample 
information alone.89 Bayesian methods show high accuracy with large data sets, while the algorithm itself is 
relatively simple.90

K-Nearest Neighbor Method Algorithm
The K- Nearest Neighbor (KNN) algorithm can be used for nonlinear classification91 and is theoretically simple and easy 
to implement.92 The idea of the method supports adding new data directly to the dataset without retraining.93 The 
shortcomings of the method are the large computational effort, the large memory requirement, and the poor handling of 
sample imbalance.94

Decision Trees
Decision trees deal with interactions between features in a non-parametric way and it is easier to extract rules and have 
a faster runtime when testing datasets.95 However, they are prone to overfitting and ignore the interconnections of 
attributes in the dataset.96 Decision tree techniques are very similar to human reasoning and can be analyzed visually and 
are more comprehensible, so they are widely used for building classification models;97 the disadvantages of decision 
trees are that one drawback is the increased storage space and computational effort.98

XGBoost
XGBoost is a kind of many tree models integrated to form a very strong classifier, the algorithm adds regular terms to 
simplify the model and prevent the model from overfitting the situation, the model is fast, efficient, and has a strong 
generalization ability.99 However, the XGBoost algorithm requires more parameters to be adjusted, and it produces 
problems such as slow convergence and falling into local optimums.100

Support Vector Machines
Support Vector Machine (SVM) is a linear and nonlinear classification method proposed by Vapnik in 1995 based on 
statistical learning theory, which can be used for classification and regression.101 In recent years, SVM has been used to 
solve a variety of medical problems and has been widely used in the biomedical field, showing good performance.102–104 

SVM is suitable for small sample size research, and the algorithm has low requirements for data distribution and wide 
applicability.105 Its advantage is that SVM maps nonlinear data to a high-dimensional space through the kernel function 
and develops the optimal hyperplane to realize the classification role, avoiding a large number of complex operations,106 

which can classify and discriminate the nonlinear data, but the algorithm is sensitive to missing data, consumes a large 
amount of memory, and has little explanatory power.107
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Artificial Neural Networks
Artificial neural networks (ANN) are mathematical tools that effectively simulate the structure of biological neural 
networks,108 and are used in many fields, such as achieving disease prediction, disease classification, and image 
analysis.109–111 ANN models have the characteristics of parallel distributed data storage and data processing, good 
fault tolerance, handling of high-level nonlinearities, strong adaptive ability, self-learning ability, etc.112 The main 
disadvantage of ANN is that it is not applicable to small samples and has high requirements for the selection of predictor 
variables.60

Choice of ML Algorithms
A review of ML methods for OSA found that the most common for developing models was logistic regression (35/63, 
56%), followed by linear regression (16/63, 25%), support vector machines (9/63, 14%), neural networks (8/63, 13%), 
decision trees (8/63, 13%), Bayesian networks (4/63, 6%), and so on.113 It can be seen that logistic regression algorithms, 
which are computationally fast and can solve the multicollinearity problem, are more favored by a wide range of 
researchers in ML research for OSA diagnosis. This paper also conducted a statistical analysis of the included literature. 
Among the 41 included studies, a total of 58 OSA prediction models were constructed. In terms of the distribution of 
model numbers, single-model studies were the most numerous (28), followed by dual-model studies (9), while studies 
constructing three or more models were relatively few (4). In terms of algorithm selection, similar to Ferreira-Santos D’s 
study, the most popular algorithm was the regression model, followed closely by deep learning algorithms, and then 
SVM [Figure 2]. Considering sampling errors and the reliability of the results, this study only conducted a longitudinal 
analysis of algorithms with more than 10 models constructed over time to gain insight into algorithm selection trends. We 
found that traditional machine learning algorithms LR and SVM were quite popular after 2020, but in the past two years, 
they have gradually lost momentum compared to the rapid development of deep learning [Figure 3]. This trend may stem 
from the rapid advancement of algorithms, particularly the growing prominence of deep learning’s capabilities in 
handling complex, high-dimensional data. However, this does not imply that traditional algorithms will lack competi
tiveness in the future. Specifically, in research utilizing emerging and complex data sources such as electrocardiograms 
and imaging data, deep learning models are preferred due to their superior feature extraction and pattern recognition 
capabilities; whereas in studies based on relatively structured, low-dimensional data such as demographic characteristics, 
anthropometric indicators, and routine laboratory tests, traditional algorithms like regression models and SVM are more 
widely applied. As Eiseman et al analyzed a large sleep-related cardiovascular health study database and successfully 
constructed a model with good predictive performance using the SVM algorithm.114 Similarly, Wen-Chi Huang et al 
constructed a predictive model based on basic data such as gender and age of 6,875 Chinese patients suspected of having 

Figure 2 Summary of various algorithms used in the model. 
Abbreviations: SVM, support vector machine; LR, logistic regression; DT, decision tree; RF, random forest; DL, deep learning; KNN, K- nearest neighbor.
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OSA, combined with the SVM algorithm, which also demonstrated excellent performance.28 Additionally, Farahnaz 
Hajipour et al used low-dimensional data such as neck circumference and respiratory sounds to build an OSA prediction 
model, finding that the RF algorithm achieved good predictive performance.29 In a large-scale study conducted in 
Canada, researchers used 32 health and wellness indicators for modeling, and the results indicated that LR achieved the 
expected predictive performance.30 When applied to relatively complex data such as electrocardiograms, deep learning 
algorithm models are more commonly used [Table 2].

The above analysis shows that current OSA prediction model research is showing a clear trend toward differentiation 
in algorithm selection. Traditional statistical models (such as regression) maintain their advantage in structured data 
scenarios, while deep learning is rapidly rising and occupying an important position in the processing of emerging 
complex data types. It can be seen that for studies with different data characteristics and model purposes, different ML 
algorithms are chosen to have different predictive efficacy and generalizability. In order to select the best model 
corresponding to the study, the current mainstream method is to develop multiple machine learning algorithm models 
first, and then select the best model by comparing the model evaluation indexes and then selecting the best model.

Figure 3 Comparison of the application trends of SVM, LR, and DL algorithms in the construction of obstructive sleep apnea prediction models from 2013 to 2024. 
Note: The number of articles for 2024 includes those published from January 2024 to March 2025. All other years are normal. 
Abbreviations: SVM, support vector machine; LR, logistic regression; DL, deep learning.

Table 2 Application Distribution of Machine Learning Algorithms in Various Predictive Variables

Predictors Machine Learning Algorithms Sum

SVM LR DT RF DL KNN

Demography, anthropometry and questionnaire data 9 5 6 2 2 0 24

Laboratory indicators 0 6 1 0 1 0 8

Complication data 1 3 0 0 0 0 4
Imaging data 1 4 2 1 2 0 10

Selected PGS channel indicators 0 0 1 0 10 1 12

All 11 18 10 3 15 1 58

Abbreviations: SVM, support vector machine; LR, logistic regression; DT, decision tree; RF, random forest; DL, deep 
learning; KNN, K- nearest neighbor.
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Purpose and Effectiveness of Forecasting Models
Early identification and treatment is the key to reducing the incidence of OSA, and rational intervention treatment in the 
early stages of OSA can help prevent its further development and avoid complications.115 ML provides early diagnosis 
and classification of OSA by incorporating corresponding predictors, analyzing variable correlations, and building 
prediction models with algorithmic fitting. Currently, machine learning prediction models for OSA are predominantly 
developed for two purposes: to screen for the presence of OSA and to predict its severity [Table 2].

OSA Screening Model
The current OSA screening model development process is typically designed based on different diagnostic thresholds. 
Most researchers tend to follow the AASM OSA diagnostic criteria and set AHI at 5 as the cutoff threshold [Table 1]. As 
demonstrated by Young Jae Kim et al, who employed the SVM algorithm and set the OSA diagnostic threshold to 5 for 
model construction, the best predictive performance was achieved, with sensitivity, specificity, and AUC values of 
80.33%, 86.96%, and 0.87,26 respectively. A study conducted in 2025 that used deep learning algorithms to build 
a predictive model also set the OSA diagnostic threshold to 5 and achieved excellent performance, with an AUC of 0.97. 
Some scholars advocate using AHI=1049 or AHI=1520 as thresholds. He S et al used the logistic regression algorithm to 
construct an OSA prediction model based on photometric measurement with AHI≥10 as the threshold, achieving an AUC 
of 0.9049 at the optimal cutoff point. This suggests that most scholars consider AHI>5 as a more appropriate standard for 
early OSA screening and can achieve good predictive performance.

OSA Severity Prediction Model
The above articles have established better predictive screening models for OSA. However, all of these studies focused 
only on the diagnosis of OSA without taking the severity of OSA as an outcome variable, which for specific populations 
can directly or indirectly affect the course of their condition. Therefore, it is extremely important to assess the presence of 
OSA in the clinical setting and even to make a precise graded diagnosis. There are currently two main ways of 
developing OSA severity prediction models. The first method is to develop different models based on multiple AHI 
thresholds, each corresponding to a different degree of OSA severity. Another method is to predict AHI values through 
fitting, and then classify the severity based on the predicted AHI values.58

The logistic regression prediction model developed by Zerah-Lancner et al is currently the best method for screening 
out OSA, with a sensitivity value of 100% for predicting OSA with an AHI ≥15.116 Pona Park et al conducted a study on 
a large Korean population, using 11 heart rate variability variables and 14 feature indicators (such as age, gender, and 
body mass index) to establish a moderate-to-severe OSA risk model using LR. The model demonstrated good predictive 
performance at AHI values of 5, 15, and 30, with the best predictive performance at AHI = 30.117 Cheng-Yu Tsai et al 
also conducted a similar study, using anthropometric characteristics and water and fat levels in various body parts as 
feature indicators to establish two RF models for predicting moderate-to-severe OSA risk (AHI ≥15/AHI<15, accuracy 
rate 84.74%) and severe OSA risk (AHI ≥30/AHI<30, with an accuracy rate of 72.61%).118 Jiayan Huo et al developed 
an ML-derived questionnaire. They input the questionnaire answers of diagnosed patients into the model and screened 
them based on the correlation between feature factors and AHI, using AHI = 15 as the OSA classification criterion. They 
established the model using two LR classifiers, and the results showed that both classifiers had good efficacy in screening 
patients with moderate to severe OSA.31

In addition, some studies have focused on the translation and practical application of prediction models, with Daniel 
Álvarez et al using modeling of SpO2 and airflow parameters in homebound PSG patients for widespread routine 
screening for OSA in the home.32 Other researchers have signal-processed the model, ported it to Java along with the 
algorithm, and integrated it into the cell phone application SleepAp, providing a new, easy-to-use, low-cost, and widely 
available model that serves as a good replication.33
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Limitation
Given the differences in evaluation metrics across various literature models, this study only summarized two overall 
evaluation metrics: AUC and ACC. It did not comprehensively summarize multi-dimensional metrics such as sensitivity, 
specificity, F1 score, calibration, and decision curves for each model. Future research should strive to comprehensively 
organize and present multi-dimensional evaluation results to more comprehensively reveal the strengths and weaknesses 
of previous models, providing precise references for the optimization and clinical translation of subsequent models.

Additionally, this paper only included studies related to OSA prediction models published in PubMed over the past 
decade, which limits the strength of the evidence and its clinical guidance value. Future work that follows the PRISMA- 
IPD or CHARMS guidelines, conducts systematic searches, strictly includes and excludes studies, and performs meta- 
analyses, is likely to generate higher-level evidence-based guidelines that truly serve the improvement and practical 
application of OSA prediction models.

Summary and Prospects
This paper discusses the research progress of ML in adult OSA diagnosis and reviews three aspects: common predictors 
of OSA prediction models, commonly used machine learning algorithms for OSA prediction models, and the purpose and 
efficacy of OSA prediction models. Because ML algorithms have powerful data processing capabilities, developing risk 
prediction models remains an important hotspot and direction in OSA diagnosis research.

At this stage, despite the proliferation of ML-related studies on OSA severity diagnosis, its application is not fully 
mature, mainly limited by conditions such as the lack of medical data, the lack of maturity of data processing and 
analyzing techniques, and inconsistent data standards. The prediction models derived from related studies generally have 
the following problems: first, most studies only use predictors from individual domains to build prediction models; 
however, OSA is also affected by various factors in multiple domains, and most of the studies have not comprehensively 
evaluated and selected predictors. Second, many of the studies were not externally validated, and even of those that were, 
most had geographic limitations of both internal and external validation and were not validated across ethnic groups and 
populations. Third, most of the studies are retrospective, leaving no way for the study design to be carried out with 
optimal protocols and limiting the ability to collect socioeconomic information, and there is value in integrating and 
analyzing socioeconomic factors to provide a more comprehensive understanding of sleep disorders and their correlates. 
Fourth, although many studies have developed OSA severity prediction models based on ML, few of these models have 
been translated in a rational way to be applied to real clinical practice. This may be due to the fact that different models 
use different predictive factors and are only applicable to specific clinical settings. On the other hand, it may be because 
the models only provide risk level results and cannot provide targeted indicator contributions and treatment plans.

A review of the evolution of machine learning in the diagnosis of adult OSA reveals that predictive factors have 
expanded from early demographic and anthropometric indicators to high-resolution imaging, electrocardiograms, and 
electromyograms, among other non-invasive data. Algorithms have also transitioned from traditional models to complex 
architectures centered on deep learning. Therefore, if the above issues can be resolved, it is recommended to divide the 
application scenarios into two categories based on this dual upgrade path: At the primary care/community screening 
level, low-cost, easily accessible low-dimensional data should remain the primary focus, with lightweight traditional 
algorithms employed and sensitivity deliberately optimized to minimize false negatives and achieve early detection. At 
the specialty/tertiary hospital level, high-dimensional data and deep learning should be leveraged to enhance overall 
performance while emphasizing specificity, reducing false positives, and aiming to replace polysomnography (PSG) 
examinations to minimize medical waste.

With the advancement of medical science and technology and the continuous development of hospital informatiza
tion, many medical big data platforms and databases have been put into development and application, which has pushed 
clinical medical care into the digital era. It will provide ideal and comprehensive data sources for the development and 
validation of the future OSA severity prediction model, and provide a basis for the cross-region validation of the model. 
On the other hand, big data analytics technology continues to innovate and machine learning algorithms continue to 
advance, which will provide better ML algorithms for future OSA severity prediction models, leading to better model 
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performance. In addition, if the above points can be achieved while focusing on the contribution of each indicator to the 
results when developing predictive models and further inferring the disease pathways that may lead to such results, it 
should be possible to better assist doctors in their decision-making and thereby accelerate the advancement of medical 
transformation.

In summary, the application of machine learning in OSA prediction model development will be more fully demon
strated, better utilized, and more widely promoted.
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