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Purpose: To develop a deep learning (DL) model for obstructive sleep apnea (OSA) detection and severity assessment and provide a 
new approach for convenient, economical, and accurate disease detection.
Methods: Considering medical reliability and acquisition simplicity, we used electrocardiogram (ECG) and oxygen saturation (SpO2) 
signals to develop a multimodal signal fusion multiscale Transformer model for OSA detection and severity assessment. The proposed 
model comprises signal preprocessing, feature extraction, cross-modal interaction, and classification modules. A total of 510 patients 
who underwent polysomnography were included in the hospital dataset. The model was tested on hospital and public datasets. The 
hospital dataset was utilized to demonstrate the applicability and generalizability of the model. Two public datasets, Apnea-ECG 
dataset (consisting of 8 recordings) and UCD dataset (consisting of 21 recordings), were used to compare the results with those of 
previous studies.
Results: In the hospital dataset, the accuracy (Acc) values of per-segment and per-recording detection were 91.38 and 96.08%, 
respectively. The Acc values for mild, moderate, and severe OSA were 90.20, 88.24, and 92.16%, respectively. The Bland‒Altman 
plots revealed the consistency of the true apnea–hypopnea index (AHI) and the predicted AHI. In the public datasets, the per-segment 
detection Acc values of the Apnea-ECG and UCD datasets were 95.04 and 90.56%, respectively.
Conclusion: The experiments on hospital and public datasets have demonstrated that the proposed model is more advanced, accurate, 
and applicable in OSA detection and severity assessment than previous models.
Keywords: obstructive sleep apnea, multimodal signals fusion, deep learning, detection model

Introduction
Obstructive sleep apnea (OSA) is defined as apnea and hypopnea caused by repeated collapse and upper airway 
obstruction during sleep.1 Epidemiological studies have shown that OSA is highly prevalent in adults, with approxi
mately one billion people worldwide experiencing this disease, 40–50% of whom have moderate-to-severe OSA; these 
populations are usually advised to receive prompt treatment.2 In addition, severe OSA can be associated with dysfunc
tions in multiple organ systems, such as the cardiovascular, endocrine, and nervous system.3 Given the high prevalence 
and severe dangers of OSA, timely detection and treatment are crucial. Polysomnography (PSG) is the gold standard for 
OSA diagnosis.4 However, there are limitations such as the complexity and specialization of the technology, high 
economic costs, and long waiting times. OSA and its comorbidities will become an increasing health problem consider
ing the global state of chronic health state transformation, such as the obesity epidemic and the aging population. Most 
OSA patients are not diagnosed and treated in time, resulting in a high economic and social burden. Therefore, 
developing simple and economical alternatives for OSA screening is essential.
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Automated detection by simplifying physiologic signals and developing artificial intelligence models is the most 
common alternative screening method for OSA. Various types of physiologic signals are used for OSA detection, such as 
electrocardiogram (ECG),5–12 oxygen saturation (SpO2)13–16 and airflow signals.17,18 Deep learning (DL) models, which 
are state-of-The-art artificial intelligence medical-assisted diagnostic models that extract deep features of signals and 
correlate them with respiratory events, have a wide range of potential for OSA detection.5–13,15–18 Currently, single-lead 
signal detection is mainstream for OSA. However, relevant studies still have limitations, such as overlooking the 
potential correlation between multiple signals and having a limited detection capability.

Experts have suggested that effective integration of multimodal signals may improve model performance. For 
example, Taghizadegan et al fused electroencephalogram (EEG) and ECG signals and achieved a per-segment detection 
accuracy (Acc) of 91.74%.19 Pathinarupothi et al reported that the fusion of ECG and SpO2 signals resulted in a 3.10% 
increase in the detection Acc compared with that achieved with the single-lead ECG signal.20 Although multimodal 
signal fusion methods have improved OSA detection performance, most of them only fuse the different modal 
information with fixed weights instead of considering the effect of potential correlations between different signals, 
thus failing to extract key target features and remove redundant information.

Therefore, we propose an innovative DL model for OSA detection and severity assessment to further improve OSA 
screening capabilities. Considering medical reliability and signal acquisition simplicity, we fuse ECG and SpO2 signals. 
OSA contributes to cardiac electrophysiological remodeling, which appears as ECG signal changes and directly affects 
the amplitude of SpO2 signal. The study of both signals alterations has a positive significance in the detection of 
respiratory events. Unlike previous studies, our contribution of the model design focuses on the novel multimodal signal 
fusion module, which effectively and efficiently achieves cross-modal information interaction. The results show that the 
model improves the detection capability of OSA and demonstrate the applicability in the hospital dataset.

Materials and Methods
Datasets
Hospital Dataset
All patients (n = 510) were enrolled from the Second Affiliated Hospital of Xi ‘an Jiaotong University, China, between 
2022.04 and 2023.12. The inclusion criteria were as follows: (i) aged 18–65 years; (ii) symptoms suggestive of OSA, 
such as snoring or breathing cessation during sleep; and (iii) willingness to cooperate with data collection and accept 
PSG. Patients were excluded if they had (i) craniofacial abnormalities/disorders; (ii) severe neuromuscular or respiratory 
or cardiovascular disorders; (iii) other sleep disorders; (iv) previous sleep treatment; (v) long-term usage of medications 
known to affect sleep and heart rate; or (vi) signal damage and serious data loss. Figure 1 shows the enrollment process. 
This study was approved by the Ethics Committee of the Second Affiliated Hospital of Xi ‘an Jiaotong University (Ethics 
approval number: 2020–1122). All participants provided informed consent for the data collection and analysis. All the 
data were anonymized.

Clinical information, including demographic information, body measurements, and medical history, was collected 
from all patients. All patients underwent PSG (PHILIPS, Alice 6) supervised by night-shift staff. Two experienced sleep 
physicians scored the PSG findings according to the American Academy of Sleep Medicine (AASM) criteria. The apnea– 
hypopnea index (AHI) was defined as the total number of apnea and hypopnea events per hour of sleep. OSA was defined 
as AHI ≥ 5, mild OSA was defined as 5 ≤ AHI < 15, moderate OSA was defined as 15 ≤ AHI < 30, and severe OSA was 
defined as AHI ≥ 30. The demographics and characteristics of the patients in the hospital dataset is shown in 
Supplementary Table 1. We collected raw ECG and SpO2 signals, respiratory event annotations, and PSG parameters. 
According to the AASM criteria recommendation, ECG signal was recorded from modified ECGII lead electrodes. The 
SpO2 signal was continuously recorded by finger sensors. Notably, considering the diagnostic conditions for OSA, we 
classified both apnea and hypopnea events as respiratory events.

The patients in the hospital dataset were randomly divided into training, validation, and test sets at a ratio of 6:2:2. 
The recordings of 306, 102, and 102 patients were used to train, validate, and test the proposed model, respectively.
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Public Datasets
In this study, the detection performance of the proposed model was compared with that of studies on public datasets. The 
demographics and characteristics of the patients in the public datasets are shown in Supplementary Table 2.

1) Apnea-ECG dataset:21 This dataset is the most popular public dataset for OSA detection. The dataset comprises 70 
recordings; however, only eight recordings (a01–a04, b01, and c01–c03) collected ECG and SpO2 signals. The dataset is 
available at https://www.physionet.org/content/apnea-ecg/1.0.0/. We divided the eight recordings at a ratio of 6:2 for 
leave-out cross-validation. The model’s performance was assessed by averaging the results over 5 repetitions to eliminate 
errors in randomly dividing the data.

2) St.Vincent’s University Hospital/University College Dublin Sleep Apnea Dataset (UCD datasets):22 This dataset 
comprises 25 recordings, which all collect ECG and SpO2 signals and provide annotations on the occurrence and duration 
of respiratory events. Notably, we removed four subjects (ucddb08, ucddb015, ucddb018, and ucddb022) as they had few 
OSA segment and the data were incredibly unbalanced. The dataset is available at https://www.physionet.org/content/ 
ucddb/1.0.0/. We divided the 21 recordings at a ratio of 4:1 for leave-out cross-validation. The model’s performance was 
assessed by averaging the results over 5 repetitions to eliminate errors in randomly dividing the data.

Deep Learning Model
Model Structure
We propose a multimodal multiscale Transformer model for OSA detection and severity assessment. The model consists 
of four main modules: signals preprocessing, feature extraction, cross-modal interaction, and classification. Figure 2 
shows the overall structure of the model.

Figure 1 Enrollment process for the hospital dataset. 
Abbreviations: OSA, obstructive sleep apnea; PSG, polysomnography; TST, total sleep time.
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1) Signals preprocessing
First, the ECG and SpO2 signals were segmented into 1-minute time intervals. The respiratory event annotations were 

used to label the segments, when the respiratory event occurred in the signal segment, it was labeled with “respiratory 
event”, and otherwise labeled with “normal”. The ECG signal was then denoised via a bandpass filter with a 0.5–48 Hz 
passband to avoid noise effects.23 The SpO2 signal had some artifacts below 50% that were not considered physiological 
significant. These segments were removed. Finally, Z-Score normalization was used to eliminate the incomparability 
between the ECG and SpO2 signals.

2) Feature extraction
The feature extraction module aims to extract the shallow features of the ECG and SpO2 signals and perform adaptive 

feature optimization. First, a convolutional neural network module with large convolutional kernels (LKCNN) was used 
to extract shallow features.24 Then, a 1D squeeze-and-excitation (1DSE) block was used to correct and filter the features 
extracted by the LKCNN.25 This process focuses the model’s attention on the most informative channel features and 
suppresses unimportant features. Finally, we added a bidirectional gated recurrent unit (Bi-GRU) after the 1DSE block to 
learn long-term dependencies between different features.26

3) Cross-modal interaction

Figure 2 Overall structure of the proposed model. 
Abbreviations: ECG, electrocardiogram; SpO2, oxygen saturation; LKCNN, large convolutional kernels convolutional neural network; 1DSE, 1D squeeze-and-excitation; 
BiGRU, bi-directional gated recurrent unit; MM_Transformer, multimodal multiscale Transformer.
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This module aims to better accomplish multimodal fusion. By designing models that can process and correlate 
information from different modalities, more information can be provided for classification decisions. The module consists 
of two parallel multimodal multiscale Transformer (MM_Transformer), and three attention mechanisms are the focus of 
the module design.27 A self-attention (SA) mechanism was used to filter out important information from a large amount 
of information and allow us to notice internal correlations in the input features. The multihead attention (MHA) 
mechanism was designed to enhance the model’s feature extraction and representation learning ability to solve the 
problem of the limited global view of self-attention due to overfocusing on local information. The co-attention (CA) 
mechanism was designed to focus more attention on the region where the ECG and SpO2 signals were correlated and to 
learn the dependencies between different features from multimodal signals.

4) Classification
The output features from the two cross-modal interactions were concatenated, and the mean and standard deviation 

were obtained through statistical pooling. Then, the mean and standard deviation were spliced into the fully connected 
layers. Finally, the predicted values for OSA classification were obtained via a Softmax operation.

Experimental Setup and Hyperparameter Settings
All the experiments were conducted on a workstation configured with one GeForce RTX3090 GPU with 24 GB of video 
memory, an Intel Core I9-10920X CPU with 3.50 GHz and 64 GB of RAM based on PyTorch 1.10.1, CUDA 11.1, and 
Python 3.8.

Considering the large number of hyperparameters, we used the stochastic search algorithm to find the optimal neural 
network hyperparameters to reduce the search time while ensuring that the model achieves a certain accuracy rate. 
Different combinations of learning rates, weight decays, batch sizes, and dropout rates were optimized via the stochastic 
search algorithm, and the set of hyperparameters with the best overall performance and effective suppression of 
overfitting was selected as the optimal hyperparameter. Table 1 shows the hyperparameter settings.

Evaluation Indicators
The value of the model in assisting in the diagnosis and severity grading of OSA was assessed. We evaluated per-segment 
and per-recording detection. Per-segment detection aimed to divide long-duration ECG signals into 1-min segments, each 
assigned a label of “normal” or “respiratory event”. Then, we trained the model with the training set and used the model 
to make predictions for each 1-min segment of the test set. These data were used to calculate the predicted AHI (pred- 
AHI) as follows: pred-AHI = 60*(the number of segments with “respiratory event”)/(the total number of segments). 
According to the pred-AHI, each patient’s diagnosis and severity were assessed to obtain per-record detection results.

The performance of the model was evaluated using the area under the receiver operating characteristic (ROC) curve 
(AUC), accuracy (Acc), sensitivity (Sen), specificity (Spec), and F1 score (F1).

Table 1 Hyperparameter Settings

Hyperparameters Value

Learning rate 0.00005

Weight decay 0.00001
Dropout Rate 0.50

Epoch 30

Batch size 128/32
MM_Transformer Pathsize (768,384,192,96)

MM_Transformer HeadNum 4

Optimizer Adam

Notes: MM_Transformer HeadNum means the number of heads 
of MM_Transformer; MM_Transformer PatchSize represents the 
dimension of different patch feature vectors.
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Statistical Analysis
Statistical analysis was performed with SPSS 22.0 and OriginPro 2021. Continuous variables are presented as medians 
with interquartile ranges. Categorical variables are presented as numbers with proportions. Differences between groups 
were compared via t tests or Wilcoxon rank-sum tests. P < 0.05 was set as the threshold for significance. A Bland‒ 
Altman plot was generated to evaluate the consistency of the true-AHI and pred-AHI.

Results
Hospital Dataset Results
The demographics and characteristics of the patients in the hospital dataset are shown in Table 2. The clinical information 
and PSG metrics were not significantly different between the training, validation, and test sets (all P > 0.05). The 
balanced distribution of these data reduced bias in the model experiments.

Figure 3 shows the loss and accuracy curves for the training and validation sets. With increasing epochs, the training 
loss and accuracy curves tended to stabilize, the fluctuations in the validation loss and accuracy curves decreased, and the 
model converged. This finding indicates that the model learns the practical features to improve the detection perfor
mance, and the model’s generalizability in the validation dataset gradually increases with training. As shown in Figure 4, 

Table 2 Demographics and Characteristics of Patients in the Training Set, Validation Set and Test Set from the Hospital 
Dataset

Training set 
(N=306)

Validation set 
(N=102)

Test set  
(N=102)

P value

Demographic information
Gender [n (%)]

Female 85(27.78%) 26(25.49%) 18(17.65%) 0.126

Male 221(72.22%) 76(74.51%) 84(82.35%)
Age (years) [�x� s] 37.51±12.78 37.51±11.46 36.90±12.68 0.578

Body mass index (kg/m2) [M (Q1, Q3)] 25.70(23.00,28.25) 25.05(22.53,28.28) 24.90(23.53,27.40) 0.653

Waist circumference (cm) [�x� s] 93.62±11.85 92.48±11.20 91.66±14.04 0.491
Neck circumference (cm) [�x� s] 38.42±7.02 37.74±3.89 38.64±6.86 0.595

Sleep quality
Snoring [n (%)]

0 37(12.09%) 13(12.75%) 14(13.73%) 0.909

1 269(87.91%) 89(87.25%) 88(86.27%)

Snoring history (years) [�x� s] 5.41±7.47 3.26±3.97 5.47±7.35 0.382
Breathing cessations during sleep [n (%)]

0 189(61.76%) 65(63.73%) 60(58.82%) 0.767

1 117(38.24%) 37(36.27%) 42(41.18%)
Breathing cessations history (years) [�x� s] 0.59±2.38 0.28±1.37 0.81±3.47 0.841

Polysomnography
Total sleep time (h) [M (Q1, Q3)] 7.07(6.29,7.87) 7.13(6.08,8.09) 7.15(6.14,7.63) 0.948
AHI (time/h) [M (Q1, Q3)] 21.88(8.67,47.90) 22.56(7.83,46.14) 21.79(9.40,44.97) 0.917

OSA severity [n (%)]

Normal (AHI < 5) 53(17.32%) 16(15.69%) 15(14.71%) 0.994
Mild (5 ≤ AHI < 15) 63(20.59%) 23(22.55%) 24(23.53%)

Moderate (15 ≤ AHI < 30) 67(21.90%) 22(21.57%) 22(21.57%)

Severe (AHI≥30) 123(40.19%) 41(40.19%) 41(40.19%)
Mean oxygen saturation (%) [M (Q1, Q3)] 95.00(93.00,96.00) 94.00(93.00,96.00) 95.00(93.00,95.00) 0.649

Lowest oxygen saturation (%) [M (Q1, Q3)] 83.50(76.00,89.00) 84.00(75.00,88.00) 84.00(78.00,89.00) 0.795

Mean heart rate (time/min) [M (Q1, Q3)] 65.00(60.53,69.50) 64.50(59.95,69.48) 65.15(58.98,71.88) 0.807
Highest heart rate (time/min) [M (Q1, Q3)] 106.00(100.00,112.00) 105.00(98.25,113.00) 108.50(100.25,115.75) 0.218

Lowest heart rate (time/min) [M (Q1, Q3)] 51.00(46.00,56.00) 49.50(46.00,53.00) 51.00(47.00,56.00) 0.171

Abbreviations: OSA, obstructive sleep apnea; AHI, apnea–hypopnea index.
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the per-segment detection Acc, Sen, Spec, and F1 values and the AUC of the validation set were 92.95%, 88.34%, 
97.42%, 92.50%, and 0.978, respectively.

We evaluated the per-segment detection performance of the test set and calculated the pred-AHI for per-recording. 
The confusion matrix and ROC curve for per-segment detection of the test set are shown in Figure 5. As shown in 
Table 3, the Acc, Sen, Spec, F1 value, and AUC were 91.38%, 85.55%, 96.69%, 90.44%, and 0.968, respectively.

Figure 3 Training and validation loss and accuracy curves. 
Notes: (a) Loss curves of training and validation sets; (b) Accuracy curves of training and validation sets.

Figure 4 Per-segment detection confusion matrix and ROC curve of the validation set. 
Notes: (a) Per-segment confusion matrix of the validation set; (b) Per-segment ROC curve of the validation set.
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We performed OSA diagnosis and severity assessment of patients in the test according to the pred-AHI. Figure 6 
shows the confusion matrix and ROC curve for per-recording detection of the test set. As shown in Table 3, the Acc, Sen, 
Spec, F1 value, and AUC were 96.08%, 97.70%, 86.67%, 97.70%, and 0.922, respectively.

Figure 7 and Table 4 show the confusion matrix, ROC curves and performance for severity assessment. The Acc 
values of patients with mild OSA, moderate OSA, and severe OSA were 90.20%, 88.24%, and 92.16%, respectively, with 
an overall Acc of 83.33%. The AUC with mild OSA, moderate OSA, and severe OSA were 0.891, 0.835, and 0.918, 
respectively, with an overall AUC of 0.881.

In addition, we plotted Bland‒Altman plots to assess the consistency of the true-AHI and pred-AHI. As shown in 
Figure 8, 93 (91.18%) points fell within the 95% concordance interval overall, indicating that the pred-AHI had a 
favorable concordance profile. When grouped by OSA severity, 12 (80.00%), 73 (83.91%), 20 (83.33%), 19 (86.36%), 
and 34 (82.93%) points fell within their 95% concordance intervals for non-OSA, OSA, mild OSA, moderate OSA, and 
severe OSA, respectively.

Figure 5 Per-segment detection confusion matrix and ROC curve of the test set. 
Notes: (a) Per-segment confusion matrix of the test set; (b) Per-segment ROC curve of the test set.

Table 3 Per-Segment and Per-Recording Results and Performance of the 
Test Set

Per-segment Per-recording

Total segments/recordings 90560 102

Normal segments/recordings 47402 15
Respiratory event segments/OSA recordings 43158 87

Correct predicted segments/recordings 82757 98

Wrong predicted segments/recordings 7803 4
Acc (%) 91.38 96.08

Sen (%) 85.55 97.70

Spec (%) 96.69 86.67
F1 (%) 90.44 97.70

AUC 0.968 0.922

Abbreviations: OSA, obstructive sleep apnea; Acc, accuracy; Sen, sensitivity; Spec, specificity; 
F1, F1 score; AUC, area under the receiver operating characteristic curve.
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Public Datasets Results
The model was validated on the Apnea-ECG and UCD datasets to make the model performance comparable.

The Apnea-ECG dataset included 8 records with 13694 segments, including 10469 “normal” and 3225 “respiratory 
event” segments. We performed leave-out cross-validation at a ratio of 6:2 and averaged the results 5 times. As shown in 
Figure 9, the average Acc, Sen, and Spec of pre-segment detection were 95.04%, 88.05%, and 96.21%, respectively.

The UCD dataset included 21 records with 3153 segments, including 2369 “normal” and 784 “respiratory event” 
segments. We performed leave-out cross-validation at a ratio of 4:1 and averaged the results 5 times. As shown in 
Figure 10, the average Acc, Sen, and Spec of pre-segment detection were 90.56%, 69.22%, and 96.21%, respectively.

Figure 6 Per-recording detection confusion matrix and ROC curve of the test set. 
Notes: (a) Per-recording confusion matrix of the test set; (b) Per-recording ROC curve of the test set.

Figure 7 Confusion matrix and ROC curves of OSA severity in the test set. 
Notes: (a) Confusion matrix of OSA severity; (b) ROC curves of OSA severity. 
Abbreviations: OSA, obstructive sleep apnea.
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Discussion
The persistence and progression of OSA cause enormous health and economic burdens.2 Symptom atypicality and 
diagnostic capability deficiencies contribute to the low diagnostic rate of OSA. Given the demand for new methods for 
OSA screening and assisting in diagnosis, this study proposes an innovative model based on multimodal signal fusion for 
OSA detection and severity assessment. The model performs initial OSA screening through simple signals acquisition 
and detection, and can be widely used in hospitals at all levels, especially in economically underdeveloped areas. It 
provides a new scheme to further improve the OSA detection capability.

Currently, the use of single-lead signal is still mainstream in DL-based OSA detection models,5–18 and despite some 
progress, several shortcomings remain. First, multiple physiological signals change with the respiratory event, and the 
single-lead signal ignores the potential relationship between different signals. Second, the single-lead signal has limited 
information and restricts detection performance. Finally, the single-lead signal has poor stability during acquisition and is 
easily disturbed and distorted by interference. With the rapid development of DL technology and its wide application in 
biosignal processing, experts have proposed that the effective integration of multimodal information can significantly 

Figure 8 Bland‒Altman plots of true-AHI and pred-AHI of the test set. 
Notes: (a) All recordings; (b) non-OSA group; (c) OSA recordings; (d) mild OSA recording; (e) moderate OSA recordings; (f) severe OSA recordings. 
Abbreviations: AHI, apnea–hypopnea index.

Table 4 OSA Severity Prediction Results of the Test Set

Normal Mild OSA Moderate OSA Severe OSA

Acc (%) 96.08 90.20 88.24 92.16
Sen (%) 86.67 91.67 72.73 97.14

Spec (%) 97.70 89.74 92.50 89.55

F1 (%) 86.67 81.48 72.73 89.47

Abbreviations: OSA, obstructive sleep apnea; Acc, accuracy; Sen, sensitivity; Spec, 
specificity; F1, F1 score.
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Figure 9 Performance on the Apnea-ECG dataset. 
Abbreviations: Acc, accuracy; Sen, sensitivity; Spec, specificity.

Figure 10 Performance on the UCD dataset. 
Abbreviations: Acc, accuracy; Sen, sensitivity; Spec, specificity.
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improve the ability to detect a target.19,20 Critical information related to the detection target is made available by taking 
advantage of different modal signals. This method may be an effective approach to solving the problem of low detection 
accuracy of a single lead signal.

The selection of fused signals is one of the key points in model design. To a certain extent, multimodal signals 
increase the cost of acquisition and the complexity of the model. Therefore, balancing the simplicity of signal acquisition 
and the comprehensiveness of information to improve detection performance while reducing economic and computa
tional costs is the key issue of the multimodal signal fusion model. We selected the ECG and SpO2 signals for fusion. 
Medical reliability and acquisition simplicity were the main reasons for this choice. Pathophysiological changes in OSA, 
such as autonomic imbalance, chronic intermittent hypoxia, and changes in negative intrathoracic pressure, promote 
cardiac electrophysiological remodeling through direct and indirect pathways.28–31 The corresponding changes in the 
ECG signal have established a reliable medical background for OSA detection.32–35 The SpO2 signal is directly affected 
by respiratory events and plays an essential role in determining OSA and its severity.1 Moreover, as the earliest studied 
physiological signal, ECG and SpO2 signals can be acquired by various devices. The preprocessing and feature extraction 
methods for ECG and SpO2 signals are mature, providing a high-quality source of physiological signals. Other signals, 
such as snoring signals, are susceptible to environmental noise, EEG signal acquisition is very inconvenient, and the AF 
signal requires two transducers and, therefore, is a secondary choice.

Previous studies have also been conducted on performing OSA detection according to ECG and SpO2 signals. 
Pathinarupothi et al and Paul et al used ECG signal, SpO2 signal, and a combination of the two as inputs, and the results 
demonstrated that the multimodal signals improved the accuracy of OSA detection compared with single-lead signal.20,36 

However, existing methods fuse the information from different modalities with fixed weights without considering the effect of 
potential correlations between different signals, thus limiting the detection performance. Therefore, the innovative design of 
the proposed model aims to accomplish cross-modal information interaction and improve detection performance.

We introduce Transformer structure and propose a cross-modal interaction module consisting of two parallel 
MM_Transformer. The attention mechanisms were the focus and innovation. SA allows the model to capture dependencies 
between input sequences at different locations and to consider relationships between multiple subsequences simultaneously; 
thus, more detailed modeling of the features and structure of long sequences is possible. MHA uses multiple attention heads to 
learn different information simultaneously, meaning the model can process it in parallel. MHA has significant advantages in 
terms of capturing richer features, improving generalization, and speeding up model computation with parallel processing. In 
addition, the CA focused more on the region of the ECG signal correlated with the SpO2 signal. By simulating the process of 
manual diagnosis, the dependency between different features was learned, and feature fusion was performed on a parallel 
multiscale_co-attention module. Cross-modal information interaction was finally achieved by integrating the above features.

We compared the proposed model on public datasets with previous models. The models obtained the best detection 
accuracy on both public datasets, as shown in Supplementary Table 3. Compared with the previous best-performing 
model, the proposed model improved the accuracy, with accuracies of 1.11% and 6.16% for the Apnea-ECG and UCD 
datasets, respectively. In the Apnea-ECG dataset, Pathinarupothi et al used ECG signal to calculate the instantaneous 
heart rate and input with SpO2 signal to the long-short time memory model; the Acc increased to 92.10% after the two- 
modal signal was fused.20 Li et al proposed the fusion of ECG, SpO2, airflow, and chest and abdomen signals for OSA 
detection by first extracting the time domain, frequency domain, and nonlinear features of the above signals, followed by 
evaluating and classifying the significance of the features; finally, different categories of features were input to a support 
vector machine classifier, and the model achieved an optimal Sen of 93.22%.37 Paul et al obtained RR intervals from 
ECG signal, and combined RR intervals and SpO2 signals with a feedforward neural network, and the detection accuracy 
was 92.00%.36 In the UCD dataset, Xie et al extracted and selected the time and frequency domain features of ECG and 
SpO2 signals and then conducted experiments on ten machine learning classifiers, which suggested that the combination 
of two signals resulted in an Acc of 84.40%.38 By utilizing an existing mathematical model of the cardiopulmonary 
system, Gutta et al proposed the use of the likelihood ratio of the ECG signal to the SpO2 signal to detect OSA, obtaining 
a detection Acc of 82.33%.39

Two main features characterize previous multimodal signals fusion methods: one is that the signals need to be 
preprocessed, such as extracted RR intervals, heart rate and time-domain features, and the other is that the cross-modal 
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signals fusion is completed by simple classifiers and neural networks. In contrast, the proposed model directly uses the 
original signals. Shallow features extraction and selection were accomplished by the LKCNN, 1DSE, and BiGRU blocks. 
The MM_Transformer architecture was developed for cross-modal information interaction. Thus, this model maximizes 
feature extraction, selection and fusion capability, and efficiency to obtain the best detection accuracy. However, the Sen 
performance on the UCD dataset was poor, which was considered to be the result of a severe category imbalance between 
respiratory event and normal segments.

The construction and application of a hospital dataset with a large sample size was another highlight of our study. 
Most current OSA detection models are trained and validated on public datasets; however, practical testing on real 
hospital data is lacking. Therefore, to improve the model’s applicability, we constructed a hospital dataset and trained, 
validated, and tested the model on this dataset. Moreover, increasing the dataset size gives the model a stronger learning 
ability, which is crucial for improving detection performance and generalizability.

The results were summarized and interpreted in terms of both segments and recordings. In the test set, the Acc and 
AUC of per-segment detection were 91.38% and 0.968, respectively, indicating that the proposed model can distinguish 
well between respiratory event and standard segments. The ability of individual detection was evaluated both quantita
tively and qualitatively. From the quantitative analysis perspective, the Bland‒Altman plots indicated strong agreement 
between the true and predicted AHI. Overall, 91.18% of the points fell within the 95% consistency interval. When the 
patients were divided into subgroups according to severity, 83.33%, 86.36%, and 82.93% of the points fell within the 
95% consistency intervals for mild, moderate, and severe OSA, respectively. From the qualitative analysis perspective, 
the Acc and AUC of per-recording detection were 96.08% and 0.922, respectively. Notably, the model had favorable 
accuracy in both OSA classification and severity assessment (mild, 90.20%; moderate, 88.24%; and severe, 92.16%). The 
above results indicate that the proposed model has excellent generalizability, which is conducive to extended application 
in clinical practice. We also analyzed the possible reasons for the incorrectly predicted segments and records. First, the 
signals were segmented in 1-min time units, leading to underestimation in very severe OSA patients with True-AHI >60. 
Second, when respiratory events occurred across segments or lasted longer than 1-min, a single respiratory event was 
labeled as more than one “respiratory event” segment, resulting in an overestimation of Pred-AHI. Finally, there was a 
time delay between the onset of a respiratory event and the signal features change, leading to underdiagnosis of 
“respiratory event” segments.

Overall, the main contributions and innovations of our study are as follows: 1) the development of a multiscale 
Transformer model using ECG and SpO2 signals, which is innovative in the design of the multimodal information fusion 
module; 2) the model shows optimal detection performance compared with previous studies; and 3) the construction of a 
larger sample of the hospital dataset and the experimental results of the hospital dataset demonstrate the applicability and 
generalizability of the proposed model.

This study has several limitations. First, this was a single-center study. Patients were from the same region and 
ethnicity, and the racial differences need to be considered, for example, in SpO2 signal acquisition. And the model must 
be verified in various acquisition environments and on data obtained via different devices. Second, patients with 
suspected OSA were enrolled, which may affect the proportion of OSA and its severity levels. Meanwhile, patients 
received only one night sleep test, and the first-night effect is difficult to avoid. Third, compared to the typical PSG, OSA 
detection by ECG and SpO2 signals cannot determine the type of respiratory events and classify sleep stages. Fourth, the 
computational cost of the model is greater than that of simple structural models. Fifty, the accuracy and stability of the 
model need to be evaluated and improved.

In the future, we will improve and apply the model in the following directions. First, a multi-center study will be 
conducted to increase the sample size and the region of the patients. In this process, we need to consider the ethics of 
medical data inclusion and the security of data collection and storage. Second, the model algorithm will be optimized in 
terms of adding more relevant features and reducing computational cost to improve the detection performance. Finally, 
we will design the OSA detection system equipped with the model, focusing on the realistic multi-tasking problem to 
enhance the clinical application value of the model.
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Conclusion
The present study proposed a DL model for OSA detection and severity evaluation according to ECG and SpO2 signals. 
The model achieved excellent detection results on both the hospital and public datasets. This approach provided new 
options for assisting in the diagnosis and grading of OSA.
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