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ABSTRACT

Obstructive sleep apnea (OSA) is a common respiratory condition characterized by respiratory
tract obstruction and breathing disorder. Early detection and treatment of OSA can significantly
reduce morbidity and mortality. OSA is often diagnosed with overnight polysomnography (PSG)
monitoring; however, continuous PSG monitoring is unfeasible as it is costly, time-consuming,
and uncomfortable for patients. To circumvent these issues, we propose an automatic detection
method of OSA events using only data available from easy-to-use wearables: electrocardiogram,
respiratory, and oximetry data. We use data from three sleep studies from the National Sleep Research
Resource (NSRR), the largest public repository, consisting of 10,878 recordings. The developed
method is based on a combination of deep convolutional neural networks and a light-gradient-boos
machine (LightGBM) for classification. On the test data, our model achieved the highest classification
performance in the literature, with an accuracy and F1-score of 91%. Since the trained model is
simple and computationally efficient, we expect that our method can be implemented for automatic
detection of OSA in unsupervised home monitoring systems, reducing costs to healthcare systems,
and improving patient care.
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Obstructive sleep apnea (OSA) is a common sleep-related breathing disorder that affects 6% to 17% of adults, reaching
up to 49% in older populations [1]. OSA is usually marked by pauses in breathing or shallow breathing. This happens
when the soft tissue at the back of the throat collapses and closes at night [2]. Because blockage in the airways slows
breathing, less oxygen is sent from the lungs to the heart and body. The CO2 level in the blood then increases due to
the impaired breathing, leading to episodes of sudden awakening or choking during sleep [3]. During OSA events,
nasal airflow ceases for a short time, but the brain and body fight to keep breathing. OSA has been associated with an
increased risk of heart disease, diabetes, chronic kidney disease, stroke, depression, and cognitive impairment [4]. As
age and the likelihood of having sleep apnea are positively correlated [5], the growing number of patients with OSA is
expected to increase pressure on healthcare systems.

Typically, the diagnosis and detection of OSA are based on polysomnography (PSG) tests conducted in a sleep facility [6].
PSG requires the overnight recording and monitoring of several physiological signals, including electroencephalogram
(EEG), electrocardiogram (ECG), electrooculogram (EOG), chin muscle activity, leg movements, respiratory effort,
nasal airflow, and oxygen saturation (SpO2). Sleep specialists then examine these signals to provide a final diagnosis
of OSA syndrome. PSG is time-consuming, expensive, and inconvenient. As a result, it is expected that more than
85% of people with OSA are not diagnosed [5]. PSG may also not be a suitable alternative to assess the severity of
OSA because patients are tested for only one night in a strange and uncomfortable sleep laboratory [7]. Therefore,
the development of portable, easy-to-use, reliable, and affordable OSA monitoring tools for home care applications is
crucial to improve patient care.
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Table 1: Data description.

Caracteristics MESA MROS SHHS

Total PSG recordings 1516 2780 6584
Male 765 2780 3302

Female 751 0 3281
Age 69.6 (54–94) 78.3 (67–90) 74.4 (56–90)
BMI 28.7 (—) 27.1 (16.4–45.3) 27.7 (18.0–50.0)

Sleep time [min] 360.58 (181–599) 420 (184–739) 376.4 (242.0–473.5)
AHI [per hour] 24.3 (15.2–37.7) 24.0 (0.1–106.0) 22.0 (0.1–117.0)

Ethnicity
White 35.1% 90.0% 85.7%

African 28.1% 3.4% 8.3%
Hispanic 23.7% 2.2% —

Asian 13.1% 3.2% —
Other — 1.2% 6.0%

Data are reported in mean and range (in parenthesis).
Abbreviations: Apnea-Hypopnea Index (AHI), body mass index (BMI).

The automatic detection of OSA, considered the most severe and common type of sleep apnea [8], is a pressing problem
in the literature [9–11]. Such methods can provide an efficient and accurate solution for the challenging, time-consuming
diagnosis of diseases, relieving pressure on the healthcare systems. So far, detection tools for OSA have been based on
supervised learning, which involves analyzing human-crafted features extracted from time and/or frequency domains of
one or more physiological signals. These algorithms require expert knowledge for the design and selection of features to
be extracted, which may still not include the most relevant features (information) for classification from data [12]. The
procedure can be hard, time consuming, and often subject to bias or lack of generalizability [13, 14]. Deep learning, on
the other hand, has shifted data modeling away from “expert-driven” feature engineering toward “data-driven” feature
extraction [11, 15]. Widespread across many applications such as computer vision, natural language processing, and
speech recognition [16, 17], deep learning methods have also been successfully adopted in biomedical applications,
including for the detection of diseases such as atrial fibrillation [18], prediction of ventricular tachycardia [19], oxygen
desaturation index estimation [20], and sleep stage classification [21].

In this paper, we propose a data-driven method for the automatic detection of OSA events from raw physiological
data based on deep learning. Given that OSA affects millions of people worldwide, we expect small unbalanced
datasets not to yield generalizable models. Unlike previous works [9–11], our study uses an extensive multicenter
database containing 10,880 recordings of 8,444 patients belonging to multiple ethnicities and with an average age of
69.9 years, being the first data-driven method to use such an extensive database. The proposed model achieved the
best classification performance available in the literature, even in the absence of certain physiological signals as input
data. Cross-validation on out-of-sample data also shows that our model is highly generalizable, achieving high accuracy
and balance on large external datasets not included during the training process. Given the high performance and small
computational cost of our model, we expect that it could be implemented as part of a home OSA detection system.

Results

Data description. Three different datasets were considered in this work: the Multi-Ethnic Study of Atherosclerosis
(MESA) [22], the Men Study of Osteoporotic Fracture (MrOS) [23], and the Sleep Heart Health Research (SHHS) [24].
These datasets are publicly available from the National Sleep Research Resource for Sleep-Related Studies (NSRR) [25].
In total, 14,370 PSG recordings were considered in our study. The PSG recordings were collected and annotated during
typical PSG evaluations in healthcare facilities (Methods).

We consider only measurement channels that can be easily implemented in a home environment and are accessible
in the three datasets: pulse oximetry (SpO2), electrocardiogram (ECG), thoracic movement (ThorRes), abdominal
movement (AbdoRes), and nasal airflow. Note that, instead of using ECG data as input to our model, we use R-to-R
interval (RRI) data, which is widely available in wearable devices such as smartwatches. The RRI data is inferred
from ECG data by measuring the time difference between heartbeats (from one R peak to the next R peak) using the
Pan-Tompkins algorithm [26, 27]. Moreover, since data were collected from various healthcare facilities using different
sampling frequencies, all channels were resampled to ensure that they were consistent with the maximum sampling
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Figure 1: Pipeline of the proposed method. (a) Data are separated by channels (RRI, SpO2, among others) and
segmented into 60s windows. (b) For each channel, a distinct trained deep CNN extracts features (outputs) from the raw
signal (input). (c) The extracted features are concatenated and fed to a LightGBM that classifies the input data between
normal and OSA events.

frequency. The cubic spline was used as the interpolation method [28]; it is simple to implement and, at the same time,
does not attenuate the higher frequency components of the signal. This procedure allows us to standardize the data to
the same length, which is required to train the neural network.

PSG recordings were included in our study if none of the following exclusion criteria were met: (1) total sleep time for
PSG less than 1.5 hours; (2) poor-quality PSG recordings given by the presence of “unsure” or “noise” labels in more
than a third of the total sleep time; and (3) the absence of one or more channels from the five channels selected for the
study. After applying the exclusion criteria, a total of 10,880 sleep recordings were obtained to develop and evaluate the
proposed method. Table 1 summarizes the databases.

Deep learning-model for the detection of OSA events. We developed a hybrid deep-learning model for the automatic
classification of normal and OSA events from data. The inputs of the model are short segments of time-series data (e.g.,
60s) recorded during the patients’ sleep, which includes the physiological signals available in the considered datasets:
RRI, SpO2, ThorRes, AbdoRes, and/or nasal airflow. The model then classifies whether a given input corresponds to a
normal or an OSA event. Fig. 1 illustrates the method’s pipeline. For each available physiological signal, a distinct deep
convolutional neural network (CNN) is trained to automatically extract global features from the raw 1-dimensional
signals. The extracted features by all CNNs are then combined on a light gradient-boos machine (LightGBM) [29] to
perform the classification between normal and OSA events. The LightGBM yields the probability of a given sample
belonging to the OSA class. The default classification threshold of 0.5 is used to perform the binary classification
betwen OSA and normal samples. See Methods for details on data pre-processing and model training.

We train and assess the proposed method on raw physiological signals to reduce complexity in the design and
implementation of our model and to eliminate the need for human-created features. The performance is assessed via a
10-fold cross-validation strategy, separating data by patient record to avoid data leakage from samples taken from the
same patient. To overcome the bias and inaccuracy associated with classification using imbalanced data between OSA
and normal events, the undersampling approach was used to balance the number of samples from each individual record.
OSA labeled events were sampled every 60s with a 10s overlap. An equal number of normal events are randomly
sampled from the same PSG record, yielding a total of 949,428 balanced samples.

Performance of the hybrid model. The performance of the proposed method in the classification task between normal
and OSA events is evaluated in this section. Results are shown in Fig. 2 assuming that all five physiological signals
are available for training and testing. The area under the receiver operating characteristic curve (AUROC) and the
precision-recall curve (AUPRC) of 0.96 and 0.97, respectively (Fig. 2a,b). This demonstrates that the separation
between OSA and normal events is highly accurate and has robust discriminative power concerning the positive class
(OSA) and the negative class (normal). Fig. 2c shows the confusion matrix of the 10-folds on 949,428 total samples,
containing the number of correct and incorrect predictions made by the model for positive (OSA) and negative (normal)
events. Across all samples, the percentage of false negatives and false positives is under 10%. This indicates that the
method is not perfect, but attains high performance in the classification of both normal and OSA events.
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Figure 2: Performance of the proposed method. (a) Receiver-operator characteristic curve. (b) Precision-recall curve.
(c) Confusion matrix.

Table 2: Comparison of the proposed method with state-of-the-art OSA detection methods using the same databases.

Year Reference Database Records Channels used Classifiers Acc. Sens. Spec. F1-Score

2017 [30] MESA 100 Airflow CNN1D 0.74 0.74 0.74 0.74
2017 [31] SHHS 2,100 AbdoRes+ThorRes LSTM 0.71 0.62 0.80 0.48
2018 [32] MESA 1,507 Airflow CNN2D 0.79 0.79 0.79 0.79
2020 [33] MROS 545 ECG CNN1D-LSTM 0.79 0.77 0.85 0.79
2022 [34] SHHS 8,444 ECG+AbdoRes+ThorRes+Airflow+SpO2 Wavelet decomposition 0.84 0.84 0.85 0.85

2022 Proposed Method All 10,880 RRI+AbdoRes+ThorRes+Airflow+SpO2 Hybrid CNN classifier 0.91 0.90 0.92 0.91

Table 2 compares the performance of our method with previously published methods in OSA detection in the literature
using the same databases and at least 100 records. Our results achieve the highest score in terms of accuracy (91%),
sensitivity (90%), specificity (92%), and F1-score (91%), with a good generalization of the data across the ten-fold
cross-validation (as represented by a small standard deviation of 0.0053, see Table S7). This illustrates that the
designed hybrid deep CNN classifier as well as the extensive dataset (consisting of three large databases) lead to a high
improvement in the performance of our algorithm while keeping its computational complexity and data pre-processing
step reasonably simple.

So far, the performance of the method was evaluated assuming that all measurement channels were available as inputs.
However, we expect that some of the physiological signals may contain features that have a higher contribution in
the classification task than other signals. Moreover, some physiological signals may not be available in a homecare
monitoring application of sleep apnea. Therefore, it is interesting to evaluate the performance of our method for
different combinations of input types (physiological signals). For each combination of input channels, the hybrid model
is trained and tested as previously described.

Fig. 3a shows the performance results for different combinations of input channels. As expected, the best performance
was obtained when all five channels were used in conjunction, and the performance decreases in general as the number
of input channels reduces. Overall, models trained and tested with AbdoRes and/or ThorRes as inputs achieve higher
performance. On the other hand, performance seems to be less dependent on RRI data; the model trained on RRI data
alone was also the one with the smallest performance. The results show that, independently of the number and type of
input channels, our results are balanced. For models trained on two or more input channels, as well as the model trained
on AbdoRes data, performance was consistently higher than in previous publications.

Out-of-distribution performance. To evaluate how generalizable the method’s performance is to out-of-sample data
(that is, data not collected in the same study that was used to train the model), we employ a “leave-one-database-out"
validation. In this validation, all but one database reported in Table 1 are used as training data, while the remaining
one is used to evaluate the quality of the predictions on populations; hence the database used for testing is not used for
training, and vice-versa.

Fig. 3b reports the out-of-distribution performance tested on each one of the available databases. The best performance
was obtained on the MESA and MROS databases when all five channels were used as inputs, achieving an accuracy
(F1-score) of 87.98% (88.62%) and 90.23% (90.84%) for the MESA and MROS database, respectively. Interestingly, in
these cases, the out-of-distribution performance of the trained models achieved better results than previous methods
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Figure 3: (a) Performance metrics of the proposed method for different combinations of input channels (physiological
signals). Performance metrics of previous works in the literature using one of the databases studied in this work are
included for comparison purposes. (b) Performance of the proposed method on out-of-distribution data using the
“leave-one-database-out” methodology. Each plot shows the performance metrics of a model on a given database in
which this database was not included in the training stage (e.g., performance metrics on MESA database are shown for
models trained on MROS and SHHS data only). Performance metrics of previous works trained and tested on the same
database were included for comparison purposes. Tables S1– S4 in Supplementary Material contain the specific values
reported in these plots.

published in the literature that were trained and tested on the same database. For example, the performance of our
model trained using the MROS and SHHS databases achieved better performance on the MESA database than Refs. [30,
32] that were trained on MESA. Such results demonstrate the high generalizability of our model to other types of data
and different populations, especially when the SHHS is incorporated in the training phase (which comprises 60% of
the total number of records across all databases). Results tested on SHHS data without including it in the training
phase achieved relatively lower accuracy and F1-score (ranging between 60% and 85%), whereas testing on MESA and
MROS databases had a higher performance, with an accuracy and F1-score ranging between 80% and 90% for most
combinations of channel inputs.

In general, the more channels available as inputs to the model, the better the (out-of-distribution) performance of our
method (Fig 3). As an exception, however, the best out-of-distribution performance on the SHHS database was obtained
when using a combination of the AbdoRes, ThorRes and SpO2 channels, achieving an accuracy of 81.60% and F1-Score
of 81.60%. In this case, results employing RRI and airflow data as input channels led to poor performance.

Continuous monitoring of sleep apnea. We expect that the developed algorithm can also be implemented for
continuous (real-time) monitoring of sleep apnea events during PSG examinations, or as part of a home OSA detection
system. To simulate a continuous monitoring scenario and investigate the number of true positive and false positive
OSA events given by our detection algorithm, a retrospective analysis is conducted with data previously collected in the
MESA, MROS, and SHHS studies. We evaluate the performance of our OSA detection algorithm when applied to the
full record of a patient sleep (comprising of time-series data of 8.78h, on average). Fig. 4 shows the overall performance
across all patients. As in a real-time monitoring scenario, a moving window is implemented to consecutively sample
short segments of data from the measured physiological signals (Fig. 4a, top), which are then fed to the hybrid model to
perform the classification task of OSA and normal events. The hybrid model outputs the probability of a sampled data
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Figure 4: Continuous monitoring of sleep apnea events. (a) A moving window continuously samples short segments of
time-series data (from all sensor channels) during a sleep study (top) and feeds them to the hybrid model, which outputs
the probability of an OSA event (bottom). (b,c) True-positive-rate and number of false positives per hour as a function
of the classification threshold on the (b) validation set and (c) test set.

belonging to the OSA class, which changes over time depending how far or close a patient is to an OSA event (Fig. 4a,
bottom).

For the performance evaluation, we choose one of the trained models in the ten-fold cross-validation (Table S7),
considering that all input channels are available. To tune the model for this task, we strive to maximize the average ratio
between the true-positive rate and the number of false positives per hour across all records in the validation set. This
procedure is designed as follows. First, for each patient’s record, sequential segments of 60s are sampled consecutively
with time steps of 15s and fed to the hybrid model, which computes the probability of each sample belonging to the
OSA or normal class (Fig. 4a). Second, a parameter search is conducted to find the optimal classification threshold that
maximizes the ratio in the validation set. Fig. 4b shows the true-positive rate and the number of false positives per hour
as a function of the classification threshold. The threshold is set as 0.98, which maximizes the ratio to 0.94.

After selecting the optimal threshold on the validation set, we evaluate the performance of the model on the testing
set for continuous monitoring (Fig. 4c). We obtained an average number of false positives (per hour) of 0.34 and a
true-positive rate of 0.51 across all records. The results are meaningful, considering that the average Apnea-Hypopnea
index (AHI) of the patients is 23.2 events per hour. Fig. 4c shows that there is an inverse trade-off between the
true-positive rate and the number of false positives per hour. This opens up the possibility of tuning the model in a
patient-specific manner, personalizing the choice of threshold according to the severity of AHI for each given patient.

Discussion

In this paper, we introduced a method for detecting OSA events using RRI, respiratory signals, and SpO2 data. We
showed that a deep neural network could be effectively trained using an extensive database to extract relevant features
from raw physiological data. The detection was enhanced by combining it with a LightGBM classifier to obtain
state-of-the-art performance.

We investigated the idea of combining respiratory, RRI, and SpO2 signals rather than using them independently. Our
results suggest that the combination of multiple input sources produced better results than the use of individual sources.
We examine individual performance and ten combinations of these signals, as shown in Table S1. The individual airflow
signal can perform better than the individual RRI and SpO2 signals. However, combining these signals significantly
improved performance.

The classification performance of the model obtained from the four datasets is consistent, as evidenced by a high area
under the receiver operator characteristic curve, as well as the precision and recall curve, with values of 0.96 and 0.97,
respectively, indicating that our model is not biased towards any class. To generate a robust detection method and
prevent overfitting of the model, we employ a 10-fold cross-validation strategy.

The proposed method demonstrated robust generalization as measured by the out of distributions performance. The best
results were obtained when testing on MESA and MROS, with an accuracy of 87.98% and 90.23%, respectively. The
proposed method outperformed previous studies that trained and tested performance in the same databases (Table 2).
When testing on the SHHS, the performance dropped to 81.60%, which can be attributed to the fact that 60% of the
total available records come from this database and were excluded. Therefore, the number of samples for training is
significantly reduced. Despite this, the best results were obtained when only using AbdoRes, ThorRes, and SpO2 were
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used. This performance is still comparable to those obtained in the literature (see Table 2), although the databases were
not used for training.

Table 2 compares the proposed method with other studies conducted using similar databases and more than 100 PSG
recordings. As shown in the table, our proposed method outperformed previous studies. Haidar et al. [30] used a 1D
CNN to classify apnea-hypopnea events from the MESA database; using raw airflow data, they achieved a 74% accuracy
al. [31] used the SHHS data set for the detection of sleep apnea, using LSTM to automatically learn and extract relevant
features, as well as detect possible sleep apnea events from raw physiological respiratory signals, with a 70% accuracy.
McCloskey et al. [32] employed only MESA to perform a multiclass classification (normal, apnea, and hypopnea) and
used a 2D CNN to achieve an accuracy of 77% by examining nasal airflow spectrograms. Banluesombatkul et al. [33]
combined CNN1D and LSTM to detect extremely severe OSA patients in normal subjects using ECGs from the MrOS
dataset. They achieved a 79% accuracy rate. Sharma et al. [34] used the SHHS dataset to detect OSA events. They
trained a GentleBoost using features of the frequency domain of pulse oximetry (SpO2) and respiratory data. Obtaining
a 70% accuracy.

The proposed method outperformed the previous state-of-the-art method that used the same physiological signals by
8.3% and is the first of its type to consider a large multicenter cohort. Furthermore, our method is simpler than others
because we only used raw physiological data to detect OSA events, which requires minimal complexity. As a result, it
could be used as part of a home sleep monitoring system and perform continous monitoring in real-time.

The fact that the data used in this study were collected from controlled sleep laboratories is one of the study’s weaknesses;
in the future, similar research should be performed from the data collected in home settings.

Methods

Data specification. The databases are available in European Data Format (EDF) [35] and XML files that have been
annotated for each sleep stage using the Rechtschaffen & Kales (R&K) criteria [36]. The XML file includes annotations
for every 30-second sample of sleep stages and instances of sleep problems. Databases are summarized as follows.

1. The MrOS Sleep Study: MrOS is a substudy of the Men Study of Osteoporotic Fractures. Between 2000 and
2002, a baseline evaluation was performed on 594 elderly men 65 years of age or older taken from six clinical
institutions. Between December 2003 and March 2005, a total of 3,135 of these participants were subjected to
complete unattended polysomnography and 3 to 5-day actigraphy tests as part of the sleep study. The purpose
of the Sleep Study was to determine the extent to which sleep disorders are linked to adverse health outcomes,
such as the increased risk of death, fractures, falls, and cardiovascular disease.

2. The MESA Sleep Study: The Multi-Ethnic Study of Atherosclerosis (MESA) is a collaborative 6-center
longitudinal investigation of factors associated with the development and progression of subclinical to clinical
cardiovascular disease in 6,814 black, white, Hispanic, and Chinese American men and women aged 45 to 84
years in 2000-2002. The participants were all between the ages of 45 and 84 at the time of the study. Four
follow-up examinations have been performed, one each in the years 2003–2004, 2004–2005, 2005–2007, and
2010–2011. Furthermore, 227 people participated in a Sleep Exam conducted by MESA Sleep between 2010
and 2012. This exam included an unattended overnight polysomnogram, wrist-worn actigraphy for seven days,
and a sleep questionnaire. The sleep study aims to determine whether there is a correlation between subclinical
atherosclerosis and sex, ethnicity, or other demographic differences in sleep and sleep disorders.

3. The SHHS Sleep Study: The Sleep Heart Health Study is a multicenter cohort study conducted by the National
Institute of Heart, Lung, and Blood. The purpose of the study was to investigate the effects of sleep-disordered
breathing on the cardiovascular system and also on other aspects of a person’s health and to determine whether
breathing problems that occur during sleep are related to an increased risk of coronary heart disease, stroke,
death from all causes, and hypertension. Between November 1995, and January 1998, SHHS Visit 1 research
focused on participants who were at least 40 years old and included 6,441 men and women. A second
polysomnogram, known as SHHS Visit 2, was performed on 3,295 participants during the third exam cycle
(January 2001 to June 2003).

Data pre-processing and model training. First, data is split by measurement channel (RRI, SpO2, etc) and segmented
into 60s windows of “normal” and “OSA” events. Data windows correspond to the same time instance across all
channels (Fig. 1a). Second, all signals are standardized and normalized by calculating their z-scores and applying
min-max normalization to eliminate the bias of mean and variance of the raw one-dimensional signal and speed up
training [37]. Normalized samples of 60s from each channel are then fed in parallel into distinct deep CNNs. Each
DNN is independently trained on a specific channel and then used for automatic feature extraction (Fig. 1b). Once the
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networks have been trained, features are extracted and concatenated to integrate information from different physiological
biomarkers. This is achieved by using the concatenated features to train a LightGBM classifier for binary classification
between normal and OSA events (Fig. 1c).

Neural network architecture and training. The CNNs were trained and cross-validated in 949,428 samples from
10,880 PSG recordings. We use the EfficientNetV2 architecture, a deep CNN with 479 layers developed by Google in
2021 [38]. It is a modified and optimized version of EfficientNet [39], a popular image classification algorithm that won
the ImageNet 2019 competition [40]. The architecture used in this paper has been modified to handle unidimensional
data and perform binary classification. Each CNN was independently trained using raw unidimensional physiological
data from pulse oximetry (SpO2), electrocardiogram (ECG), thoracic movement (ThorRes), abdominal movement
(AbdoRes), or airflow. Categorical cross-entropy was used as the loss function, ADAM as the optimizer [41], and
stochastic gradient descent as the objective function optimizer [42]. If the validation loss did not decrease after eight
consecutive epochs, the training was terminated. Once the networks were trained, the final layer was removed, and the
last global average pooling layer is used to yield 1,280 features from each data channel.

Feature classifier. After the neural networks are trained, and features are extracted, the next step is to concatenate
the features extracted by all CNNs and use them for training a LightGBM classifier. In contrast to a large number of
other well-known algorithms, such as XGBoost [43] and GBDT [44], LightGBM employs the classification algorithm
for growing trees in a leaf-wise manner rather than in a depth-wise manner. The leaf-wise algorithm can converge
significantly more quickly than the depth-wise growth method, although its growth can be subject to overfitting if the
appropriate hyperparameters are not used [29]. We use a random search method within a specified set of parameters to
optimize the training and performance of the LightGBM. This allows a fixed number of parameters from a particular
distribution to be sampled instead of testing all the values of potential parameters [45].

Models comparison. We compared the performance of the proposed method with two other CNN architectures that
serve as a benchmark, the LSTM and Resnet [46], which are commonly used for classification tasks related to the
detection of apnea and hypopnea events [11]. The EfficientNet architecture outperformed Resnet and LSTM by 10% and
28%, respectively (Table S8). We also compared the performance of various classifiers on the automatically extracted
features by EfficientNet. The LightGBM classifier achieved the best performance, with a 15% improvement compared
to a logistic regression (Table S9). Furthermore, we compared the influence on the model performance for time-series
windows with different lengths (ranging from 10s to 120s, see Table S6). A small window, such as 10 seconds, resulted
in poor performance and could lead to information loss [47]. The performance did not improve when the window length
increased from 60 to 120 seconds. Therefore, we fixed the window length to 60 seconds, a value commonly used in the
literature [9–11]. Finally, we also evaluated the performance of a single neural network model with multiple sensor
inputs, instead of multiple neural networks with a single sensor input each as in the proposed pipeline. Table S5 shows
the performance metrics of this model for different combinations of sensor inputs. Performance decreased by 5.5%
when using the five channels and 4.3% for the four channels.

Performance metrics. The performance of the models was evaluated based on the following metrics. Let true positive
(TP) represent the number of OSA events that are accurately predicted. True negative (TN) represents the number
of normal events that are accurately predicted. False negative (FN) represents the number of OSA events incorrectly
predicted as normal events, and false positive (FP) represents the number of normal events incorrectly predicted as
OSA events. The accuracy of the model is given by (TP+TN)/(TP+TN+FP+FN), indicating the probability of
correctly identifying OSA and normal events; the sensitivity is given by TP/(TP + FN), indicating the probability
of identifying OSA events; the specificity is given by TN/(TN + FP), indicating the probability of detecting OSA
events, the precision is given by TP/(TP+FP), indicating the ratio of patients undergoing OSA among all OSA cases;
and the F1-score 2(precision× sensitivity)/(precision + sensitivity), indicating the harmonic mean of precision and
sensitivity.
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Table S1: Performance of the proposed method on all databases.

Channels Accuracy Sensitivity Specificity Precision f1-Score

RRI+AbdoRes+ThorRes+Airflow+SpO2 0.9113 0.8999 0.9235 0.9257 0.9126
AbdoRes+ThorRes+Airflow+SpO2 0.9104 0.8990 0.9225 0.9247 0.9117
RRI+AbdoRes+ThorRes+Airflow 0.9059 0.8949 0.9174 0.9197 0.9071
RRI+AbdoRes+ThorRes+SpO2 0.8858 0.8746 0.8977 0.9008 0.8875

RRI+AbdoRes+ThorRes 0.8716 0.8625 0.8812 0.8842 0.8732
AbdoRes+ThorRes+SpO2 0.8841 0.8729 0.8959 0.8990 0.8858

AbdoRes+SpO2 0.8769 0.8681 0.8862 0.8889 0.8784
ThorRes+SpO2 0.8586 0.8511 0.8664 0.8692 0.8586

AbdoRes+ThorRes 0.8657 0.8568 0.8750 0.8781 0.8673
RRI +SpO2 0.8221 0.8196 0.8247 0.8260 0.8228

SpO2 0.8096 0.8087 0.8105 0.8110 0.8099
Airflow 0.8792 0.8685 0.8904 0.8936 0.8809
ThorRes 0.8131 0.8060 0.8206 0.8248 0.8153
AbdoRes 0.8463 0.8430 0.8497 0.8511 0.8470

RRI 0.6657 0.6692 0.6624 0.6554 0.6623
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Table S2: Performance of the proposed method on the MESA database.

Channels Accuracy Sensitivity Specificity Precision f1-Score

RRI+AbdoRes+ThorRes+Airflow+SpO2 0.8798 0.8414 0.9280 0.9361 0.8862
AbdoRes+ThorRes+Airflow+SpO2 0.8766 0.8405 0.9214 0.9297 0.8828
RRI+AbdoRes+ThorRes+Airflow 0.8732 0.8363 0.9191 0.9280 0.8798
RRI+AbdoRes+ThorRes+SpO2 0.8537 0.8236 0.8900 0.9003 0.8602

RRI+AbdoRes+ThorRes 0.8516 0.8375 0.8670 0.8725 0.8546
AbdoRes+ThorRes+SpO2 0.8446 0.8141 0.8817 0.8932 0.8518

AbdoRes+SpO2 0.8497 0.8101 0.9009 0.9135 0.8587
ThorRes+SpO2 0.8236 0.7976 0.8547 0.8674 0.8310

AbdoRes+ThorRes 0.8468 0.8408 0.8531 0.8557 0.8482
RRI +SpO2 0.8516 0.8375 0.8670 0.8725 0.8546

SpO2 0.8148 0.7865 0.8493 0.8641 0.8235
Airflow 0.8424 0.7815 0.9371 0.9507 0.8578
ThorRes 0.7827 0.7850 0.7806 0.7788 0.7819
AbdoRes 0.8355 0.8139 0.8602 0.8698 0.8409

RRI 0.6892 0.6717 0.7107 0.7403 0.7043

Table S3: Performance of the proposed method on the MROS database.

Channels Accuracy Sensitivity Specificity Precision f1-Score

RRI+AbdoRes+ThorRes+Airflow+SpO2 0.9023 0.8552 0.9638 0.9686 0.9084
AbdoRes+ThorRes+Airflow+SpO2 0.9018 0.8546 0.9637 0.9685 0.9080
RRI+AbdoRes+ThorRes+Airflow 0.8934 0.8433 0.9605 0.9662 0.9006
RRI+AbdoRes+ThorRes+SpO2 0.8866 0.8393 0.9493 0.9564 0.8940

RRI+AbdoRes+ThorRes 0.7128 0.8149 0.6187 0.6633 0.7313
AbdoRes+ThorRes+SpO2 0.8854 0.8365 0.9508 0.9579 0.8931

AbdoRes+SpO2 0.8776 0.8284 0.9442 0.9526 0.8862
ThorRes+SpO2 0.8628 0.8169 0.9242 0.9352 0.8721

AbdoRes+ThorRes 0.8649 0.8090 0.9454 0.9553 0.8761
RRI +SpO2 0.8239 0.7844 0.8762 0.8934 0.8354

SpO2 0.8161 0.7815 0.8603 0.8775 0.8267
Airflow 0.8517 0.8189 0.8921 0.9032 0.8590
ThorRes 0.8129 0.7623 0.8876 0.9092 0.8293
AbdoRes 0.8487 0.7925 0.9316 0.9447 0.8619

RRI 0.6555 0.6542 0.6568 0.6596 0.6569
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Table S4: Performance of the proposed method on the SHHS database.

Channels Accuracy Sensitivity Specificity Precision f1-Score

RRI+AbdoRes+ThorRes+Airflow+SpO2 0.7690 0.9301 0.6957 0.5817 0.7158
AbdoRes+ThorRes+Airflow+SpO2 0.7678 0.9266 0.6952 0.5817 0.7147
RRI+AbdoRes+ThorRes+Airflow 0.7594 0.9248 0.6867 0.5647 0.7012
RRI+AbdoRes+ThorRes+SpO2 0.8178 0.8790 0.7736 0.7371 0.8018

RRI+AbdoRes+ThorRes 0.7983 0.8521 0.7587 0.7218 0.7816
AbdoRes+ThorRes+SpO2 0.8160 0.8754 0.7728 0.7369 0.8002

AbdoRes+SpO2 0.8063 0.8749 0.7589 0.7148 0.7868
ThorRes+SpO2 0.7997 0.8402 0.7679 0.7402 0.7871

AbdoRes+ThorRes 0.7944 0.8453 0.7565 0.7206 0.7780
RRI +SpO2 0.7848 0.8252 0.7533 0.7226 0.7705

SpO2 0.8302 0.9262 0.7694 0.7175 0.8086
Airflow 0.7257 0.8990 0.6574 0.5086 0.6496
ThorRes 0.7466 0.7794 0.7206 0.6878 0.7307
AbdoRes 0.7767 0.8391 0.7337 0.6847 0.7541

RRI 0.6416 0.6561 0.6296 0.5952 0.6242

Table S5: Performance of a single neural network model with multiple input channels.

Channels Accuracy Sensitivity Specificity Precision f1-Score

RRI+AbdoRes+ThorRes+Airflow+SpO2 0.8607 0.8493 0.8728 0.8770 0.8629
RRI+AbdoRes+ThorRes+Airflow 0.8715 0.8603 0.8834 0.8870 0.8735

AbdoRes+ThorRes+SpO2 0.8392 0.8342 0.8444 0.8467 0.8404
RRI+AbdoRes+ThorRes 0.8428 0.8380 0.8478 0.8500 0.8428

AbdoRes+ThorRes 0.8513 0.8413 0.8620 0.8661 0.8535
RRI +SpO2 0.6974 0.8071 0.6455 0.5189 0.6317

Table S6: Performance for different lengths of the sampling window.

Length (seconds) Accuracy

10 0.82
20 0.89
30 0.90
60 0.91

120 0.91

Table S7: 10-fold cross-validation accuracy on the testing sets after training the EfficientNetV2 and the Light Gradient
Boosting Machine using all channels.

Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 Model 7 Model 8 Model 9 Model 10 Average

0.91 0.91 0.91 0.90 0.91 0.90 0.90 0.91 0.90 0.90 0.91

Table S8: Performance for different network architectures.

Model Accuracy

LSTM 0.71
1D Resnet 0.82

1D EfficientNetV2 0.91
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Table S9: Performance for different classifiers.

Model Accuracy

Logistic regression 0.79
Support vector machine 0.80

XGBoost 0.81
Random forest 0.90

Light Gradient Boosting Machine 0.91
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