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ABSTRACT Background: Sleep apnea is a common sleep-related breathing disorder associated with
substantial cardiovascular and metabolic risk. Although overnight polysomnography remains the reference
standard for diagnosis, its complexity and cost limit its suitability for long-term preventive monitoring at
home. Inwearable systems, arterial blood oxygen saturation is commonly used as themain predictor, whereas
additional morphological features of the photoplethysmographic pulse wave are usually underexplored.
Objective: This study proposes a novel apnea burden prediction-based framework for sleep apnea severity
assessment and investigates the influence of photoplethysmographic features on model performance
and out-of-distribution generalization. Methods: The proposed framework first predicts apnea burden
as a continuous measure, which is subsequently converted into the clinically relevant apnea-hypopnea
index for subject-level classification into four severity groups in both in-distribution and out-of-
distribution data. Three artificial neural network architectures were evaluated, and the performance metrics
were averaged over five independent runs with different fixed random seeds. Results: During out-of-
distribution testing, the combination of photoplethysmographic features and arterial blood oxygen saturation
led to increases of approximately 15.72% in macro-sensitivity, 9.22% in macro-accuracy, 16.01% in
macro-F1-score, 11.08% in Cohen’s kappa, and 13.22% in Matthews correlation coefficient, compared with
using arterial blood oxygen saturation alone. The low-complexity convolutional-recurrent models achieved
the highest overall performance. Conclusion: The results indicated that the proposed apnea burden-guided
framework, combined with photoplethysmographic features and arterial blood oxygen saturation, improves
sleep apnea characterization while showing encouraging out-of-distribution performance on an independent
external dataset.Moreover, simpler hybrid architectures demonstrated strong potential for robust home-based
preventive monitoring.

INDEX TERMS Apnea burden, apnea-hypopnea index, arterial blood oxygen saturation, convolutional-
recurrent networks, home-based preventive monitoring, out-of-distribution generalization, photoplethysmo-
graphic features, sleep apnea characterization.

I. INTRODUCTION
Sleep apnea is a common sleep-related breathing disorder
characterized by recurrent episodes of partial or complete
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upper airway obstruction during sleep, leading to intermittent
hypoxia, sleep fragmentation, daytime sleepiness, and
increased cardiovascular risk [1], [2], [3], [4]. Epidemi-
ological studies indicate that a substantial proportion of
the adult population is affected (from 3% to 28%), with
prevalence increasing due to aging and obesity [5], [6].
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The ‘‘gold standard’’ for sleep apnea diagnosis is
polysomnography (PSG), a comprehensive overnight
examination that records multiple physiological signals,
including respiratory airflow, electrocardiography (ECG),
electroencephalography (EEG), and arterial blood oxygen
saturation (SpO2). During a PSG test, sleep apnea severity
is clinically quantified using the apnea-hypopnea index
(AHI), defined as the average number of apnea (complete
cessation) and hypopnea (partial reduction in airflow) events
lasting ≥ 10 s per hour of sleep, associated with ≥3%
oxygen desaturation [7], [8]. According to [8], sleep apnea
is classified into four categories: normal (AHI < 5), mild
(5 ≤ AHI < 15), moderate (15 ≤ AHI < 30), and severe
(AHI ≥ 30). Despite the high diagnostic accuracy of PSG
in estimating the AHI, it remains costly, complex, and
impractical for long-term monitoring in home environments.

To overcome these limitations, wearable-based approaches
using photoplethysmography (PPG), which reflects periph-
eral blood volume variations, and SpO2 have gained
increasing attention [9], [10], [11]. In current practice,
SpO2, derived from dual-wavelength PPG signals (typically
red and infrared), is the most commonly used predictor
for sleep apnea characterization in wearable devices designed
for home-based preventive monitoring. In some cases,
heart/pulse rate, derived from a single channel PPG,
is also considered as an additional feature. However, the
morphological characteristics of the PPG waveform are
typically not exploited, and the valuable physiological
information contained in pulse wave dynamics remains
largely underutilized. Figure 1 illustrates typical changes
in respiratory airflow, PPG signal, SpO2, and heart rate
during apnea/hypopnea episodes, highlighting that sleep
apnea affects multiple physiological factors beyond oxygen
desaturation alone. Due to reduced airflow, SpO2 decreases,
whereas heart rate typically exhibits a transient reduction
during respiratory events, followed by a sudden post-event
increase as part of the arousal response, resulting in a
U-shaped pattern.

Early studies have demonstrated that PPG signals contain
relevant patterns related to cardiovascular and autonomic
responses to apnea events, including pulse rate variability and
amplitude modulation [12], [13], [14], [15] (see Figure 1b).
For instance, a study [13] employed a combination of
PPG and SpO2 signals for sleep apnea event detection,
showing promising capability to distinguish between cen-
tral and obstructive apnea types, as well as apnea and
hypopnea events. Their findings suggest that incorporating
PPG-derived features enhances sleep apnea severity assess-
ment beyond conventional SpO2-based detectors.

Recent advances in deep learning have significantly
improved the analysis of physiological signals by enabling
automatic extraction of complex temporal patterns [16],
[17], [18]. Artificial neural networks, including convolutional
and recurrent architectures, have been successfully applied
to sleep apnea detection using pulse rate and SpO2 time
series [19], [20]. In particular, hybrid convolutional-recurrent

models have demonstrated strong capability in learning
both local and long-term temporal features. For instance,
the DeepSleepNet model was proposed for automatic sleep
stage scoring based on raw single-channel EEG [21],
and the ApneaNet architecture was introduced to detect
obstructive sleep apnea using ECG signal analysis [22]. More
recent works have explored advanced architectures, including
transformer-basedmodels [23], [24], [25], [26] for processing
EEG, ECG or SpO2 raw signals.

However, a critical limitation of most proposed home-
oriented approaches based on PPG is their reliance on SpO2
as the primary predictor of sleep apnea [26], [27], [28],
[29], [30], [31], while overlooking pulse wave morphological
features. This may limit the ability to capture more subtle
physiological changes in PPG morphology and reduce gen-
eralizability when applied to data from different distributions
as studies [13], [26], [27], [29] performed with only one
dataset. In this context, in-distribution (ID) data refers to
samples drawn from the same distribution as the training
data, whereas out-of-distribution (OOD) data corresponds
to samples originating from different populations, devices,
or acquisition conditions. Models often perform well on
ID data but exhibit performance degradation on OOD
datasets. Recent studies have highlighted the importance of
addressing this issue. For example, the solely PPG-based
ApSense study emphasized the need for multi-dataset vali-
dation [32], whereas the SleepPPG-Net2 explicitly addressed
cross-dataset generalization for sleep staging from raw PPG
time series [33].

In this study, we hypothesize that combining PPG pulse
wave features with SpO2 in artificial neural networks
improves classification accuracy and enhances OOD gen-
eralization. In addition, we propose a couple of novel and
underexplored features for sleep apnea assessment. There-
fore, this work investigates the influence of PPG-derived
features on model performance under distributional shifts.
We employ a novel sleep apnea burden (AB) prediction
framework and compare three network architectures of
varying complexity with different predictor combinations.
The AB metric is defined as the proportion of time
affected by respiratory events, thus providing a continuous
representation of disease severity. While AHI is widely used
in clinical practice, AB offers a complementary perspective
by capturing the temporal extent of respiratory disturbances.
Our proposed approach enables continuous estimation of AB,
which is subsequently transformed into the clinically relevant
AHI metric, allowing subject-level severity classification,
consistent with clinical practice.

The main contributions of this study are summarized as
follows:

1) A model-agnostic AB regression-based framework is
proposed for sleep apnea severity assessment using
PPG-derived features and SpO2.

2) The contribution of different PPG feature combina-
tions, including the novel and underexplored features,
is systematically evaluated.
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FIGURE 1. The changes of signals during obstructive sleep apnea–OSA (complete cessation) and hypopnea (partial reduction in
airflow) episodes: (a) respiratory airflow, (b) finger PPG signal, (c) arterial blood oxygen saturation, SpO2, and heart rate, HR.

3) The proposed framework is assessed under both ID
and OOD scenarios using three representative deep
learning architectures.

4) The potential advantages of regression-based sleep
apnea characterization over conventional classification-
based approaches are discussed.

The remainder of this paper is organized as follows.
Section II presents the materials and methods, including the
dataset description, data partitioning and preprocessing, PPG
feature extraction, and the investigated model architectures.
Section III reports the experimental results, including param-
eter settings, performance of different model architectures,
and comparison of predictor combinations. Section IV
discusses the main findings, highlighting the novelty of the
proposed method, the impact of model architectures and
features, as well as limitations of the study and directions
for future work. Finally, Section V concludes the obtained
results.

II. MATERIALS AND METHODS
This section describes the datasets used and the research
workflow for the proposed AB-guided sleep apnea severity
assessment framework. The proposed research workflow
consists of (see Figure 2): (i) signal preprocessing, (ii) predic-
tor preparation, (iii) model training, (iv) severity assessment,
and (v) performance evaluation. A pseudocode of the
proposed AB-guided framework is provided in Algorithm 1.

A. DATASET DESCRIPTION
1) MESA DATA
In this work, the Multi-Ethnic Study of Atherosclerosis
(MESA) dataset [34] was used for model training, validation,
and ID testing. The MESA sleep study comprises data
from 2055 subjects (53.63% female), aged between 54 and

FIGURE 2. The proposed workflow for the AB-guided framework used to
process PPG and SpO2 time series for sleep apnea severity assessment.
PPGf corresponds to five pulse wave features, whereas E(Tp) is a new
proposed higher-level feature.

95 years. Participants included in the study had not used
treatments for sleep apnea, such as continuous positive airway
pressure or oxygen devices, for more than amonth prior to the
study, or only used it less than once a week.
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Algorithm 1 Pseudocode of the Proposed AB-Guided
Framework
Require: M test subjects; Nj segments for subject j

Segmented predictor sequences: Xtr, Xval, Xtest
Reference segment-level AB values: Ytr, Yval, Ytest
Training data-derived mean event duration Dmean
Reference severity class cj

Ensure: Predicted subject-level ÂBj
Estimated apnea-hypopnea index ÂHI j
Predicted severity class ĉj

1: Estimate the feature-wise z-score normalization param-
eters µtr and σ tr from Xtr

2: Standardize all subsets (Xtr,Xval,Xtest) usingµtr and σ tr
values

3: Initialize the selected model architecture network fθ
4: Train fθ using Xtr and Ytr
5: Select the model parameters θ∗ according to the

validation loss using Xval and Yval
6: for j = 1 toM do
7: for s = 1 to Nj do
8: ÂBj,s← fθ∗

(
X j,s
test

)
9: end for

10: ÂBj← Aggregate
(
ÂBj,1, . . . , ÂBj,Nj

)
11: ÂHI j ← Convert

(
ÂBj,Dmean

)
according to Equa-

tion II-E
12: ĉj← Classify

(
ÂHI j

)
13: end for
14: return

{
ÂBj, ÂHI j, ĉj

}M
j=1

15: Evaluate differences between cj and ĉj

The overnight PSG recordings obtained at home include
PPG and SpO2 time series. The sampling rate of PPG signals
is 256 Hz, whereas SpO2 is sampled at 1 Hz. Time labels and
durations of apnea and hypopnea episodes in the respiratory
flow signal were annotated by trained technicians. Due to
potential PPG signal quality issues, we included only the
276 subjects whose PSG studies are labeled with the highest
quality grade of 7, as in [32].

For the MESA dataset, the PSG study quality grades
and corresponding AHI values were obtained from the
mesa-sleep-dataset-0.4.0.csv file, specifically
from the overall5 and ahi-a0h3a columns, respec-
tively. While the AB labels for each subject were computed
based on the annotated apnea/hypopnea event onset time and
durations provided in the corresponding XML files.

The MESA dataset has already been used in the following
recent studies [32], [35], [36], [37].

2) OSASUD DATA
To assess OOD generalization, we tested models on the
open-access Obstructive Sleep Apnea Stroke Unit Dataset
(OSASUD) [38]. This PSG dataset involves 30 after-
stroke patients (36.67% female) admitted due to suspected
cerebrovascular events, such as ischemic and hemorrhagic

stroke, or transient ischemic attack. Patients aged <18 years,
those unable to comply with standard requirements for
PSG monitoring, individuals with severe aphasia impacting
understanding or consent, and those at high risk of alcohol
or drug withdrawal syndrome were not included. Notably,
conditions such as obesity, diabetesmellitus, atrial fibrillation
and other cardiac diseases did not serve as exclusion criteria.

The dataset includes PSG signals such as finger PPG and
SpO2. The sampling rate of PPG signals is 80 Hz, whereas
SpO2 time series are sampled at 1 Hz. In addition, SpO2
values <50% or >100% were identified as artifacts and
marked as null.

The OSASUD data were annotated by a trained sleep
medicine physician based on the sleep scoring guidelines
established by the American Academy of Sleep Medicine,
identifying occurrences of central, obstructive, mixed apnea,
and hypopnea events (1 s granularity).

For the OSASUD dataset, the AHI labels were obtained
from the original study [38]. Meanwhile, the AB values were
computed based on the annotated apnea and hypopnea events
with a temporal resolution of 1 s.

The OSASUD dataset has already been used in the
following recent studies [26], [39], [40], [41]. A comparison
of the two datasets used is provided in Table 1.

B. DATASET PARTITIONING AND PREPROCESSING
This study included a total of 306 subjects, consisting of
276 individuals from the MESA cohort and 30 patients from
the OSASUD cohort. The MESA dataset was used for model
training and ID evaluation, and partitioned into training
(216 subjects), validation (30 subjects), and ID testing
(30 subjects) subsets. The OSASUD dataset, containing
30 subjects from a clinically distinct population, was utilized
for OOD evaluation to assess model robustness under domain
shift.

The distributions of AHI values in prepared training,
validation, ID testing, and OOD testing data are provided
in Figure 3. As shown in Figure 3b, the ID testing data
is dominated by mild apnea cases, followed by severe,
moderate, and no apnea cases. In contrast, the OOD testing
data exhibits a higher proportion of severe apnea cases,
whereas moderate apnea represents the smallest group.

In this study, the PPG signals were preprocessed using
a zero-phase, fourth-order Butterworth band-pass filter
(0.4–9 Hz) to mitigate noise and enhance fiducial point
detection. These PPG signals were then resampled to
fs = 32 Hz using a low-pass finite impulse response
filter to prevent aliasing. This sampling rate is sufficient
to capture relevant cardiovascular dynamics [42] and PPG
morphology changes while reducing computational load.
In addition, our experiments have shown that the PPG
sampling frequency, provided that the Nyquist criterion
(fmax ≤ fs/2, where fmax ≈ 9–10 Hz) is satisfied, does not
have a significant impact on the performance of PPG feature-
based models. To mitigate amplitude-related distributional
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TABLE 1. Differences between MESA and OSASUD datasets. PSG–polysomnography, ECG–electrocardiography, EEG–electroencephalography,
EOG–electrooculography, EMG–electromyography.

FIGURE 3. The distributions of AHI across dataset splits: (a) boxplots of
AHI values for training, validation, ID test, and OOD test sets; (b) class
distributions of subjects according to sleep apnea severity levels (no
apnea, mild, moderate, and severe).

differences between datasets, overnight PPG recordings
from each subject were independently standardized using
root-mean-square (RMS) normalization prior to feature
extraction.

C. MODEL PREDICTORS AND SEGMENTATION
To calculate the PPG-derived features, PPG peaks and onset
points were identified using an automatic beat detection
algorithm proposed in [43]. We extracted five pulse wave
features (see Figure 4) and one proposed higher-level feature
(see Figure 5):

1) pulse wave interval, Tp;
2) peak-to-peak amplitude, App;
3) systolic time, ST ;
4) diastolic time, DT ;
5) maximum slope of PPG, Smax ;
6) mean envelope of pulse wave interval, E(Tp).
The listed features were inspired by previous studies [12],

[14], [32]. To evaluate the contribution of PPG-derived fea-
tures, three different input combinations were investigated:
(i) SpO2 combined with all six PPG features, including the
proposed mean envelope feature E(Tp), (ii) SpO2 combined
with five PPG pulse wave features (Tp, ST , DT , App, Smax),
and (iii) SpO2 only.

FIGURE 4. PPG pulse wave feature delineation: pulse wave interval, Tp,
systolic time, ST , diastolic time, DT , peak-to-peak amplitude, App, and
maximum slope of PPG, Smax , calculated from the first derivative of PPG
signal, VPG (velocity photoplethysmogram).

These feature sequences were resampled to 1 Hz and
then smoothed with a fifth-order moving-average filter.
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FIGURE 5. The example of the proposed PPG feature, the mean envelope
of pulse wave interval time series, E(Tp), with marked apnea episodes.

The typical variability of PPG feature sequences and SpO2
during sleep apnea episodes is illustrated in Figure 6.

Furthermore, we assume that the maximum slope of PPG,
Smax , defined as the maximum value of its first derivative,
may provide complementary information for evaluating
respiratory disturbances. This feature reflects the maximum
rate of blood volume changes during the systolic upstroke
and may capture hemodynamic variations influenced by
autonomic nervous system activity associated with sleep
apnea. To the best of our knowledge, Smax has not been
previously explored in this context, and it is therefore
investigated in this study.

This study also proposes a novel PPG feature, the mean
envelope of the pulse wave interval time series, E(Tp),
defined as the average of the upper and lower envelopes
of the sequence within a 1-minute epoch (see Figure 5).
The upper u(Tp) and lower l(Tp) envelopes are obtained by
identifying local maxima and minima of the Tp sequence
and interpolating between these extrema. Specifically, a peak-
based method is used, where the envelopes are constructed
from the detected peaks and troughs using a shape-preserving
spline interpolation scheme.

The mean envelope is then computed as:

E(Tp) =
u(Tp)+ l(Tp)

2
. (1)

The mean envelope of the PPG pulse-to-pulse interval,
E(Tp), reflects low-frequency, slowly varying autonomic
modulation of heart rate. Because pulse-to-pulse intervals
shorten after apnea-induced sympathetic activation with a
characteristic delay during arousal and lengthen during
recovery (see Figure 6d), this proposed feature captures the
minute-scale cardiovascular response to sleep apnea events
and overall autonomic balance.

The analyzed six PPG features and SpO2 were divided
into 5-minute segments. Each feature was then separately
standardized according to the mean and standard deviation
of the training data. We opted for a trade-off 5-minute

segmentation because 1-minute and smaller windows are
likely too short to capture meaningful associations among
PPG-derived features and SpO2 changes during sleep apnea
events. While using much longer segments increases the
computational load during model training.

D. MODEL ARCHITECTURES
Three artificial neural network architectures were investi-
gated to evaluate different strategies for capturing temporal
dependencies in PPG-derived features and SpO2 signals
for AB prediction, and to assess the influence of model
complexity on performance and generalization. The selected
architectures represent different modeling paradigms: hybrid
convolutional-recurrent models, namely 2CNN-GRU and
2CNN-2LSTM, with two sequential convolutional layers,
followed by gated recurrent unit (GRU) and two stacked long
short-termmemory (LSTM) layers, respectively, and a purely
convolutional multi-scale model (parallel CNNs).

1) 2CNN-GRU ARCHITECTURE
The proposed 2CNN-GRU architecture combines convo-
lutional feature extraction with gated recurrent temporal
modeling (see Figure 7a). Convolutional layers capture local
patterns within short segments of the input features, whereas
the GRU layer models temporal dependencies by learning
how these patterns evolve over time in a computationally
efficient manner. Compared to LSTM-based models, GRU
offers reduced complexity and faster training, which is
advantageous for home-based monitoring applications. This
architecture was designed to provide a balance between
performance and model simplicity.

2) 2CNN-2LSTM ARCHITECTURE
The 2CNN-2LSTM architecture follows a commonly used
hybrid approach that integrates convolutional feature extrac-
tion with stacked LSTM layers for modeling long-range
temporal dependencies (see Figure 7b). This type of archi-
tecture has been widely applied in physiological signal
analysis and is inspired by previously proposed frameworks
for PPG-based blood pressure and heart rate estimation [44].
It serves as a reference model to evaluate the impact of
capturing more complex sequential dependencies compared
to the proposed GRU-based architecture.

3) PARALLEL CNNs ARCHITECTURE
The parallel CNNs architecture is an Inception-inspired one-
dimensional convolutional model (see Figure 7c) designed
to capture multi-scale temporal features through parallel
processing paths [45]. By extracting features at multiple
temporal resolutions simultaneously, this architecture is
particularly suitable for physiological signals, where relevant
patterns may occur at different time scales. This model
was included to assess whether convolutional multi-scale
representations can compete with hybrid convolutional-
recurrent approaches.
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FIGURE 6. The changes of PPG feature sequences and SpO2 during apnea events: (a) respiratory airflow with marked apnea
episodes, (b) PPG signal, (c) SpO2, (d) pulse wave interval, Tp, (e) peak-to-peak amplitude, App, (f) systolic time, ST ,
(g) diastolic time, DT , and (h) maximum slope of PPG, Smax .

4) PARAMETER SETTINGS
The architectural hyperparameters were selected empirically
based on preliminary experiments, with the final configura-
tion chosen according to validation set performance.

The implemented models were trained using identical
optimization settings, which were chosen after some minor
tuning. The selected model training parameters are provided
in Table 2. The models were trained using the mean squared
error (MSE) loss function to predict continuous AB values.

TABLE 2. Model training settings.

The mini-batch size was selected based on performed
experiments, which indicated that this parameter had a

negligible effect on the final model performance. Therefore,
a larger mini-batch size of 1024 was chosen to reduce
computational time and improve training efficiency.

The learning rate was empirically optimized by comparing
values of 0.1, 0.01, 0.001, and 0.0001. Among these,
a learning rate of 0.001 consistently provided the best
performance across implemented models and was therefore
used in our experiments.

E. SEVERITY ASSESSMENT AND PERFORMANCE
EVALUATION
To define the labels, the AB value was calculated for each
5-minute segment and then for the entire signal for each
subject separately. In our study, the segment-level AB is
defined as:

ABsegment =

∑
di

Tseg
, (2)

where
∑
di denotes the total duration of apnea and hypopnea

events within the segment, and Tseg is the segment length (in
seconds).
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FIGURE 7. The block diagrams of the implemented model architectures: (a) 2CNN-GRU, (b) 2CNN-2LSTM, and (c) parallel CNNs.

The subject-level AB is defined by averaging the segment-
wise values:

AB =
1
N

N∑
k=1

ABksegment, (3)

where N is the total number of segments in the recording.
The implemented models first predict AB for each

5-minute segment based on the extracted features. These
predictions are then aggregated over the entire recording
for each subject to estimate the subject-level AB (see
Equation II-E), which is then converted into the AHI for
severity assessment. The predicted AHI is computed as:

AHIAB =
AB · 3600
Dmean

, (4)

where AB denotes the overall predicted AB, and Dmean
represents the mean duration of apnea/hypopnea events (in
seconds) calculated from overnight recordings of the training
data.

This conversion is justified by the approximately linear
relationship between AB and AHI observed in the datasets,
as shown in Figure 8. Specifically, the scatter plots show
that AHIAB closely follows the reference AHI values along
the identity line (y = x), indicating that AB provides a
consistent surrogate for event frequency when normalized by
the average event duration.

The mean absolute error with standard deviation
between the estimated AHIAB and the ground-truth
AHI is 6.79 ± 6.67 counts/h for MESA data, and
4.99 ± 6.66 counts/h for OSASUD data, indicating the error
introduced by the fixed-duration AB-to-AHI conversion.

FIGURE 8. Scatter plots of reference AHI versus AB-derived AHI (AHIAB):
(a) MESA data (276 subjects); (b) OSASUD data (30 subjects). The dashed
red line (y = x) indicates ideal agreement between the two measures.
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Based on the estimated AHIAB, the subjects were
categorized into four sleep apnea severity groups (see
Subsection II-A), enabling a multi-classification framework.
This evaluation was performed for both ID and OOD
test-subsets.

To assess model prediction performance, regression met-
rics were evaluated. These include mean absolute error
(MAE) and mean absolute scaled error (MASE) for both
predicted AB and estimated AHI.

The MAE is defined as:

MAE =
1
N

N∑
i=1

|yi − ŷi|, (5)

where yi is the ground-truth value, ŷi is the predicted value,
and N is the number of samples.
The MASE was computed as:

MASE =
MAE

MAEbaseline
, (6)

where MAEbaseline denotes the MAE obtained by a constant
predictor equal to the median AB or AHI value from the
testing data.

To assess multi-classification performance [46], macro-
averaged metrics were computed, including sensitivity,
specificity, positive predictive value (PPV), accuracy, and
F1-score. Macro-averaging computes each metric indepen-
dently per class and then averages them, assigning equal
importance to all classes. Additionally, micro-accuracy was
calculated as the total number of correct predictions divided
by the total number of samples, such that classes with a larger
number of samples contribute more to the overall score.

In addition, agreement metrics including Matthews corre-
lation coefficient (MCC) and Cohen’s kappa were evaluated.
The extended MCC for multi-classification was com-
puted using the confusion matrix formulation proposed by
Gorodkin [47], [48]:

MCC =
trace(C) · S −

∑
k rkck√(

S2 −
∑

k c
2
k

) (
S2 −

∑
k r

2
k

) , (7)

where C is the confusion matrix, S =
∑

i,j Cij is the total
number of samples, rk and ck denote the row and column
sums corresponding to class k , representing the total number
of true and predicted samples for that class, respectively, and
trace(C) is the sum of diagonal elements, i.e., the total number
of correct predictions across all classes.

Cohen’s kappa coefficient, originally introduced in [49],
can be used to measure agreement between predicted and true
labels while accounting for chance agreement. Cohen’s kappa
is defined as:

κ =
po − pe
1− pe

, (8)

where po =
trace(C)

N is the observed agreement, and

pe =

∑
k rkck
N 2 (9)

is the expected agreement by chance, with N being the total
number of samples.

All performance metrics were computed over five inde-
pendent training runs with different fixed random seeds
to ensure reproducibility. The final results are reported as
mean ± standard deviation, providing an estimate of model
stability.

III. RESULTS
A. DATA-EXTRACTED STATISTICS AND BASELINE ERRORS
From the training subset, the mean duration of apnea/
hypopnea events was calculated as Dmean = 21.39 s.
This value was subsequently used to convert predicted
AB into the AHI metric. Additionally, the median values
of the ID testing set were median(ABID) = 11.22% and
median(AHIID) = 14.70 counts/h. While the median values
of the OOD testing set were median(ABOOD) = 11.16% and
median(AHIOOD) = 23.50 counts/h. These median values
were used as baseline predictors for calculating the MASE.

Table 3 summarizes the baseline mean absolute errors for
AB and AHI estimation obtained when always predicting the
median values from the ID and OOD testing data, respec-
tively. These baseline errors were used for normalization in
MASE calculation.

TABLE 3. Mean absolute errors (baseline) for ID and OOD testing cases.

B. MODEL PREDICTION ERRORS
In terms of regression performance, the lowest MAE(AB)
in ID testing was achieved by the 2CNN-2LSTM model
regardless of the features used (see Figure 9), whereas the
lowest OOD MAE(AB) was obtained by the 2CNN-GRU
model using PPG pulse wave features and SpO2, with a
value of 6.59 ± 0.25% (MASE = 0.70). For AHI estimation
(see Figure 10), the lowest ID MAE(AHIAB) and OOD
MAE(AHIAB) were also achieved by the 2CNN-2LSTM
model. In contrast, the parallel CNNs architecture produced
the largest OOD regression errors, particularlywhen PPG fea-
tures were included. Regarding the comparison of estimating
AB and AHI (see Figures 9 and 10), it can be observed that in
all cases MASE(AHIAB) < MASE(AB), indicating that the
relative error of AHI estimation is lower than that of AB.

C. SUBJECT-LEVEL CLASSIFICATION PERFORMANCE
As illustrated in Figure 11, the confusion matrices provide
a detailed view of class-wise prediction behavior across
different model architectures and predictor combinations
for both ID and OOD testing scenarios. In general, the
ID results exhibited a more pronounced diagonal struc-
ture, indicating more accurate classification, whereas the
OOD results showed increased dispersion of predictions,
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FIGURE 9. Mean absolute errors of predicted AB when using different model architectures and predictor combinations for (a) ID
testing and (b) OOD testing data. Error bars (mean ± standard deviation) obtained from five iterations when different fixed random
seeds were used. PPGf corresponds to five pulse wave features, whereas E(Tp) – the mean envelope feature of the pulse wave
interval. Mean absolute scaled errors are shown above error bars.

FIGURE 10. Mean absolute errors of predicted AHI when using different model architectures and predictor combinations for (a) ID
testing and (b) OOD testing data. Error bars (mean ± standard deviation) obtained from five iterations when different fixed random
seeds were used. PPGf corresponds to five pulse wave features, whereas E(Tp) – the mean envelope feature of the pulse wave
interval. Mean absolute scaled errors are shown above error bars.

particularly between neighboring severity classes. Misclas-
sifications are most frequently observed between mild and
moderate groups, reflecting the inherent difficulty of dis-
tinguishing adjacent apnea severity levels. Additionally, the
inclusion of PPG-derived features led to more concentrated
diagonal patterns compared to using SpO2 alone, suggesting
improved class separability.

The subject-level classification performance obtained
using different model architectures and predictor combi-
nations is summarized in Table 4. Among the evaluated
architectures, the 2CNN-2LSTM model achieved the highest
overall performance, particularly in terms of macro-level sen-
sitivity, PPV, and F1-score metrics. This model consistently
outperformed the other architectures across both ID andOOD
testing scenarios, indicating its stronger capability to capture
long-range temporal dependencies in PPG-derived features
and SpO2. Although this highest performance may also be

partially influenced by hyperparameter tuning. For instance,
it reached the highest macro-accuracy values of 76.52% and
65.36%, for ID and OOD respectively, when combining PPG
pulse wave features, SpO2, and the proposed feature E(Tp).

The 2CNN-GRU model also benefited from the inclusion
of PPG-derived features and showed competitive perfor-
mance overall. Notably, in OOD testing, the addition of PPG
features improved macro-sensitivity from 30.00% to 46.07%,
macro-accuracy from 55.15% to 64.52%, and macro-F1-
score from 23.63% to 36.70% compared to using SpO2 alone.
This highlights the importance of incorporating PPG-based
information, particularly under distribution shifts.

In contrast, the parallel CNNs architecture exhibited
different behavior. While it achieved competitive ID perfor-
mance, particularly when only SpO2 was used, its overall
performance was lower compared to hybrid architectures.
Moreover, this model showed the weakest generalization to
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FIGURE 11. Confusion matrices for classifying sleep apnea patients into four severity groups (normal, mild, moderate, and severe) using three model
architectures and different predictor combinations. The left panel shows ID, whereas the right panel presents OOD testing results. Each matrix reports
class-wise prediction percentages (top) and the corresponding number of subjects (bottom). Predictor combinations include five PPG pulse wave features
(PPGf ) with SpO2 and the proposed mean envelope feature E(Tp), PPGf with SpO2, and SpO2 alone.

OOD data, with a noticeable degradation in sensitivity and
F1-score. This suggests that purely convolutional approaches,
even when incorporating multi-scale analysis, may be less
effective in capturing relations between SpO2 and PPG
features compared to hybrid convolutional-recurrent models.

Across all models, combining PPG-derived features with
SpO2 consistently led to improved OOD performance
compared to using SpO2 alone. The proposed feature E(Tp)
provided an additional, albeit modest, benefit, especially
for hybrid architectures such as the 2CNN-GRU. These
findings demonstrate that PPG-derived features provide com-
plementary physiological information that can be particularly
valuable under distribution changes.

A general decrease in performance was observed when
transitioning from ID to OOD testing across all models
and feature combinations, highlighting the challenges of
robust generalization to unseen datasets. Finally, it is worth
noting that micro-accuracy values were consistently higher
than macro-based metrics, reflecting the class imbalance
present in the data and indicating that macro-level evaluation
provides a more balanced assessment of model performance
across severity groups.

D. AGREEMENT METRICS
The agreement metrics calculated between predicted and true
AHI values are shown in Figures 12 and 13. The highest
OOD Cohen’s kappa was obtained by the 2CNN-2LSTM
model using PPG pulse wave features, SpO2, and E(Tp),

reaching 32.59 ± 7.59%, while the highest OOD MCC was
achieved by the same model and predictor combination,
reaching 31.85 ± 9.20%. The 2CNN-GRU model performed
slightly worse, with OOD Cohen’s kappa and MCC values
of 30.91 ± 6.36% and 31.34 ± 10.93%, respectively, when
PPG pulse wave features, SpO2, and E(Tp) were used. The
weakest OOD agreement was observed for the parallel CNNs
architecture, when MCC dropped to 15.46 ± 9.60%.

IV. DISCUSSION
This study proposed the novel AB prediction-based frame-
work for characterizing sleep apnea severity and investigated
the impact of PPG features on model performance and OOD
generalization. The obtained results support the hypothesis
that combining PPG-derived features with SpO2 enhances
classification performance, particularly under the evaluated
OOD scenarios.

A. METHOD NOVELTY AND POTENTIAL ADVANTAGES
The method novelty of this study lies in the use of regression-
based model architectures for sleep apnea characterization,
in contrast to the majority of existing approaches that
rely on direct classification frameworks [19], [26], [27],
[28], [29], [30], [50]. Specifically, the proposed models
employ a regression output layer to estimate AB, which is
subsequently transformed into the clinically relevant AHI
metric (see Figure 8 and Equation II-E). This formulation
enables a two-stage interpretation: continuous estimation
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TABLE 4. Performance metrics obtained for classifying sleep apnea patients into four severity groups using different model architectures and predictor
combinations. Averaged results (mean ± standard deviation) were obtained from five iterations with different fixed random seeds. PPGf corresponds to
five pulse wave features, whereas E(Tp) denotes the mean envelope feature of the pulse wave interval. The highest values for each metric in ID and OOD
testing cases within each model are highlighted in bold.

FIGURE 12. Matthews correlation coefficient, MCC, of classifying sleep apnea patients when using different model architectures and
predictor combinations for (a) ID testing and (b) OOD testing data. Error bars (mean ± standard deviation) obtained from five
iterations when different fixed random seeds were used. PPGf corresponds to five pulse wave features, whereas E(Tp) – the mean
envelope feature of the pulse wave interval. Mean values are shown above error bars.

followed by classification-per-subject. An important advan-
tage of this approach is its reduced dependence on pre-
defined decision thresholds, which are typically required
in classification-based models and may introduce bias or
sensitivity to class imbalance. Furthermore, predicting a
continuous physiological quantity provides a more flexible
and clinically meaningful representation of disease severity,
enabling post hoc categorization according to established

AHI thresholds. As a result, the proposed framework better
aligns with current clinical practice, where subject-level
assessment of sleep apnea is essential for diagnosis,
monitoring, and treatment planning.

From a clinical perspective, the proposed framework could
be integrated into sleep apnea screening workflows as a
decision-support tool for subject-level severity assessment
based on overnight PPG and SpO2 recordings. Owing to

VOLUME 14, 2026 133183



M. Rinkevičius et al.: Apnea Burden-Guided Framework: Enhancing Out-of-Distribution Generalization

FIGURE 13. Cohen’s kappa of classifying sleep apnea patients when using different model architectures and predictor combinations
for (a) ID testing and (b) OOD testing data. Error bars (mean ± standard deviation) obtained from five iterations when different fixed
random seeds were used. PPGf corresponds to five pulse wave features, whereas E(Tp) – the mean envelope feature of the pulse
wave interval. Mean values are shown above error bars.

the non-invasive nature and widespread availability of these
signals in wearable devices, it could facilitate longitudinal
monitoring of disease severity and treatment response, for
example during continuous positive airway pressure therapy.
Furthermore, because the proposed framework relies only on
PPG and SpO2 analysis rather than full PSG, it may provide
a more accessible and cost-effective solution for long-term
follow-up in both clinical and home settings.

Although the primary focus of this study is on OOD
generalization, the obtained ID performance results are
also of significant practical importance. High ID accuracy
indicates that the proposed models are capable of capturing
subject group-specific physiological patterns, which is par-
ticularly relevant in personalized or patient-adaptive systems
as proposed in [51]. In such scenarios, periodic model
recalibration using newly acquired patient data could further
improve performance over time. This adaptive approach
may reduce inter-subject variability and enhance prediction
reliability in longitudinal monitoring settings.

B. MODEL ARCHITECTURES AND FEATURES
Within the evaluated experimental setting, the 2CNN-
2LSTM architecture achieved the most favorable balance
between classification performance and OOD robustness.
A comparison of predictor combinations showed that adding
PPG-derived features generally can improve OOD gener-
alization for low-complexity hybrid architectures. In the
case of both 2CNN-GRU and 2CNN-2LSTM, PPG-included
predictor combinations outperformed SpO2 alone across
OOD performance and agreement metrics. In contrast, for the
parallel CNNs model, the best ID results were obtained using
only SpO2.

Since each architecture was individually optimized, the
reported comparison should be interpreted as exploratory
rather than as a definitive benchmark of architectural
superiority. The primary objective of this study was to

evaluate the proposed AB-guided framework and the contri-
bution of PPG-derived features, rather than to identify the
optimal neural network architecture. The most substantial
OOD generalization improvements were observed for the
hybrid convolutional-recurrent architectures, particularly the
2CNN-2LSTM model, which achieved the highest gains
in macro-F1-score (+16.01%), Cohen’s kappa (+11.08%),
and MCC (+13.22%). Similarly, the 2CNN-GRU model
exhibited the strongest improvement in macro-sensitivity
(+16.07%) and macro-PPV (+19.60%), indicating enhanced
detection capability for apnea severity classes under distri-
bution shift. While the parallel CNNs architecture showed
notably smaller improvements across most metrics (the
largest increases were +14.00% and +6.70% in PPV and
Cohen’s kappa, respectively), suggesting a lower benefit from
additional PPG features in this multi-scale convolutional-
only design. Therefore, these findings suggest that, within
the scope of the evaluated models, datasets, and training
setup, PPG features tend to provide the greatest benefit when
combined with low-complexity hybrid architectures, leading
to improved robustness in OOD scenarios.

Regarding the ID testing, the contribution of PPG features
was relatively modest, which is consistent with findings
reported in [52], where accuracy of detecting apnea events
reached 68.70%, 82.20%, and 83.40% when using PPG
features, SpO2, and their combined analysis, respectively.

From a practical perspective, our study supports using
2CNN-2LSTM and 2CNN-GRU models for sleep apnea
characterization. In addition to the conventional SpO2
predictor, the inclusion of PPG-derived biomarkers appears
valuable, especially when robustness to distribution shifts is
required in real-world applications.

C. LIMITATIONS
Despite the promising results, several limitations should
be acknowledged. The evaluation was conducted on a
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limited number of datasets, which may not fully represent
real-world clinical variability. A noticeable performance gap
between ID and OOD results remains, indicating sensitivity
to distribution shifts. In some cases including the proposed
feature E(Tp) exhibited increased variability across training
runs, suggesting limited performance stability.

Although the external OSASUD dataset provided an
opportunity to evaluate the proposed framework under a clin-
ically meaningful domain shift, it includes only 30 subjects.
While this cohort differs substantially from the training
population in terms of clinical status, acquisition conditions,
and recording equipment (see Table 1), its limited size may
affect the generalizability of the OOD results. Therefore,
the presented OOD performance should be interpreted as
preliminary evidence supporting the findings of the proposed
framework to an independent external cohort.

Another important limitation is related to the estimation of
the AHI. The predicted AHI was derived from the predicted
AB using a fixed mean event duration Dmean, calculated
from the training data. However, in real-world conditions,
the duration of apnea/hypopnea events is highly variable
and can range approximately from 10 seconds to up to
2 minutes. Therefore, the use of a fixed average duration may
introduce estimation bias and limit the accuracy of the AHI,
particularly across different populations and sleep conditions.
Due to potential conversion errors (see Section II-E and
Figure 8), borderline severity cases should be examined more
thoroughly. Nevertheless, this approach was adopted as a
practical simplification to enable a consistent transformation
from AB to a clinically interpretable metric within the
proposed framework.

D. FUTURE WORK
Further studies should evaluate the proposed framework
using larger and more diverse external datasets to strengthen
the evidence for its generalizability. Future work will also
focus on improving model robustness and interpretability,
including deeper analysis of feature contributions and
behavior. For instance, additional PPG-related biomarkers
could be investigated, as we did with the derivative-based
feature, Smax , to further enhance model performance.

Moreover, the combination of PPG features and SpO2
could be explored using alternative deep learning archi-
tectures, such as transformer-based models, which have
recently shown strong potential for modeling long-range
dependencies in physiological signals [23], [24], [25], [26].
Since the proposed AB-guided framework is model-agnostic
and independent of the underlying learning paradigm, it can
also be integrated with self-supervised and foundation-model
approaches. Although the evaluation of these approaches
was beyond the scope of the present study, they represent
promising directions for future research.

In addition, advanced techniques such as domain
adaptation [53] and transfer learning could be explored
to improve generalization under distribution variance.

Another promising direction is the development of adaptive,
patient-specific models with periodic recalibration.

Future research could investigate the determination of
clinically meaningful AB cut-off thresholds for direct clas-
sification into severity categories. Such an approach would
eliminate the need for transformation from AB to AHI
and could simplify the overall framework while preserving
clinical interpretability. In addition, future studies should
investigate patient-specific AB-to-AHI conversion strategies
and perform dedicated sensitivity or error propagation
analyses to further quantify the contribution of the conversion
model to the overall prediction error.

V. CONCLUSION
We hypothesized that combining PPG pulse wave fea-
tures with SpO2 in artificial neural networks would
improve sleep apnea severity classification and enhance
OOD generalization. Our results support this hypothesis:
fusing PPG-derived features with SpO2 and employing
hybrid convolutional-recurrent architectures improved clas-
sification performance, particularly under the evaluated
distribution shifts. Among the implemented models, the
2CNN-2LSTM architecture achieved the highest overall
performance.

The findings highlight the importance of jointly optimizing
model architecture and feature representation for robust and
generalizable sleep apnea assessment. The new proposed
approach provides a clinically relevant AB-guided frame-
work for subject-level severity estimation and has strong
potential for deployment in non-invasive, real-world, and
home-based sleep monitoring applications.
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