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Abstract:

This paper presents a concise review of research on sleep apnea event detection using biomedical signals and
machine learning techniques. The study explains the clinical importance of sleep apnea and the limitations of
conventional polysomnography, which motivate the development of automated diagnostic solutions. The
research paper reviews commonly used physiological signals, feature extraction methods, and machine
learning and deep learning models applied for apnea detection and classification. In this paper, multimodal
fusion and optimised learning frameworks are discussed, followed by the identification of key research gaps,
including high system complexity, limited interpretability, and insufficient focus on multimodal approaches.
This paper reviews 34 recent studies from 2020-2026 focusing on ECG-, EEG-, SpO:-, and multimodal
machine learning approaches.
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I. Introduction

Sleep apnea is a common yet underdiagnosed sleep-related breathing disorder characterized by
recurrent interruptions in respiration during sleep, leading to fragmented sleep and reduced oxygen saturation
[1]. These repeated apnea and hypopnea events impose significant physiological stress on the body and are
strongly associated with serious health complications such as cardiovascular diseases, hypertension, stroke,
diabetes, cognitive impairment, and reduced quality of life [2]. Obstructive Sleep Apnea (OSA), the most
prevalent form, occurs due to partial or complete airway obstruction, while Central Sleep Apnea (CSA) arises
from impaired respiratory control by the central nervous system [10]. Early and accurate detection of sleep
apnea events is therefore critical for effective clinical intervention and long-term health management [3]. The
gold standard for diagnosing sleep apnea is overnight polysomnography (PSG), which simultaneously records
multiple physiological signals including electroencephalogram (EEG), electrocardiogram (ECG), respiratory
airflow, oxygen saturation, and muscle activity [6]. Although PSG provides comprehensive diagnostic
information, it is costly, time-consuming, labor-intensive, and inconvenient for patients, as it requires
specialized sleep laboratories and expert interpretation [11]. These limitations restrict its accessibility and
scalability, motivating the need for automated, reliable, and less intrusive sleep apnea detection systems that can
support or partially replace conventional diagnostic procedures [7]. This paper reviews recent multimodal sleep
apnea detection methods.

In recent years, advances in biomedical signal processing and machine learning have enabled the
development of intelligent systems for automated sleep apnea event detection [3]. Among various physiological
signals, EEG and ECG have emerged as particularly informative due to their ability to capture neural activity
related to sleep stages and autonomic cardiac responses associated with respiratory disturbances [5]. EEG
signals provide insight into sleep architecture and arousal patterns, while ECG signals reflect heart rate
variability and cardiovascular responses to apnea events [9]. Leveraging these signals allows the design of non-
invasive and wearable-friendly diagnostic frameworks [11]. Machine learning and deep learning approaches
have demonstrated strong potential in modeling the complex, nonlinear patterns present in biomedical signals
[7]. Traditional machine learning methods rely on handcrafted features extracted from time, frequency, and
nonlinear domains, whereas deep learning models automatically learn discriminative representations from raw
or minimally processed signals [14]. Furthermore, multimodal learning, which integrates information from
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multiple physiological signals, has been shown to improve detection accuracy and robustness by exploiting
complementary characteristics of different modalities [4].

Motivated by these developments, this paper focuses on the classification of sleep apnea event
detection based on biomedical signals using a machine learning approach, with particular emphasis on ECG and
EEG signals as a multimodal framework [10]. By combining effective signal preprocessing, feature learning,
and optimized machine learning and heuristic deep learning techniques, the proposed approach aims to achieve
accurate, reliable, and computationally efficient detection of sleep apnea events [15]. The work seeks to address
existing limitations in single-signal systems and contribute toward the development of practical, automated
sleep monitoring solutions suitable for real-world clinical and home-based applications [22].

II.  Multimodal Sleep Apnea Event Detection Techniques

This section presents studies that utilize multimodal biomedical signals, where complementary
physiological information from multiple sources, such as ECG, EEG, SpO., airflow, or respiratory effort, is
fused to improve sleep apnea detection performance. Multimodal systems generally follow a structured pipeline
involving synchronized data acquisition, preprocessing, feature extraction or deep feature learning, multimodal
fusion, and classification. By combining cardiovascular and neurological responses to apnea events, these
approaches enhance robustness and diagnostic accuracy compared to unimodal systems.

Recent advances in artificial intelligence, machine learning, and biomedical signal processing have
significantly improved the automatic detection of sleep apnea events. Recent reviews have highlighted that
multimodal physiological signal analysis provides better diagnostic performance than conventional single-signal
approaches because it captures complementary physiological changes associated with sleep apnea [1], [2], [26].
Consequently, several researchers have focused on integrating ECG, EEG, SpO., respiratory airflow, and other
physiological signals with advanced deep learning models to improve detection accuracy and clinical reliability.

P. Hemrajani, V. S. Dhaka, G. Rani, S. Verma, Kavita, M. Wozniak, J. Shafi, and M. F. Ijaz [3]
introduced SleepNet, a multimodal deep learning framework that combines one-dimensional CNN and
Bidirectional GRU networks for sleep apnea detection. Using single-lead ECG, the model achieved 95.08%
accuracy, which increased to 95.19% after integrating additional physiological signals such as nasal airflow and
abdominal respiratory effort. The proposed framework also achieved 96.12% sensitivity and 93.45% specificity,
demonstrating the advantage of multimodal physiological fusion over unimodal systems. Y. Zhang, L. Zhou, S.
Zhu, Y. Zhou, Z. Wang, L. Ma, Y. Yuan, Y. Xie, X. Niu, Y. Su, H. Liu, X. Hei, Z. Shi, X. Ren, and Y. Shi [4]
proposed a multimodal multiscale Transformer framework that integrates ECG and SpO: signals for obstructive
sleep apnea detection and severity assessment. Evaluated on 510 PSG recordings and validated using the
Apnea-ECG and UCD Sleep Apnea datasets, the model achieved 96.08% detection accuracy and more than
88% accuracy for severity classification, demonstrating strong generalization and reliable estimation of the
apnea—hypopnea index. A. Bhongade, T. K. Gandhi, and P. AP [5] developed an automated obstructive sleep
apnea detection system using multimodal ECG features extracted from 95 recordings obtained from the
PhysioNet and UCD Sleep Apnea datasets. After optimal feature selection using Sequential Forward Selection,
the Random Forest classifier achieved 93.17% accuracy, confirming the effectiveness of handcrafted ECG
features for apnea detection. N. La Porta, S. Scafa, M. Papandrea, F. Molinari, and A. Puiatti [6] proposed a
large-scale multichannel machine learning framework using polysomnographic recordings from the Wisconsin
Sleep Cohort. The method achieved 87.2 £ 1.8% event detection accuracy, while classification of different
apnea types reached 62.9 + 4.1% accuracy, highlighting the potential of interpretable machine learning for
clinical sleep analysis.

A. F. Babaei, J. Tanha, M. A. Balafar, and S. Roshan [7] introduced a multimodal deep learning
architecture integrating CNNs, GRUs, attention mechanisms, squeeze-and-excitation blocks, and a novel loss
function to improve feature diversity. Using the Sleep Heart Health Study dataset, the model achieved an AUC
of 91.94% and 83.87% accuracy, demonstrating good robustness and generalization for personalized sleep
monitoring. J. Ramesh, Z. Solatidehkordi, A. Sagahyroon, and Fadi Aloul [8] investigated wearable-based
obstructive sleep apnea screening using sleep-stage image representations together with demographic
information instead of raw physiological signals. Evaluated on the Wisconsin Sleep Cohort dataset, the
proposed neural network achieved an Fl-score of 69.40, indicating the feasibility of large-scale screening
despite limitations associated with single-night recordings. D. H. Zhang, J. Zhou, J. D. Wickens, and A. G.
Veale [9] combined EEG, EMG, and sleep-stage labels for apnea and hypopnea event detection, demonstrating
that integrating neurological and physiological information improves event recognition. Similarly, N. T. H.
Trang, T. T. D. Linh, D. Q. Vu, B. T. H. Loan, N. N. Vinh, and T. N. Dang [10] developed an EEG-ECG
multimodal framework using nonlinear wavelet features and ensemble machine learning classifiers. The
proposed model achieved 98.8% accuracy, 99.1% sensitivity, and 98.5% specificity, outperforming standalone
deep learning approaches and demonstrating the effectiveness of hybrid multimodal feature learning.
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The studies discussed in literature are systematically summarized in Table 1, which presents an
overview of multimodal and signal-based sleep apnea detection approaches.

Table 1: Literature Summary of Multimodal and Signal-Based Sleep Apnea Detection

Reference

Dataset

Methodology

Result Findings

P. Hemrajani, V. S.
Dhaka et al. [3]

ECG, airflow,
abdominal effort

CNN + BiGRU
(SleepNet); unimodal
& multimodal fusion

(i) Accuracy: 95.08% (ECG), 95.19%
(multimodal); Sens. 96.12%, Spec. 93.45% (ii)
Multimodal fusion improves robustness over
single-signal models

Y. Zhang, L. Zhou et 510 PSG + Multimodal multiscale (i) Detection accuracy: 96.08%; Severity accuracy
al. [4] Apnea-ECG + Transformer using > 88% (ii) Strong generalization with accurate AHI
UCD DB ECG & SpO: estimation
A. Bhongade, T. K. PhysioNet + UCD Feature extraction + (1) Accuracy: 93.17% (ii) Single-lead ECG

Gandhi et al. [5]

ECG (95 records)

SFFS + Random Forest

sufficient for reliable OSA detection

N. La Porta, S. Scafa et

Wisconsin Sleep

Interpretable ML for

(i) Event accuracy: 87.2 + 1.8%; Type accuracy:

al. [6] Cohort apnea event detection 62.9 £ 4.1% (ii) Scalable and clinically
interpretable framework
A. F. Babaei, J. Tanha Sleep Heart CNN + GRU + (1) AUC: 91.94%; Accuracy: 83.87% (ii) Robust

etal. [7] Health Study attention + SE blocks multimodal DL suitable for real-time monitoring
J. Ramesh, Z. Wisconsin Sleep Sleep-stage images + (i) F1-score up to 69.40 (ii) Feasible for
Solatidehkordi et al. [8] Cohort demographics + NN population-level OSA screening
D. H. Zhang, J. Zhou et EEG (6 ch) + Explainable ML with (i) MCC: 0.314 (LOPO) (ii) Sleep stages carry
al. [9] EMG (2 ch), 26 sleep-stage rules strong discriminative power
pts
S. Yook, D. Kim et al. PSG (flow, SpO2, Xception-based DL + (i) Detection acc.: 94%; Screening acc.: 99% (AUC
[11] ECG) demographics 0.99) (ii) Reduced sensors enable high-
performance OSA screening
H. Fayyaz and R. Multimodal Modality-agnostic DL (1) AUROC > 0.9 under noise/missing data (ii)
Beheshti et al. [12] physiological with missing-signal Robust for real-world clinical deployment
signals handling
E. S. Jeya Jothi, J. ECG + PPG Transfer learning (1) Accuracy: 97.86%; F1: 98.90% (ii) Transfer
Anitha et al. [13] (ResNet, VGG, learning effective for wearable-based OSA
AlexNet) screening
J. E. Sturludottir, S. Pediatric PSG (20 CNN on nasal & mouth (1) Accuracy: 93.5%; Precision: 97.8% (ii) CNNs
Sigurdardottir et al. [14] children) pressure effective but limited by small datasets
A. K. Abasi, M. PhysioNet Apnea- Modified Honey (1) Accuracy: 91.3%; AUC: 97.5% (ii)
Aloqaily et al. [15] ECG (70 records) Badger Optimization Metaheuristic optimization improves ECG-based
SA detection
A. R. Troncoso-Garcia, | PSG physiological DL on airflow, EEG, (i) Airflow highest accuracy; EEG/ECG highest
M. Martinez-Ballesteros signals ECG sensitivity (ii) Enables accessible PSG-free apnea
etal. [16] diagnosis
S. Aswath, V.R. S. ECG signals STFT + autoencoder + (1) Accuracy: 96.4% (optimized) (ii) Feature fusion
Sundaram et al. [17] MCA-DLS + DL outperforms standard CNN/LSTM
V. Barroso-Garcia, M. Thoracic & Joint 2D-CNN (i) ICC: 0.75 (AHI), 0.83 (CAI) (ii) CNNs robust

Fernandez-Poyatos et

abdominal signals

for central & obstructive apnea severity

al. [18]
A. Sheta, T. Thaher et Clinical & Feature selection + ML (1) Accuracy gain up to 10% (ii) Demographic-
al. [19] demographic data ensembles aware modeling improves diagnosis
C.Y. Tsai, W.T. Liu et PSG (3,529 Clinical features + (1) Accuracy: 79.32% (Mod-Sev), 74.37% (Sev)
al. [20] patients) Random Forest (ii) Effective for risk-based OSA screening
Y. Shang, B. Guo et Snoring sounds MFCC + DS-MS DL (i) Accuracy: 94.17% (ii) Non-invasive audio-
al. [21] model based apnea detection feasible

R. S. Arslan [22] PSG (50 patients) Two-layer DL + ML (i) Detection acc.: 95.74%; Type acc.: 99.4% (ii)
meta-learner Hybrid decision fusion improves reliability
X.Li, F. H. F. Leung et Sleep Heart Two-stage feature (1) Accuracy: 94.66%; Sens. 96.37% (ii) Ensemble
al. [23] Health Study selection + MER learning boosts classification robustness
ensemble

D. Kim, J. Lee et al.

Large-scale PSG

CNN + Transformer for

(1) Accuracy: 91.4% (ii) Comparable to expert

[24] EEG sleep staging scorers across OSA severities
X. Xin, Y. Zaru et al. EEG + ECG Channel superposition (1) Accuracy: 96.24% (ii) Multi-channel fusion
[25] +SVM enhances apnea detection
J. Saha, I. Dasgupta et Multiple Survey of Al-based (1) Best accuracy: 97% (vibration/airflow) (ii)
al. [26] physiological OSA prediction Confirms growing dominance of Al-driven
studies methods
M. Sharma, D. SpO: signals Wavelet + entropy + (1) Accuracy: 95.97%; AUC: 0.98 (ii) SpO: alone
Kumbhani et al. [27] RUSBoost effective for home-based screening
H. Yue, Y. Lin et al. Nasal airflow (2 Mr-ResNet (OSASS) (i) High acc., F1, x agreement with experts (ii)
[28] centers) Single-signal DL suitable for clinical OSA
diagnosis
S. Saghafi, F. N. EEG + ECG (25 Nonlinear features + (1) Accuracy: 94.30% (binary); 88.35% (5-class)
Rahatabad et al. [29] patients) PCA + classifier fusion (ii) Majority voting improves reliability
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Reference Dataset Methodology Result Findings
J. Zhang, Z. Tang et Apnea-ECG DB CNN + LSTM on (1) Accuracy: 96.1%; k = 0.92 (ii) Effective ECG-
al. [30] single-lead ECG only OSA monitoring
H. Korkalainen, J. PPG (894 CNN-RNN for sleep (1) 3-stage acc.: 80.1%; k = 0.65 (ii) PPG enables
Aakko et al. [31] patients) staging EEG-free sleep analysis
D. Jarchi, J. Andreu- ECG + EMG DL-based multi- (1) Accuracy: 72%; F1 = 0.57 (ii) Differentiates
Perez et al. [32] disorder classification OSA and movement disorders
D. Alvarez, A. Cerezo- At-home oximetry Feature fusion + SVR (1) ICC: 0.93; 4-class acc.: 81.3% (ii) Dual-signal
Hernandez et al. [33] + airflow (239 pts) ML improves home OSA screening
C. Mencar, C. Gallo et Clinical + PCA + ML regression (i) Moderate acc.; RMSE = 22.17 (ii) Useful for
al. [34] questionnaire (313 & classification prioritizing PSG testing
pts)

III.  Research Gap And Challenges

Sleep apnea detection has come a way with machine learning and deep learning. However there are
still some challenges to overcome [1]. Although substantial progress has been made in sleep apnea detection
using machine learning and deep learning techniques, many existing approaches continue to rely on either
single-modality physiological signals or complex multimodal sensing systems. Several studies have achieved
high diagnostic performance using respiratory airflow, pulse oximetry, or polysomnographic signals; however,
these approaches require multiple sensors, specialized equipment, and controlled clinical environments, limiting
their suitability for continuous or home-based monitoring [5], [33]. ECG-based methods provide a convenient
and non-invasive alternative for sleep apnea detection but primarily capture cardiac autonomic responses and
may not adequately reflect neurophysiological alterations associated with sleep-disordered breathing [15], [19].
In contrast, EEG-based approaches offer valuable information regarding brain activity during sleep but increase
acquisition complexity and computational burden [2], [9]. Therefore, a compact multimodal framework
integrating ECG and EEG signals has the potential to provide complementary physiological information while
reducing the limitations associated with conventional multimodal systems.

Another important limitation identified in the literature is the dependence of many multimodal
frameworks on conventional deep learning architectures employing fixed feature fusion strategies. Although
recent multimodal deep learning models have demonstrated improved detection performance through feature
fusion and attention mechanisms, these methods generally utilize static fusion schemes that may not effectively
adapt to inter-subject variability or complex nonlinear relationships among physiological signals [4], [7].
Heuristic optimization techniques have been explored to improve deep learning performance, particularly
through optimization of convolutional neural networks and feature selection [15], [17]. Nevertheless, the
integration of heuristic optimization with deep multimodal learning for joint EEG-ECG analysis remains
largely unexplored. Consequently, there is a need for adaptive heuristic-driven frameworks capable of
optimizing feature selection, fusion strategies, and classification parameters to enhance sleep apnea event
detection.

Furthermore, many existing studies primarily focus on obstructive sleep apnea screening, severity
estimation, or Apnea—Hypopnea Index (AHI) prediction rather than detailed event-level classification. Although
these approaches provide valuable clinical information, they do not explicitly classify individual apnea events
occurring during sleep, which is essential for accurate diagnosis and treatment planning [18], [20]. Moreover,
several models are developed using specific datasets or population groups, thereby limiting their
generalizability across diverse clinical settings [8], [31]. This highlights the need for a generalized event-level
classification framework capable of maintaining high sensitivity and specificity across different patient
populations while utilizing physiologically meaningful biomedical signals.

Finally, despite the promising performance reported by recent deep learning models, many existing
approaches remain computationally intensive and require large volumes of annotated training data, restricting
their deployment in practical clinical environments [4], [11]. Conversely, conventional machine learning
models offer lower computational complexity but often fail to capture the complex temporal and spectral
characteristics of biomedical signals required for accurate sleep apnea detection [23], [32]. Therefore, there
remains a significant need for a balanced framework that combines heuristic optimization, deep feature
learning, and multimodal ECG-EEG analysis to achieve accurate, computationally efficient, and clinically
applicable sleep apnea event detection.

In summary, the existing literature has not adequately explored the integration of ECG and EEG
signals within a compact multimodal framework enhanced by heuristic-optimized deep learning for event-level
sleep apnea classification. Addressing this gap forms the primary motivation of the proposed research, which
aims to exploit the complementary physiological information provided by ECG and EEG signals while
incorporating heuristic optimization to improve feature fusion, model adaptability, and -classification
performance.
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IV.  Conclusion

Sleep apnea remains a major sleep-related breathing disorder that requires timely and accurate
diagnosis to reduce the risk of serious cardiovascular, neurological, and metabolic complications. This paper
examined recent trends in machine learning and deep learning techniques for sleep apnea event detection using
biomedical signals published between 2020 and 2026. The reviewed papers demonstrate that artificial
intelligence has significantly improved the automatic detection and classification of sleep apnea events through
the use of ECG, EEG, SpO., respiratory airflow, polysomnography, and other physiological signals.

Deep learning architectures, including CNNs, recurrent neural networks, Transformers, attention
mechanisms, and ensemble learning techniques, consistently achieve superior performance compared with
conventional machine learning approaches by automatically learning discriminative features from biomedical
signals. Multimodal learning has shown greater robustness and diagnostic accuracy than unimodal approaches
by exploiting complementary physiological information from multiple signal sources. Recent studies have
reported promising detection performance, with many multimodal frameworks achieving accuracy exceeding
90%, demonstrating the potential of artificial intelligence for reliable sleep apnea diagnosis. In spite of these
advances, several important challenges remain. Many existing methods rely on complex multimodal sensing
systems, large polysomnography setups, or computationally intensive deep learning models, which limit their
applicability in real-world clinical and home-based environments. In addition, most studies focus on sleep apnea
screening or severity estimation rather than event-level classification, while adaptive feature fusion and
heuristic optimization have received comparatively limited attention. The integration of ECG and EEG signals
within a compact multimodal framework has also been insufficiently investigated despite their complementary
representation of cardiac autonomic and neurophysiological responses during sleep apnea events.

So, the literature suggests that future research should focus on developing lightweight, interpretable,
and computationally efficient multimodal frameworks capable of accurate event-level classification. Some
heuristic-optimised deep learning models that integrate ECG and EEG signals offer a promising direction for
improving feature learning, adaptive fusion, and classification performance while supporting practical
deployment in both clinical and home-based sleep monitoring systems. Such approaches have the potential to
enhance the reliability, accessibility, and clinical applicability of automated sleep apnea diagnosis.

V.  Future Scope

The reviewed literature in this study indicates that significant opportunities remain for improving
automated sleep apnea detection systems. Future research should focus on developing compact multimodal
frameworks that effectively integrate ECG and EEG signals to exploit both cardiovascular and
neurophysiological information for more accurate event-level classification. The incorporation of heuristic
optimisation techniques with deep learning models can additionally enhance feature selection, feature fusion,
and model optimisation while reducing computational complexity. Future studies should emphasise the
development of lightweight and interpretable artificial intelligence models that can be easily deployed in real-
world clinical and home-based environments. Validation using larger and more diverse datasets from different
populations is also essential to improve the generalizability and reliability of proposed models. In future,
integrating wearable sensing technologies, Internet of Medical Things (IoMT) devices, and edge computing can
enable continuous, non-invasive, and real-time sleep monitoring, making automated sleep apnea diagnosis more
accessible and practical. These research directions have the potential to improve diagnostic accuracy, support
clinical decision-making, and facilitate the development of intelligent healthcare systems for effective sleep
apnea management.

References

[1]. C. Hannachi, S. Kouah, M. Ammi, And O. Cheikhrouhou, “Artificial Intelligence In Sleep Apnea Detection: A Review,” In
Distributed Computing For Emerging Smart Networks, I. Jemili And M. Mosbah, Eds., Commun. Comput. Inf. Sci., Vol. 2633.
Cham, Switzerland: Springer, 2026, Pp. 1-14, Doi: 10.1007/978-3-032-06777-7_9.

[2]. S. Fathima And M. Ahmed, “Sleep Apnea Detection Using Eeg: A Systematic Review Of Datasets, Methods, Challenges, And
Future Directions,” Annals Of Biomedical Engineering, Vol. 53, 2025, Doi: 10.1007/S10439-025-03691-5.

[3]. P. Hemrajani, V. S. Dhaka, G. Rani, S. Verma, Kavita, M. Wozniak, J. Shafi & M. F. Ijaz, “Integrating Physiological Signals For
Enhanced Sleep Apnea Diagnosis With Sleepnet,” Scientific Reports, Vol. 15, No. 1, Art. No. 31715, 2025, Doi: 10.1038/S41598-
025-16154-7.

[4]. Y. Zhang, L. Zhou, S. Zhu, Y. Zhou, Z. Wang, L. Ma, Y. Yuan, Y. Xie, X. Niu, Y. Su, H. Liu, X. Hei, Z. Shi, X. Ren, And Y. Shi,
“Deep Learning For Obstructive Sleep Apnea Detection And Severity Assessment: A Multimodal Signals Fusion Multiscale
Transformer Model,” Nature And Science Of Sleep, Vol. 17, Pp. 1-15, 2025, Doi: 10.2147/Nss.S492806.

[5] A. Bhongade, T. K. Gandhi, P. Ap, “Automatic Identification Of Obstructive Sleep Apnea Using Multimodal Features,”
Biomedical Signal Processing And Control, Vol. 105, Art. No. 107609, 2025, Doi: 10.1016/J.Bspc.2025.107609.

[6]. N. La Porta, S. Scafa, M. Papandrea, F. Molinari, And A. Puiatti, “Sleep Apnea Events Recognition Based On Polysomnographic
Recordings: A Large-Scale Multichannel Machine Learning Approach,” Ieee Open Journal Of Engineering In Medicine And
Biology, Vol. 6, Pp. 202-211, 2025, Doi: 10.1109/0jemb.2024.3508477.

[7]. A. F. Babaei, J. Tanha, M. A. Balafar, And S. Roshan, “A Novel Multimodal Deep Learning Approach With Loss Function For
Detection Of Sleep Apnea Events,” Ieee Access, Vol. 13, Pp. 52085-52099, 2025, Doi: 10.1109/Access.2025.3552254.

DOI: 10.9790/4200-16043843 www.iosrjournals.org 42 | Page



A Comparative Analysis Of Multimodal Biomedical Signal-Based Techniques For Sleep Apnea... .....

8].
[9].

[10].

[11].

[12].

[13].

[14].

[15].

[16].

[17].

[18].

[19].

[20].

[28].

[29].

[30].

[31].

[32].

[33].

[34].

J. Ramesh, Z. Solatidehkordi, A. Sagahyroon And Fadi Aloul, “Multimodal Neural Network Analysis Of Single-Night Sleep Stages
For Screening Obstructive Sleep Apnea,” Applied Sciences, Vol. 15, No. 3, Art. No. 1035, 2025, Doi: 10.3390/App15031035.

D. H. Zhang, J. Zhou, J. D. Wickens, A. G. Veale, “Apnea And Hypopnea Event Detection Using Eeg, Emg, And Sleep Stage
Labels In A Cohort Of Patients With Suspected Sleep Apnea,” Biomedical Signal Processing And Control, Vol. 105, Art. No.
107628, 2025, Doi: 10.1016/J.Bspc.2025.107628.

N. T. H. Trang, T. T. D. Linh, D. Q. Vu, B. T. H. Loan, N. N. Vinh, And T. N. Dang, “Artificial Intelligence-Based Approaches
For Sleep-Related Breathing Events Identification Using Eeg And Ecg Signals,” Sleep And Breathing, Vol. 29, No. 5, Art. No. 276,
2025, Doi: 10.1007/S11325-025-03442-9.

S. Yook, D. Kim, C. Gupte, E. Y. Jao, And H. Kim, “Deep Learning Of Sleep Apnea—Hypopnea Events For Accurate
Classification Of Obstructive Sleep Apnea And Determination Of Clinical Severity,” Sleep Medicine, Vol. 114, P. 211, 2024,

Doi: 10.1016/J.Sleep.2024.01.015.

H. Fayyaz And R. Beheshti, “Multimodal Sleep Apnea Detection With Missing Or Noisy Modalities,” In Proc. Machine Learning
Research, Vol. 252, 2024.

E. S. Jeya Jothi, J. Anitha, And D. J. Hemanth, “Deep Transfer Learning Approach For Obstructive Sleep Apnea Classification
With Photoplethysmography Signal,” In Frontiers In Artificial Intelligence And Applications, Vol. 365, Design Studies And
Intelligence Engineering, 2023, Pp. 84-93, Doi: 10.3233/Faia220703.

J. E. Sturludéttir, S. Sigurdardottir, M. Serwatko, E. S. Arnardéttir, M. V. Clausen, S. Sigurdardoéttir, M. Oskarsdottir, And A. S.
Islind, “Deep Learning For Sleep Analysis On Children With Sleep-Disordered Breathing: Automatic Detection Of Mouth
Breathing Events,” Frontiers In Sleep, Vol. 2, Art. No. 1082996, 2023, Doi: 10.3389/Frsle.2023.1082996.

A. K. Abasi, M. Aloqaily, And M. Guizani, “Optimization Of Cnn Using Modified Honey Badger Algorithm For Sleep Apnea
Detection,” Expert Systems With Applications, Vol. 229, Art. No. 120484, 2023, Doi: 10.1016/J.Eswa.2023.120484.

A. R. Troncoso-Garcia, M. Martinez-Ballesteros, F. Martinez-Alvarez, And A. Troncoso, “Deep Learning-Based Approach For
Sleep Apnea Detection Using Physiological Signals,” In Lecture Notes In Computer Science, 2023, Pp. 626—637,

Doi: 10.1007/978-3-031-43085-5_50.

S. Aswath, V. R. S. Sundaram, And M. Mahdal, “An Adaptive Sleep Apnea Detection Model Using Multi-Cascaded Atrous-Based
Deep Learning Schemes With Hybrid Artificial Humming Bird—Pity Beetle Algorithm,” Ieee Access, Vol. 11, Pp. 113114-113133,
2023, Doi: 10.1109/Access.2023.3319452.

V. Barroso-Garcia, M. Fernandez-Poyatos, B. Sahelices, D. Alvarez, D. Gozal, R. Hornero And G. C. Gutiérrez-Tobal, “Prediction
Of The Sleep Apnea Severity Using 2d-Convolutional Neural Networks And Respiratory Effort Signals,” Diagnostics, Vol. 13, No.
20, Art. No. 3187, 2023, Doi: 10.3390/Diagnostics13203187.

Y. He, Y. Zhou, And K. Kang, “Meta-Learning Based Obstructive Sleep Apnea Detection Using Single-Lead Ecg Signals,” In
Proc. 14th Int. Conf. Information And Communication Technology Convergence (Ictc), Jeju Island, South Korea, 2023, Pp. 139—
142, Doi: 10.1109/Ictc58733.2023.10392759.

C.Y. Tsai, W. T. Liu, W. H. Hsu, A. Majumdar, M. Stettler, K. Y. Lee, W. H. Cheng, D. Wu, H. C. Lee, Y. C. Kuan, C. J. Wu, Y.
C. Lin, S. C. Ho, “Screening The Risk Of Obstructive Sleep Apnea By Utilizing Supervised Learning Techniques Based On
Anthropometric Features And Snoring Events,” Digital Health, Vol. 9, Mar. 2023, Art. No. 20552076231152751,

Doi: 10.1177/20552076231152751.

Y. Shang, B. Guo, And Z. Zhao, “Sleep Apnea Detection Based On Snoring Sound Analysis Using Ds-Ms Neural Network,”
Journal Of Physics: Conference Series, Vol. 2637, No. 1, Art. No. 012007, Nov. 2023, Doi: 10.1088/1742-6596/2637/1/012007.

R. S. Arslan, “Sleep Disorder And Apnea Events Detection Framework With High Performance Using Two-Tier Learning Model
Design,” Peerj Computer Science, Vol. 9, Art. No. E1554, 2023, Doi: 10.7717/Peerj-Cs.1554.

X. Li, F. H. F. Leung, S. Su And S. H. Ling, “Sleep Apnea Detection Using Multi-Error-Reduction Classification System With
Multiple Bio-Signals,” Sensors, Vol. 22, No. 15, Art. No. 5560, 2022, Doi: 10.3390/S22155560.

D. Kim, J. Lee, Y. Woo, J. Jeong, C. Kim, And D. K. Kim, “Deep Learning Application To Clinical Decision Support System In
Sleep Stage Classification,” Journal Of Personalized Medicine, Vol. 12, No. 2, Art. No. 136, Jan. 2022,

Doi: 10.3390/Jpm12020136.

X. Xin, Y. Zaru, Y. Sanli, Y. Sanli, W. Chunwu, L. Ruixiang, H. Jianfeng, “A New Method For Detecting Sleep Apnea,” Research
Square, 2022, Doi: 10.21203/Rs.3.Rs-1116811/V1.

J. Saha, I. Dasgupta, M. G, And R. Murugesan, “A Comprehensive Analysis On The Efficient Mechanisms To Detect Obstructive
Sleep Apnea Using Ai And Heuristic Algorithms,” Int. J. Current Res. Rev., Vol. 13, No. 4, Pp. 91-96, 2021,

Doi: 10.31782/Ijcrr.2021.13411.

M. Sharma, D. Kumbhani, A. Yadav, And U. R. Acharya, "Automated Sleep Apnea Detection Using Optimal Duration-Frequency
Concentrated Wavelet-Based Features Of Pulse Oximetry Signals." Applied Intelligence, Vol. 52, No. 2, Pp. 1325-1337, 2022,
Hittps://Doi.Org/10.1007/S10489-021-02422-2.

H. Yue, Y. Lin, Y. Wu, Y. Wang, Y. Li, X. Guo, Y. Huang, W. Wen, G. Zhao, X. Pang, W. Lei, “Deep Learning For Diagnosis
And Classification Of Obstructive Sleep Apnea: A Nasal Airflow-Based Multi-Resolution Residual Network,” Nature And Science
Of Sleep, Vol. 13, Pp. 361-373, 2021, Doi: 10.2147/Nss.S297856.

S. Saghafi, F. Nowshiravan Rahatabad, And K. Maghooli, “Detecting Types Of Sleep Apneas Through Nonlinear Features Of
Electrocardiogram And Electroencephalogram Signals,” Frontiers In Biomedical Technologies, Vol. 8, No. 3, Sep. 2021,

Doi: 10.18502/Fbt.V8i3.7115.

J. Zhang, Z. Tang, J. Gao, L. Lin, Z. Liu, H. Wu, F. Liu, R. Yao, “Automatic Detection Of Obstructive Sleep Apnea Events Using
A Deep Cnn—Lstm Model,” Computational Intelligence And Neuroscience, Vol. 2021, Art. No. 5594733, Pp. 1-10, 2021,

Doi: 10.1155/2021/5594733.

H. Korkalainen, J. Aakko, B. Duce, S. Kainulainen, A. Leino, S. Nikkonen, I. O. Afara, S. Myllymaa, J. Toyrds, T. Leppanen,
“Deep Learning Enables Sleep Staging From Photoplethysmogram For Patients With Suspected Sleep Apnea,” Sleep, Vol. 43, No.
11, Nov. 2020, Doi: 10.1093/Sleep/Zsaa098.

D. Jarchi, J. Andreu-Perez, M. Kiani, O. Vysata, J. Kuchynka, A. Prochazka, And S. Sanei, “Recognition Of Patient Groups With
Sleep-Related Disorders Using Bio-Signal Processing And Deep Learning,” Sensors, Vol. 20, No. 9, Art. No. 2594, 2020,

Doi: 10.3390/S20092594.

D. Alvarez, A. Cerezo-Hernandez, A. Crespo, G. C. Gutiérrez-Tobal, F. Vaquerizo-Villar, V. Barroso-Garcia, F. Moreno, C. A.
Arroyo, T. Ruiz, R. Hornero & F. D. Campo, “A Machine Learning-Based Test For Adult Sleep Apnoea Screening At Home Using
Oximetry And Airflow,” Scientific Reports, Vol. 10, No. 1, Art. No. 5332, Mar. 2020, Doi: 10.1038/S41598-020-62223-4.

C. Mencar, C. Gallo, M. Mantero, P. Tarsia, G. E. Carpagnano, M. P. F. Barbaro, D. Lacedonia, “Application Of Machine Learning

To Predict Obstructive Sleep Apnea Syndrome Severity,” Health Informatics Journal, Vol. 26, No. 1, Pp. 298-317, 2020,
Doi: 10.1177/1460458218824725.

DOI: 10.9790/4200-16043843 www.iosrjournals.org 43 | Page


https://doi.org/10.1007/S10489-021-02422-2

