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Abstract—Obstructive Sleep Apnea (OSA) is a disorder where breathing repeatedly stops during sleep. It raises the risk of cardiovascular disease, stroke, and cognitive impairment. Accurate detection of OSA from physiological signals is required for effective diagnosis and treatment monitoring. This paper presents a multi-signal deep learning ensemble fusing ECG, airflow, and EMG signals to classify apnea events. Where existing approaches rely on ECG alone, our method integrates complementary cardiac, respiratory, and muscular activity data. The algorithm was validated on 27,359 segments from two public datasets (Apnea-ECG and UCDDB). Results achieve 84.53% accuracy with 32% fewer false positives compared to single-signal techniques, indicating potential for enhancing clinical sleep apnea screening.
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I. Introduction 
Obstructive Sleep Apnea (OSA) is a highly prevalent sleep-related breathing disorder characterized by recurrent episodes of upper airway obstruction during sleep, resulting in intermittent hypoxia and sleep fragmentation. It is strongly associated with serious health complications, including hypertension, cardiovascular disease, stroke, and cognitive impairment [1]. Despite its clinical significance, OSA remains underdiagnosed due to the limitations of traditional diagnostic methods.

Polysomnography (PSG), the gold standard for OSA diagnosis, requires overnight monitoring in specialized sleep laboratories, making it expensive, labor-intensive, and impractical for large-scale screening [2]. Consequently, there has been increasing interest in developing automated detection systems using physiological signals such as electrocardiogram (ECG), airflow, and electromyogram (EMG).

Early studies primarily focused on single-signal analysis, particularly ECG, due to its availability and ability to reflect autonomic nervous system responses to apnea events. For instance, de Chazal et al. demonstrated the feasibility of ECG-based apnea detection using machine learning techniques [3]. However, single-signal approaches are inherently limited as they fail to capture the full physiological complexity of OSA, particularly respiratory and muscular dynamics.

Recent advancements in deep learning have enabled automatic feature extraction from raw physiological signals, significantly improving detection performance. Convolutional neural networks (CNNs) and recurrent neural networks (RNNs) have been successfully applied for sleep apnea detection [4],[5]. Nevertheless, most existing approaches rely on a single modality, leading to suboptimal performance and higher false positive rates.

To address these limitations, multi-signal approaches have been proposed. Combining ECG with respiratory signals such as airflow provides a more comprehensive representation of apnea events [6]. Additionally, EMG signals offer valuable insights into muscle activity associated with airway obstruction, further enhancing detection accuracy.

In this study, has propose a multi-signal deep learning ensemble framework that integrates ECG, airflow, and EMG signals for accurate OSA detection. Unlike prior work that relies on individual models, the proposed approach employs an ensemble strategy to leverage complementary information across multiple modalities. The model is evaluated on two publicly available datasets, demonstrating improved accuracy and reduced false positives compared to single-signal methods. 
II.  Related Work
Automated detection of Obstructive Sleep Apnea (OSA) has been widely investigated using physiological signal analysis and machine learning techniques. Early studies primarily relied on electrocardiogram (ECG) signals due to their availability and their ability to capture autonomic nervous system responses associated with apnea events. De Chazal et al. demonstrated that ECG-derived features can effectively detect apnea episodes using classical machine learning methods [3]. However, these approaches are limited in capturing respiratory and muscular dynamics, which are critical for accurate diagnosis.
With the advancement of deep learning, more sophisticated models have been developed for OSA detection. Convolutional neural networks (CNNs) have shown strong capability in extracting spatial features from biomedical signals, while recurrent neural networks (RNNs), including long short-term memory (LSTM) networks, are effective in modeling temporal dependencies. Faust et al. highlighted the effectiveness of deep learning models in biomedical signal processing applications [5]. Similarly, Bahrami and Forouzanfar demonstrated improved performance of deep learning approaches over traditional machine learning methods for ECG-based apnea detection [4].

Recent studies have explored hybrid architectures combining CNN and RNN models to enhance detection accuracy. For instance, Jiang et al. proposed a CNN-LSTM framework for sleep apnea detection using single-lead ECG, achieving improved classification performance [7]. In addition, Biswal et al. developed a large-scale deep learning model for automated sleep stage classification, demonstrating the potential of deep architectures in sleep-related disorders [8].

Despite these advancements, most existing approaches rely on single-signal analysis, which limits their ability to capture the complex physiological interactions involved in OSA. To address this limitation, multi-signal approaches have been introduced. Zhang et al. proposed a multi-modal deep learning framework integrating ECG and respiratory signals, showing improved performance compared to single-signal methods. Similarly, Nguyen et al. demonstrated that combining multiple physiological signals enhances robustness and reduces false positive rates in apnea detection systems [9].

However, challenges remain in effectively integrating heterogeneous signals and optimizing model performance. Ensemble learning has been proposed as a promising solution to improve generalization and robustness. By combining multiple models, ensemble approaches can leverage complementary strengths and reduce prediction errors.

In this work, we extend existing research by proposing a multi-signal deep learning ensemble framework that integrates ECG, airflow, and EMG signals. The proposed approach aims to improve detection accuracy and reduce false positives, addressing the limitations of both single-signal and single-model methods.
III. Methodology
This study proposes a multi-signal deep learning ensemble framework for the detection of obstructive sleep apnea (OSA). The overall methodology consists of dataset preparation, signal preprocessing, deep learning model design, multi-signal fusion, and ensemble learning. 
A. Dataset Description

The proposed approach is evaluated using two publicly available datasets: the Apnea-ECG dataset [10] and the University College Dublin Sleep Apnea Database (UCDDB) [11]. These datasets include physiological recordings such as electrocardiogram (ECG), airflow, and electromyogram (EMG) signals. A total of 27,359 segmented samples were extracted and labeled as apnea or normal based on expert annotations. The use of multiple datasets ensures improved generalization and robustness of the model across different patient populations.

B. Signal Preprocessing
Raw physiological signals are often affected by noise and artifacts, which can degrade model performance if not properly handled. Therefore, several preprocessing steps were applied prior to model training. Bandpass filtering was used to eliminate baseline drift and high-frequency noise components present in the signals. To ensure consistency across different recordings, signal normalization was performed to standardize amplitude variations. 
The continuous signals were then segmented into fixed-length windows suitable for deep learning models. Additionally, temporal alignment of ECG, airflow, and EMG signals was carried out to enable accurate multi-signal fusion. These preprocessing steps improve signal quality and enhance the effectiveness of feature extraction.
C. Signal Preprocessing
Multiple deep learning architectures were implemented to evaluate both single-signal and multi-signal configurations for OSA detection. Convolutional neural networks (CNNs) were employed to extract spatial features from physiological signals. To capture temporal dependencies, hybrid models combining CNN with recurrent neural networks were utilized. Specifically, CNN+LSTM models were used to learn long-term temporal relationships, while CNN+GRU models provided efficient sequential modeling with reduced computational complexity. Furthermore, CNN+BiLSTM architectures were implemented to capture bidirectional temporal information, enabling improved context understanding. Each model was trained and evaluated to assess its effectiveness in detecting apnea events.
D. Multi-Signal Fusion

To improve detection accuracy, a multi-signal fusion strategy was adopted to integrate complementary physiological information. Separate feature extraction branches were designed for ECG, airflow, and EMG signals, allowing each modality to learn domain-specific features. The extracted features were then combined at the feature level through concatenation to form a unified representation. This approach enables the model to capture interdependencies among different physiological systems. Specifically, ECG signals provide information about cardiac activity, airflow signals reflect respiratory patterns, and EMG signals capture muscle activity associated with airway obstruction. The integration of these signals results in a more comprehensive representation of apnea events.
E. Ensemble Learning Strategy

An ensemble learning approach was employed to further enhance model performance and robustness. Multiple deep learning models were trained independently, and their predictions were combined using a decision-level fusion strategy. The ensemble integrates outputs from CNN-based models, hybrid CNN-RNN architectures, and multi-signal fusion models. By aggregating predictions from multiple models, the ensemble reduces variance and improves generalization capability. This approach also minimizes false positive rates, which is critical for reliable medical diagnosis.
F. Evaluation Metrics

The performance of the proposed models was evaluated using several standard classification metrics. Accuracy was used to measure overall prediction correctness, while sensitivity assessed the model’s ability to correctly identify apnea events. Specificity evaluated the ability to correctly classify normal events. In addition, the F1-score was used to provide a balance between precision and recall. The Area Under the Receiver Operating Characteristic Curve (AUC) was also calculated to assess the model’s overall discriminative ability. These metrics provide a comprehensive evaluation of model performance, particularly in the context of medical diagnostic systems. 

IV. Result and Discussion
A. Performance Comparison of Models

The proposed Ultimate Ensemble model was evaluated on a test set of 4,104 one-minute segments derived from the harmonized dataset of 27,359 segments. Table I presents the performance comparison of all evaluated architectures, including four single-signal baselines and three multi-signal models.
TABLE I.  
Performancr Comparison of All Architecture
	Model
	Model Performance

	
	Acc (%)
	Sens (%)
	Spec (%)
	AUC

	CNN
	81.81
	77.00
	84.81
	0.880

	CNN+LSTM
	81.76
	78.32
	83.90
	0.890

	CNN+GRU
	83.25
	80.44
	85.00
	0.900

	CNN+BIiLSTM
	83.20
	80.63
	84.80
	0.900

	Multi-Signal Fusion
	84.36
	70.42
	90.66
	0.920

	CNN+BiLSTM+Attention
	82.02
	77.00
	84.29
	0.890

	Ultimate Ensemble
	84.53
	72.85
	89.81
	0.905


Among single-signal architectures, the CNN+GRU model achieved the highest accuracy of 83.25% with an AUC of 0.900, demonstrating its effectiveness in capturing temporal dependencies in ECG-derived features. The proposed Ultimate Ensemble outperformed all single-signal baselines, achieving 84.53% accuracy, representing a 1.28% improvement over the best single-signal model.
B. Models Confusion Matrix Analysis

To further analyze classification performance, confusion matrices of key models are presented in Table II.
TABLE II.  Confusion Matrics and Clinical Impact 
	Model
	Confusion Matrics

	
	TN
	FP
	FN
	TP

	CNN+GRU (ECG only)
	2,402
	424
	250
	1,028

	Multi-Signal Fusion
	2,562
	264
	378
	900

	Ultimate Ensemble
	2,538
	288
	347
	931


*Note: FP reduction of 32% (424→288) with multi signal fusion.
The results show that multi-signal fusion significantly reduces false positives. The number of false positives decreased from 424 in the CNN+GRU model to 288 in the Ultimate Ensemble, representing a 32% reduction. This improvement is clinically significant, as it reduces unnecessary follow-up procedures and improves diagnostic reliability.
C. ROC Curve Analysis

The Receiver Operating Characteristic (ROC) curve was used to evaluate the classification performance of the proposed models. It illustrates the trade-off between sensitivity (true positive rate) and 1-specificity (false positive rate) across different decision thresholds. The Area Under the Curve (AUC) provides a scalar measure of the overall discriminative ability of each model.

In this study, ROC curves were generated for all evaluated architectures, including single-signal models (CNN, CNN+LSTM, CNN+GRU, CNN+BiLSTM) and multi-signal fusion-based approaches. The results indicate that multi-signal models consistently achieve higher AUC values compared to single-signal models, demonstrating improved robustness in distinguishing apnea and normal events. 
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Fig. 1. ROC curves for all models
Among all models, the Multi-Signal Fusion model achieved the highest AUC of 0.920, followed by the Ultimate Ensemble with an AUC of 0.905. Both models outperform single-signal approaches and significantly exceed the baseline random classifier (AUC = 0.500). Additionally, five-fold cross-validation of the Ultimate Ensemble demonstrated stable performance, with a mean accuracy of 80.59% and a standard deviation of 1.30%, indicating good generalization. These results highlight the advantage of integrating multiple physiological signals for more reliable apnea detection.
D. Discussion

The results of this study demonstrate that fusing ECG, airflow, and EMG signals through an ensemble deep learning architecture significantly improves obstructive sleep apnea detection compared to single-signal approaches. The proposed Ultimate Ensemble achieved the highest accuracy of 84.53%, outperforming the best single-signal model by 1.28%. More importantly, multi-signal fusion reduced false positives by 32%, from 424 to 288, meaning 136 fewer normal cases would be incorrectly classified as apnea per 4,104 test segments. This reduction directly addresses a primary limitation of automated screening systems: the burden of false alarms. 

The superior performance of multi-signal approaches stems from the complementary information each signal provides. ECG captures autonomic responses to respiratory events, airflow directly measures breathing cessation, and EMG reflects muscle activation during arousal. Together, these signals offer a comprehensive view of apneic events that no single signal can provide alone. Several limitations warrant acknowledgment. The sensitivity of multi-signal models remains moderate at 72.85%, indicating room for improvement in detecting true apnea events. The model performs only binary classification, not distinguishing apnea severity or type. Fixed 60-second windows may not align perfectly with event boundaries. Finally, prospective clinical validation would be necessary before deployment in real-world settings. 

Despite these limitations, the 32% reduction in false positives makes the proposed approach particularly attractive for home sleep testing and wearable monitoring, where false alarms can lead to user frustration and reduced compliance. The consistent performance across two independent datasets further suggests strong generalizability to new clinical sites. 
V. 
Conclusion
This paper presented a multi-signal deep learning ensemble for obstructive sleep apnea detection that fuses ECG, airflow, and EMG signals from two public datasets. The proposed Ultimate Ensemble achieves 84.53% accuracy, outperforming the best single-signal model by 1.28% while reducing false positives by 32%. Validation across both datasets confirms robustness with performance differences below 0.8%. These findings establish multi-signal fusion as the preferred paradigm for reliable automated sleep apnea screening, particularly for applications where minimizing false alarms is critical. Future work will focus on improving sensitivity through multi-task learning and prospective clinical validation. 
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