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Abstract 

In this study, we conducted a comparative analysis of deep convolutional neural network (CNN) models in predicting 

Obstructive Sleep Apnea (OSA) using electrocardiograms. Unlike other studies in the literature, this study automatically 

extracts time-frequency features by using CNNs instead of manual feature extraction from ECG recordings. For this 

purpose, the proposed model generates scalogram and spectrogram representations by transforming preprocessed 30-sec 

ECG segments from time domain to the frequency domain using Continuous Wavelet Transform (CWT) and Short Time 

Fourier transform (STFT), respectively. We examined AlexNet, GoogleNet and ResNet18 models in predicting OSA 

events. The effect of transfer learning on success is also investigated. Based on the observed results, we proposed a new 

model that is found more effective in estimation. In total, 152 ECG recordings were included in the study for training and 

evaluation of the models. The prediction using scalograms immediately 30 seconds before potential OSA onsets gave the 

best performance with 82.30% accuracy, 83.22% sensitivity, 82.27% specificity and 82.95% positive predictive value. 

On the other hand, the prediction using spectrograms also provided up to 80.13% accuracy and 81.99% sensitivity on 

prediction. The results show that the proposed CNN model can be used as a good indicator to accurately predict OSA 

events using ECG signals. 

Keywords: obstructive sleep apnea, prediction, electrocardiography, CNN   

Introduction  

Obstructive sleep apnea (OSA) is one of the most common types of sleep-related breathing disorder, which affects 

2-4% of adult population [1]. OSA is considered as an abnormal event that is characterized by repetitive periods of 

complete or almost complete cessation of air flow for more than 10 seconds [2]. Suffering from OSA may decrease quality 

of life and causes short-term effects such as awakening, hypoxemia, high blood pressure and might lead to fatal 

cardiovascular diseases, diabetes, depression and heart attacks [3, 4].   

Continuous positive airway pressure (CPAP) is known as a common treatment for OSA. It is a non-invasive way to 

supply continuous air through the patient’s nose or mouth, providing airway patency during sleep. Instead of supplying 

air constantly as CPAP, many algorithms are developed to detect the onset of irregular breathing and to titrate and adjust 

pressure levels adaptively. Auto-titrating positive airway pressure (APAP) therapy is developed to achieve higher 

efficiency of therapy by reducing the pressure level adaptively. Hence, it is crucial to develop correct detection and 

estimation methods of early diagnosis for breathing disorder on APAP’s efficiency and performance.   

The gold standard diagnostic test for OSA is polysomnography (PSG), which monitors many physiological 

parameters during sleep such as inspiratory airflow, oxygen saturation, body position, electromyography (EMG), 

electrocardiogram (ECG), and electroencephalography (EEG). By combining the information obtained from recorded 

signals, PSG introduces repeated periods of apnea and hypopnea in patients with OSA. Based on the number of 

occurrences per hour, Apnea-Hypopnea Index (AHI) classifies the subject as normal (AHI<5), mild OSA (5<AHI<15), 

moderate OSA (15<AHI<30) and severe OSA (AHI<30) [5]. However, PSG is a time-consuming and expensive method 

that requires many sensors, and a sleep specialist is needed to analyze recordings and interpret results.  

In order to solve the issues described above, fast, and robust algorithms have been presented in the literature that 

analyze and process PSG records for diagnosis and classification tasks by using signal processing techniques. Detection 

studies generally include single or multiple physiological signals such as ECG, oxygen saturation, EEG, EMG, and airflow 

for diagnosis of OSA. Feature engineering is employed in many studies by analyzing time and frequency domain 

information and by extracting nonlinear features from PSG records [6-11]. For this purpose, research experts who have 
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the sufficient knowledge and experience in the related field are needed however, it is hard for researchers to gain necessary 

field experience. Recently, deep learning algorithms are started to be applied for biomedical signal processing field. In 

deep learning, CNN is a type of deep neural networks that automatically extracts the most significant features by learning 

complex functions between input and output. Therefore, CNN approach requires no manual feature extraction since the 

features are automatically extracted through layers of CNN. Generally, deep learning used to process two-dimensional 

(2D) signals such as images, however biological signals are one-dimensional (1D) in most cases. Some researchers 

modified convolutional neural networks models, which are originally used for 2D classification tasks to do 1D signal 

classification. On the other hand, time-frequency spectrum representations like wavelet based scalograms [12-14] and 

Short Time Fourier transform based spectrograms [15-19] provide multidimensional analysis of biological signals and 

they are generated to form 2D images to feed the network. In the literature, many studies focus on ECG signals which are 

found to be significantly associated with respiratory events. When an apnea event occurs, the blood oxygen level starts to 

decrease, and the cardiovascular system compensates this by providing sufficient supply of oxygen to the body. Therefore, 

the detection of irregular heart activities or elevated heart rate variability can be treated as indicators of OSA [20]. Besides, 

characteristics of ECG like QRS complex durations [21], S waves and RS patterns [22] were also found to be associated 

with OSA. Singh and Majumder proposed a modified pre-trained CNN model AlexNet model for OSA diagnosis with 

continuous wavelet transform based (CWT) generated 2D scalogram images [14]. The network achieved the accuracy of 

86.22% with %90 sensitivity in 60 second segment OSA classification. Chen et al. proposed an upgraded version of pre-

trained network ResNet and achieved nearly 1% accuracy improvement compared to ResNet [23]. Li et al. used support 

vector machine (SVM) and artificial neural network (ANN) based classifier to classify features derived from ECG signals 

using a sparse auto-encoder. The accuracy of the classification per segment was 84.7% and the sensitivity was 88.9% 

[10]. Song et al. extracted features based on time and frequency domain from the ECG signals by using the Hidden 

Markov Model (HMM) approach for OSA detection. The accuracy of 86.2% and sensitivity of 82.6% are obtained by 

using the HMM model [11]. Urtnasan et al. segmented ECG signals into 10 second intervals and compared one-

dimensional convolutional neural networks, two-dimensional CNNs, deep neural networks (DNNs), recurrent neural 

networks (RNNs), long short-term memory and gated-recurrent unit models for automatic detection of sleep apnea [19]. 

Wang et al. modified LeNet-5 architecture and proposed a model for sleep apnea detection by using one-minute segments. 

Per-segment classification achieved %87.6 accuracy, %83.1 sensitivity and %90.3 specificity [24]. Urtnasan et al. 

proposed a deep learning architecture for OSA classification using a single-lead ECG. The results show that it is possible 

to classify events with 90.8% accuracy, 87% recall and 87% precision [25].  

When state-of-the-art methodologies are examined, it can be seen that most of them focus on detection of OSA 

episodes while only a few studies investigate predicting onset of event before it happens. OSA event prediction may be 

an effective tool to prevent these events before they occur. Moreover, forecasting an abnormal breathing pattern may lead 

to improve APAP’s treatment by implementing an early warning mechanism which allows the pressure levels to be 

managed more effectively. The prediction models can be helpful for sleep technicians by providing consistent supportive 

information about those who suffer from OSA. Waxman et al. used LAMSTAR neural network to predict events 30 to 

120 seconds into the future [26]. Six type of physiological signals from 74 subjects were preprocessed by using discrete 

wavelet transform as feature extractors. The prediction system obtained best results using 30-sec segments to predict 

events up to 30 seconds in advance. De Falco et al. proposed a model to predict an OSA episode in the next minute, based 

on the information obtained from the last three minutes intervals. IF-THEN rules are applied for the development of the 

algorithm from heart rate variability parameters of 35 subjects [27].  Maali and Al-Jumaily compared three types of neural 

networks (Elman, radial basis function and feed-forward back propagation) for various lead times [28]. Statistical features 

are extracted from the coefficients of wavelet transform and from the original signals. According to the results, best 

performance is obtained with average area under curve (AUC) of 0.866 when feed-forward neural network is used. 

In summary, previous featured works on apnea prediction require manual feature extraction from the segments prior 

to OSA, called pre-apnea, and use these features as an input to traditional machine learning algorithms. In this study, we 

investigated the performance and did a comparative analysis of AlexNet, GoogleNet and ResNet18 networks in predicting 

OSA segments using scalogram and spectrogram representations of ECG signals for various lead times. In order to 

investigate the efficiency of previously learned data from ImageNet, we repeated experiments for both transfer learning 

(TL) and training from scratch (Non-TL). Additionally, we proposed a modified residual CNN architecture that 

outperforms baseline experiments. To the best of our knowledge, this is the first study that utilizes scalograms and 
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spectrograms of ECG recordings to predict OSA events using CNNs. Compared to the other prediction studies, the 

proposed study is novel in a way that it suggests deep features of ECG recordings are sufficient to predict OSA events.  

Methods 

In this study, the performance of pre-trained network models AlexNet, GoogleNet, ResNet18 on OSA prediction 

using ECG signals were investigated. For this purpose, scalograms and spectrograms of Pre-OSA and Non-OSA episodes 

were fed as input to the networks and decided which representation is more effective in prediction. Transfer learning with 

fine-tuning was also performed to observe the effectiveness of pre-trained optimized parameters on ECG classification. 

Based on the acquired results, we proposed a modified residual network model that improved performance compared to 

the present models.  

AlexNet 

AlexNet is a sequential pre-trained network model trained by ImageNet database with more than a million of images 

and tested on 150,000 ImageNet test data with 60 million learnable parameters [29]. The first layer requires an input of 

227x227 RGB image. Therefore, input scalograms and spectrograms should be resized as a requirement of AlexNet. The 

network consists of 5 convolutional layers and 3 fully connected layers. The first convolutional layer has 96 filters of 

11x11x3 with a 4-stride. Rectified Linear Unit (ReLU) and cross channel normalization are applied to the outputs of 

convolutional layers. ReLU is an activation function that extracts nonlinear features. Cross channel normalization is used 

for channel-wise normalization. Max-pooling layer imposes a maximum pooling on the images to reduce the number of 

parameters on the output of ReLU or on the output of the normalization layer. Second convolutional layer consists of 2 

groups of 128 filters, each has 5x5x48 size with 1-stride and 2-padding. Third convolutional layer has 384 filters of 

3x3x256 with 1-stride and 1-padding and the fourth layer has 192 filters of 3x3x192 dimensions with 1-stride and 1-

padding. The last convolutional layer has the same dimensions and stride/padding values as the fourth convolutional layer 

but here, the number of filters is set at 128. The network produces 4096-dimensional feature vector after feature extraction. 

This is done by flattening multidimensional information into one-dimensional vector. A dropout layer is used for 

regularization in AlexNet with a probability of 0.5. This layer reduces the number of node connections randomly during 

training to avoid overfitting. This allows the network to be successfully trained even if the number of input data is not 

large. Second fully connected layer acts like the first fully connected layer and reshapes the output of the previous layer 

as 4096 nodes and the third fully connected layer maps the output into 1000 nodes. Consequently, softmax activation 

function is applied for the classification task.    

GoogleNet 

GoogleNet is a 22-layer-deep convolutional neural network with 7 million learnable parameters introduced by 

Google. Similarly, this pre-trained network can classify images into 1000 categories. The network is trained by using the 

ImageNet database. The network requires an input of 224x224 RGB images. The main difference of GoogleNet is that 

the architecture has nine inception layers, each contains parallel organized convolutional layers with filters sizes 1x1, 3x3 

and 5x5 activated by ReLU functions and a pooling layer. Acquired feature maps are then concatenated at the output of 

each inception module. GoogleNet also dramatically reduces the number of parameters in the network by replacing a fully 

connected layer in traditional CNNs with a global average pooling after the last convolutional layer. Unlike AlexNet, a 

dropout layer with a probability of 0.4 is used. More details of the structure of the architecture are described in [30]. 

ResNet18 

ResNet18, is an 18-layer-depth pretrained deep convolutional network in a form of residual network with 11.7 million 

learnable parameters. The network uses 224x224 RGB images as inputs like GoogleNet. The main idea behind the ResNet 

is based on observing negligible learning in previous layers when the depth of the network increases. In other words, 

when deeper network is used, the gradients with respect to the weights in earlier layers of the network becomes 

vanishingly small during back propagation that leads poor performance on learning. This problem is called “vanishing 

gradient”. Another issue is that higher training error may occur even without overfitting while performing optimization 

on huge parameter space. This phenomenon is called “degradation problem”. To overcome these problems, ResNet18 



4 

 

reuses features of previous layers during training (Fig. 1). The network has eight residual layers followed by a global 

average pooling, a 1000-node fully connected layer, and a softmax function for classification. 

 
 

Fig. 1 Basic representation of a residual block 

Fig. 1 demonstrates a simple approach on residual learning. The output of the previous layer X is multiplied by the weights 

and ReLU activation function is performed to get nonlinear output. Lastly, input X is added to the result and output Y is 

obtained for the next layer. In ResNet18 model, every convolutional layer output is normalized by batch normalization as 

described in Eq. 1. More descriptions of the ResNet architecture are explained in [31]. 

𝐵𝑁(𝑥𝑖) =  𝛼. ( 𝑥𝑖 − µ𝐵√𝜎𝐵2 + 𝜖) + 𝛽 (1) 

where 𝑥𝑖 is ith mini-batch, µ𝐵 is the mini-batch mean, 𝜎𝐵2 is the mini-batch variance, 𝜖 is random noise value for 

stability, 𝛼 and 𝛽 are trainable scale and shift parameters, respectively [32]. 

Deep transfer learning 

Transfer learning is the method of transferring the learned knowledge to a new deep learning model without building 

a CNN model from scratch. Transfer learning provides training in CNN applications where the training dataset is small 

by using and optimizing the knowledge of previously learned data. Mainly, this method enables acquired information to 

be passed from one domain to another in where the classification is performed. This allows pre-trained networks to be 

used in another task. This way, the pre-trained models mentioned above, which are trained with millions of images and 

have millions of weight parameters inside the network, are optimized for a new task. Compared to training from scratch, 

retraining optimized parameters with a new training set can not only achieve more effective results for various problems 

but also saves time on training of the model. For this purpose, fine-tuning is required to adapt the pre-trained network to 

a new task. Depending on the number of classes, a new classifier should be used that is more suitable for the new task. In 

our study, we used AlexNet, GoogleNet and ResNet18 models with two classes, Pre-OSA and Non-OSA, to investigate 

the efficiency of transfer learning on the entire network. Learning rate is a crucial hyperparameter that controls the weight 

optimization and ensures appropriate learning. Mini-batch size is another important parameter that can be described as 

number of samples to be used in each epoch during training. In this study, learning rate, mini-batch size, and the maximum 

number of epochs were determined as 0.0001, 64, and 30, respectively.     

Proposed CNN model 

Fig. 2 shows the block diagram of the proposed 2D deep CNN model to predict OSA events.  The model is a modified 

version of ResNet18 comprised of six residual blocks with varying number of convolutional layers. The network receives 

input as RGB images with the dimensions of 224x224. The model uses three kernels with sizes of 7x7, 3x3 and 1x1, and 

3x3 max-pooling regions. Batch normalization was used for normalization of mini-batches followed by ReLU activation. 

Several tests were applied where hyperparameters, depth of the network, number of layers, dropout ratio, number of nodes 

in fully connected layers and variations in residual connections were determined depending on the level of accuracy of 

the network. For our task, it has been concluded that it is possible to achieve better prediction performance with 9,354,114 

learnable parameters, compared to ResNet18 with 11,694,056 of them. The layer types, number of filters, size of filters 

with stride values and outputs obtained by the activation function of the proposed network are given in Table 1. Compared 

to ResNet 18, additional convolutional layers are introduced on the branches once every two repetitions before applying 

batch normalization. We employed global max pooling instead of global average pooling, which yields better prediction 
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performance during testing. Fully connected layer with 512 nodes was implemented followed by a dropout layer with a 

drop probability of 0.2 to control overfitting. Top fully connected layer has 2-nodes due to prediction task as the input 

data was labeled into two categories and, softmax activation was applied on the output for the final decision of the 

prediction model. Stochastic gradient descent algorithm was used for optimizing the weights of the proposed model. 

       Table 1 Architecture of the proposed 2D deep CNN model 

Layers # Filters 
Filter 

Size 
Output Stride 

Activation 

Function 

Input - - 224x224x3 - - 

Conv1 64 7x7 112x112x64 2 ReLU 

BN - - 112x112x64 - - 

Max Pool - 3x3 56x56x64 2 - 

Conv2 64 3x3 56x56x64 1 ReLU 

BN - - 56x56x64 - - 

Conv3 64 3x3 56x56x64 2 ReLU 

BN - - 56x56x64 - - 

Conv4 64 3x3 56x56x64 1 ReLU 

BN - - 56x56x64 - - 

Conv5 64 3x3 56x56x64 1 ReLU 

BN - - 56x56x64 - - 

Conv6 256 1x1 28x28x256 2 ReLU 

BN - - 28x28x256 - - 

Conv7 128 3x3 28x28x128 2 ReLU 

BN - - 28x28x128 - - 

Conv8 128 3x3 28x28x128 1 ReLU 

BN - - 28x28x128 - - 

Conv9 256 3x3 28x28x256 1 ReLU 

BN - - 28x28x256 - - 

Conv10 256 3x3 28x28x256 1 ReLU 

BN - - 28x28x256 - - 

Conv11 256 3x3 28x28x256 1 ReLU 

BN - - 28x28x256 - - 

Conv12 512 1x1 14x14x512 2 ReLU 

BN - - 14x14x512 - - 

Conv13 256 3x3 14x14x256 1 ReLU 

BN - - 14x14x256 - - 

Conv14 256 3x3 14x14x256 1 ReLU 

BN - - 14x14x256 - - 

Conv15 512 3x3 14x14x512 1 ReLU 

BN - - 14x14x512 - - 

Conv16 512 3x3 14x14x512 1 ReLU 

BN - -_ 14x14x512 - - 

Conv17 512 3x3 14x14x512 1 ReLU 

BN - - 14x14x512 - - 

Global Max Pool - - 1x1x512 - - 

Fully Connected - - 1x1x512 - ReLU 

Dropout - - 1x1x512 - - 

Fully Connected - - 1x1x2 - Softmax 

Note. Conv = convolution layer, BN = batch normalization, ReLU = rectified 

linear unit 
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Fig. 2 Proposed model’s architecture detail 

 

Subjects and datasets 

In this study, we combined ECG records from two publicly available datasets; HomePap [33] and ABC [33] for 

training, validation and testing procedures. One of the reasons for choosing these two datasets is to be able to conduct a 

comprehensive study that includes different variations of ECG recordings from different sources so that more robust and 

reliable results would be reached. Another reason is that CNN studies require lots of input data unlike traditional 

classification methods such as support vector machine (SVM), k-nearest neighbor (KNN) and Decision Tree, to maintain 

stability on training or prevent overfitting/underfitting. However, transfer learning allows us to use less number of inputs 

without worrying about whether the number of input data is insufficient or not. Since we utilized both transfer learning 

and training from scratch, we preferred to increase the number of subjects to obtain optimized results. HomePap database 

is composed of laboratory-based and home-based recordings. It is preferred to use baseline laboratory-based PSG records 

because OSA events are annotated with respect to the onset time of the events in accordance with the standards of the 

American Academy of Sleep Medicine (AASM) guidelines, which is crucial for our study. In total, this subset has 191 

PSG recordings of overnight sleep. Central sleep apnea (CSA), mixed sleep apnea, and cardiovascular disorders were the 

exclusion criteria for the study. Therefore, we eliminated the signals which does not have OSA events. Some of the ECG 

recordings have distorted parts for some durations which may probably be due to subject movement, or disconnections 

of sensors during sleep. We also eliminated these distorted recordings and ended up with 113 recordings (256 Hz sampling 

rate) ranging from mild to severe OSA. AHI (per hour), age (years), total sleep time (hour) and BMI (kg/m2) are 

28.74±19.31, 48.40±12.40, 5.54±1.20 and 35.81±8.50, respectively. ABC dataset has (256 Hz sampling rate) baseline 

overnight sleep records of 49 subjects of mild to severe PSG records. As in the previous dataset, eliminating the signals 

upon the criteria mentioned above, in total 39 records without no restrictions with AHI (per hour) of 32.43±23.78, age 

(years) 48.83±9.91, total sleep time (hour) 6.12±1.17, and 36.21±3.23 (kg/m2) are selected. In total, 152 single-lead ECG 

signals are used in the study.  
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Signal Preprocessing 

Baseline wander is known as low frequency artifact on ECG signals caused by electrically charged electrodes or 

subject movements. To remove this artifact, ECG signals can be filtered with a Finite Impulse Response (FIR) high pass 

zero phase filter with a cutoff frequency of 0.5 Hz [34]. Waxman et al. [26] tested various segment durations on prediction 

performance and concluded that best results were obtained when 30-sec segments prior to apnea are used for prediction 

and emphasized that as the segment duration increased, performance decreased. Consequently, we divided ECG signals 

into 30-sec intervals as Pre-OSA and Non-OSA. A Pre-OSA episode is defined as an interval prior to the onset of an OSA 

event. Also, to investigate the impact of various lead times on OSA prediction, multiple non-overlapping pre-apnea 

episodes are segmented into the future; 0-30 sec, 30-60 sec and 60-90 sec intervals. 0-30 sec interval is defined as the 

segment of 30-sec immediately before an OSA segment which does not include any CSA or mixed apnea event. Similarly, 

30-60 sec interval is the duration between 30s and 60s before an apnea onset and 60-90 sec defines the duration before 

60 sec of an OSA onset up to 90-sec prior to event. Non-OSA episodes are the intervals which does not include any OSA, 

CSA or mixed apnea event, representing normal breathing. Fig 3 demonstrates the segmentation of Pre-OSA intervals.  

As implied above, Pre-OSA episode should not contain segments related to any type of apnea events in our approach 

to prevent bias on training and to precisely classify OSA and Non-OSA cases. We observed that there were differences 

in the number of 0-30 sec, 30-60 sec and 60-90 sec segments. Especially in severe OSA patients, the number of OSA 

events per hour is relatively high. This implies that the duration between two repetitive events may be shorter than 30 

seconds or 60 seconds. Therefore 0-30 sec segments are the highest number intervals followed by 30-60 sec segments, as 

60-90 sec segments are the lowest. In total, Non-OSA episodes were 54.5% of the database while 14% were OSA 

segments, 14% were 0-30 segments, 9.45% were 30-60s and 8.05% were 60-90s segments. This imbalance problem 

between Non-OSA and Pre-OSA episodes is solved by performing synthetic minority oversampling technique (SMOTE) 

method [35]. This method is a useful oversampling method for ECG time series that balances the class distribution by 

adding artificially synthesized samples to the training dataset without duplicating the samples to prevent overfitting. 

Geometric transformations such as rotating, shifting, scaling, clipping etc. are other ways to increase the amount of 

training data. However, these methods are specifically not appropriate for ECG scalogram or spectrogram since these 

signals vary over time and even if feature extraction is performed, their features are still in time series. Thus, if we had 

applied geometric transformations over ECG scalogram and spectrogram, we would disrupt time domain features. Due to 

this reason, firstly we increased the amount of data in time series by SMOTE algorithm, then transformation into 2D 

matrix was applied. Consequently, preprocessed episodes, which are normalized and balanced, were fed into CNN 

network models for OSA prediction. 

In total, 13506 segments were obtained for each of 0-30 sec, 30-60 sec, 60-90 sec and Non-OSA segments. In total, 

27012 episodes are divided into training, validation, and test sets to perform classification between 0-30 sec vs Non-OSA 

segments, 30-60 sec vs Non-OSA segments and 60-90 sec vs Non-OSA segments. We set 10% of dataset for testing, 10% 

for validation and 80% for training. The number of HomePap segments is two-thirds of the number of segments in ABC 

set for both classes. For this reason, a proportional distribution was made on training, validation, and test sets. Therefore, 

60% of the training set belongs to the HomePap dataset and the remaining 40% to the ABC dataset. Similarly, validation 

and test sets have the same ratio. Each set is composed equal number of Pre-OSA and Non-OSA segments. CNN networks 

are also tested for OSA detection to confirm our results. For this task, OSA duration is again defined as 30-sec and the 

intervals starts from one second before the beginning of event and end 29 seconds later.    
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Fig. 3 Segmentation of Pre-OSA intervals 

 

Formation of spectrogram and scalogram images 

The key task for a successful and precise classification is the selection of features. To extract these features from 

ECG segments we converted time series data into time-frequency spectrograms and scalograms for training, validation 

and testing. Short-time Fourier transform (STFT) is a way to investigate both instantaneous frequency and instantaneous 

amplitude of localized waves with time-varying features [36]. Thus, it is possible to track frequency components of a 

segment according to time data and represent them as images. In our study, each 30s segments (1 x 7680) that belong to 

Pre-OSA and Non-OSA episodes were converted into spectrograms by calculating STFT given as, 

𝑆𝑇𝐹𝑇{𝑥[𝑛]} = 𝑥[𝑛, 𝑘] = ∑ 𝑤[𝑚]. 𝑥[𝑛 + 𝑚]. 𝑒−𝑗𝑚(2𝜋𝑘𝑁 )𝐿−1
𝑚=0  (2) 

where 𝑥[𝑛], 𝑛 and 𝑘 denote the input ECG segment, time and frequency components, respectively. Window function is 

represented with 𝑤[𝑚]. Hanning window with a window length of 128-point and an overlap value of 64-point is used. 

Each segment size was determined according to the input size of the network. Therefore, each spectrogram was resized 

by the requirement of the network. 

Another method to represent time-frequency components of a 1D signal by a 2D matrix is to utilize absolute value 

of the Continuous Wavelet Transform (CWT) coefficients, referred as scalogram. Main difference between STFT and 

CWT is that Fourier analysis represents the signal by sinusoids of various frequencies, while CWT uses mother wavelet 

to decompose the signal into scaled or shifted variants to provide multiscale analysis. Morphology of mother wavelet is 

crucial because it provides less distorted and better noise filtered components when a signal is decomposed [37]. Morse 

wavelets are found to be an appropriate mother wavelet family that decomposes ECG signals efficiently [12]. For this 

reason, Morse wavelets were used in this study as mother wavelet for signal decomposition with voices per octave equal 

to 12.  

The continuous wavelet transform decomposition can be defined as, 

𝐶𝑊𝑇(𝑎, 𝜏) 1√𝑎 ∫ 𝑓(𝑡) ∗  𝜓 (𝑡 − 𝜏𝑎 )+∞
−∞  (3) 

where, 𝑓(𝑡) is the ECG segment, 𝜓 represents mother wavelet, 𝑡 is time variable, 𝜏 is shift factor while 𝑎 is scale factor. 

Thus, absolute value of Eq. (3) represents time-frequency scaled scalogram for the input signal 𝑓(𝑡). Fig. 4 demonstrates 

spectrogram and scalogram representations of OSA and Non-OSA segments.  
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                                           (c)              (d) 

    
                            (e)               (f) 

 

Fig. 4 (a) OSA segment in time domain, (b) Non-OSA segment in time domain, (c) Scalogram of OSA 

segment shown in (a), (d) Scalogram of Non-OSA segment shown in (b), (e) Spectrogram of OSA segment 

shown in (a), and (f) Spectrogram of Non-OSA segment shown in (b) 

 

The difference between OSA and Non-OSA episode can be distinguished visually on color intensities of low 

frequencies especially on scalograms (Fig 4). During OSA, abnormal heart activities occur which results in an increase 

in R-R durations [20], causing changes on QRS complex durations [21], S waves and RS patterns [22]. These may result 

in changes in magnitudes of time-frequency components in scalogram representations and may lead to morphological 

variations in the patterns of ECG data until the termination of the event (Fig.4.c). Similarly, abnormal heart activities lead 

to alterations on magnitudes of frequency components on spectrogram representations causing different patterns on the 

QRS complex (Fig.4.e) which is picked up by CNN as features to learn and distinguish two classes. Scalogram and 

spectrogram representations of example Pre-OSA segments are given in Fig. 5. 

 

Results 

All the preprocessing and deep learning implementation were carried out in MATLAB (R2020a) environment 

running on a computer with NVIDIA GeForce GTX 950M graphics card, Intel(R) Core™ i7-6700HQ processor, 16 GB 

RAM and Windows 10 64-bit operating system. All the experiments were completely supervised, and the gradients were 

backpropagated to the convolutional layers from the softmax layer. Stochastic gradient descent algorithm was used for 

optimizing the parameters by minimizing cross-entropy loss function with a learning rate of 0.0001. This learning rate is 

then multiplied with a constant that is determined by the multiplication of the bias of the last fully connected layer and 

the learning rate. We evaluated the prediction success of all models by computing accuracy, sensitivity, specificity and 

positive predictive value (PPV) measures which are defined as, 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  𝑇𝑃 + 𝑇𝑁𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁   𝑥 100 (4) 

 

𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 =  𝑇𝑃𝑇𝑃 + 𝐹𝑁  𝑥 100 (5) 
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𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =  𝑇𝑁𝑇𝑁 + 𝐹𝑃 (6) 

 

𝑃𝑃𝑉 =  𝑇𝑃𝑇𝑃 + 𝐹𝑃   𝑥 100 (7) 

 

               
                 (a)                                                                                            (b) 

       
                                            (c)                                                                                           (d)                  

       
                                            (e)                                                                                            (f) 

 

Fig. 5 Scalograms of 0-30s, 30-60s, 60-90s intervals prior to OSA in (a), (c), (e) and spectrograms of 0-30s, 30-60s, 

60-90s intervals prior to OSA in (b), (d), (f), respectively 

 

where true positive (TP), true negative (TN), false positive (FP) and false negative (FN) define the number of episodes. 

TP is the number of correctly detected Pre-OSA segments predicted as Pre-OSA, and TN indicates when Non-OSA event 

is predicted as Non-OSA. FP refers to the number Non-OSA events predicted as Pre-OSA event and FN is defined as the 

number of events where Pre-OSA segment is predicted as Non-OSA.  

In this study we aimed to investigate the effect of transfer learning (TL) for various lead times of 30-sec segments on 

pre-trained networks; AlexNet, GoogleNet and ResNet18. For this purpose, experimental results were obtained from both 

Non-TL and TL methods. It should be mentioned that we used true annotations of Pre-OSA segments to predict the type 

of event in the future. We also tested all of the aforementioned models on OSA detection in order to interpret prediction 

performance since performance results on detection is expected to be higher than prediction. Average accuracy results 

with AlexNet, GoogleNet and ResNet18 are illustrated in Fig. 6. Performance results with the evaluation metrics are given 

in Table 2 and Table 3. Due to random weight initialization in the network, results may vary when retraining is performed. 

Therefore, we repeated training process ten times to assess the performance of the proposed prediction model when TL 

or Non-TL is performed.  
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          (a)                                                                            (b) 

 
(c) 

 

Fig. 6 Prediction accuracy for (a) AlexNet, (b) GoogleNet and (c) ResNet18 

Fig. 6 shows a decrease in performance as the prediction lead time increased for all models. It is concluded that 30-

sec intervals immediately before an OSA segment involves the most informative features that helps detecting the presence 

of OSA in the future. Pre-trained networks yielded better performances as results prove that transfer learning enhanced 

the success rates compared to Non-TL. Scalogram features provided slightly improved results on classification for most 

cases in transfer learning, 0.53% for 0-30 sec segments, 1.4% for 30-60 sec segments and 6.53% with 60-90 sec segments. 

The only exception was on OSA detection results, where AlexNet classified spectrograms better compared to scalograms 

with 1.28% improvement in accuracy. On the other hand, training from scratch results prove that spectrograms were able 

to represent better classification performance only on GoogleNet where the OSA segments are detected more accurately 

by 2.03% and 0-30sec segments performed 3.98% better on prediction. Sensitivity was higher than specificity for all 

models except GoogleNet on Non-TL. This implies that the models are more effective in predicting potential OSA events 

than in predicting Non-OSA episodes in most cases, even if TL is used or not. As expected, detection results achieved the 

highest accuracy. It is possible to detect OSA episodes up to 84.96% accuracy with AlexNet using spectrograms while 

ResNet18 performed similar detection results with an accuracy of 83.40% and 83.67% using spectrogram or scalograms, 

respectively. Despite having the lowest detection results, GoogleNet is able to classify OSA events with 80.04% accuracy 

by using scalogram representations which is considered to be sufficient. ResNet18 not only achieved higher prediction 
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results on 0-30 segments but also outperformed AlexNet and GoogleNet for higher lead times. Therefore, ResNet18 is 

considered to be more effective than other models in terms of prediction.  

Table 2 Average performance results of ten repetitions when Non-TL is performed 

 

AlexNet GoogleNet ResNet18 

Detection 0-30s 30-60s 60-90s Detection 0-30s 30-60s 60-90s Detection 0-30s 30-60s 60-90s 

Accuracy 

(%) 

Scalogram 82.78 73.63 68.40 65.63 70.67 63.85 60.25 58.37 80.69 75.45 73.13 70.42 

Spectrogram 78.59 70.44 65.41 59.00 72.70 67.83 59.39 57.19 80.55 74.52 72.59 68.89 

Sensitivity 

(%) 

Scalogram 85.39 77.68 69.36 65.59 70.03 62.21 59.54 55.47 82.38 77.27 74.75 72.91 

Spectrogram 80.52 72.23 67.75 60.14 70.56 64.17 57.38 55.43 82.86 75.65 72.92 70.45 

Specificity 

(%) 

Scalogram 80.44 72.84 64.03 61.08 71.36 68.88 62.19 59.57 78.81 73.93 70.17 69.00 

Spectrogram 77.85 68.83 64.78 57.91 74.68 68.09 61.33 60.65 78.48 72.18 69.56 66.46 

PPV 

(%) 

Scalogram 82.38 76.85 67.02 66.21 70.54 65.82 59.99 57.34 80.87 76.34 73.54 71.28 

Spectrogram 78.70 73.37 63.53 59.95 73.40 65.46 59.39 56.80 83.50 75.90 73.15 71.67 

 

Table 3 Average performance results when TL is performed on pretrained models 

 

AlexNet GoogleNet ResNet18 

Detection 0-30s 30-60s 60-90s Detection 0-30s 30-60s 60-90s Detection 0-30s 30-60s 60-90s 

Accuracy 

(%) 

Scalogram 83.68 77.27 73.52 70.75 80.04 69.04 66.10 62.11 83.67 78.05 75.05 73.77 

Spectrogram 84.96 76.74 72.61 69.53 78.92 68.75 66.02 61.38 83.40 77.78 73.65 70.28 

Sensitivity 

(%) 

Scalogram 84.31 78.27 75.63 71.50 82.59 71.09 68.30 62.64 84.43 79.89 75.26 74.25 

Spectrogram 86.87 77.73 74.99 70.84 79.93 70.86 66.45 61.63 85.45 78.68 73.93 70.36 

Specificity 

(%) 

Scalogram 81.04 76.38 71.17 69.17 79.08 67.52 65.19 60.47 83.00 76.00 73.55 72.71 

Spectrogram 84.22 75.81 71.95 67.31 78.68 67.26 64.16 57.90 82.78 76.79 73.35 68.23 

PPV 

(%) 

Scalogram 83.00 79.45 75.75 72.82 79.96 68.63 65.58 61.56 85.42 78.29 75.39 74.88 

Spectrogram 84.64 75.65 74.10 68.03 78.96 69.96 64.63 61.75 83.06 78.93 74.29 70.30 

 

As shown in Table 4, similarly in AlexNet, GoogleNet and ResNet18, prediction performance increases when an 

OSA event gets closer. The proposed model was found more effective in detecting and predicting events as the network 

achieves up to the highest accuracy of 85.20% in detection and 82.30% in prediction with scalograms.  Similarly with 

pre-trained models, we observed that prediction of the proposed network provides the highest performance for scalograms 

(Fig. 7). In contrast to Non-OSA segments, the network is more sensitive to Pre-OSA events for both scalograms and 

spectrograms in all leading times. Similarly, higher positive predictive values are acquired with the proposed network 

compared to previous models. It can be inferred from these results that the proposed CNN model is developed successfully 

and configured to predict OSA events from ECG signals.  

Table 4 Average performance results of the proposed network  
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Proposed Network 

Detection 0-30s 30-60s 60-90s 

Accuracy 

(%) 

Scalogram 85.20 82.30 78.91 75.66 

Spectrogram 84.70 80.13 77.57 74.55 

Sensitivity 

(%) 

Scalogram 86.27 83.22 80.01 76.14 

Spectrogram 85.80 81.99 78.97 74.95 

Specificity 

(%) 

Scalogram 85.01 82.27 77.87 75.16 

Spectrogram 83.89 77.25 77.23 74.24 

PPV 

(%) 

Scalogram 85.66 82.95 80.33 75.75 

Spectrogram 84.76 78.74 77.62 74.37 

 

 

 

Fig. 7 Average prediction accuracy of the proposed network 

Gradient Weighted Activation Maps (Grad-CAM) is a powerful tool [38] to distinguish Pre-OSA and Non-OSA 

representations visually.  This method emphasizes the discriminative features of the signal for the network by producing 

an averaged heatmap from the input image. In this study, Grad-CAM heatmaps of the top addition layer of the proposed 

network are overlapped onto the input image. In Fig. 8 a set of Grad-CAM images of various classes are given. It can be 

clearly seen that discriminative deep features of the predicted classes are revealed as the color transitions from blue to red 

direction.  
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                     (a)                                            (b)                            (c)                                (d)        

       
                      (e)                                           (f)                                             (g)                                           (h)                        

        
                      (i)                                     (j)                                           (k)                                (l) 

 

Fig. 8 Grad-CAM images obtained from 0-30s segments (a) Non-OSA scalogram, (b) Pre-OSA scalogram, (c) Non-

OSA spectrogram, (d) Pre-OSA spectrogram; Grad-CAM images obtained from 30-60s segments (e) Non-OSA 

scalogram, (f) Pre-OSA scalogram, (g) Non-OSA spectrogram, (h) Pre-OSA spectrogram and Grad-CAM images 

obtained from 60-90s segments (i) Non-OSA scalogram, (j) Pre-OSA scalogram, (k) Non-OSA spectrogram, (l) Pre-

OSA spectrogram 

According to Fig. 8, ECG characteristics represent discriminative features for both type of representations by 

highlighting different patterns between classes. In Fig. 8 (a), (e), and (i) dominant features are centered in the middle of 

the image around 20 Hz, however these regions are not considered to be distinctive in Pre-OSA segments. Similarly, in 

Fig. 8 (c), (g), and (k) Grad-CAMs of spectrograms reveal frequencies around 10-20 Hz have higher sensitivity compared 

to Pre-OSA spectrograms as the discriminative patterns are centered at the bottom of images. In other words, mid-level 

frequencies and the harmonics of these frequencies provides distinctive features for spectrogram classification as either 

Pre-OSA or Non-OSA. These results support that electrical activities of the heart may vary not only during OSA events 

but also in Pre-OSA intervals. Average accuracy and loss graphs of the proposed model during training is given in Fig. 

9.  

 

          



15 

 

        (a)                                                                   (b) 

         
                                                                (c)                                                                 (d) 

 

Fig. 9 (a) Average accuracy graph of scalograms, (b) average loss graph of scalograms, (c) average accuracy graph of 

spectrograms and (d) average loss graph of spectrograms. 

Discussion 

Based on the results given in Table 2 and Table 3, ResNet18 outperformed AlexNet and GoogleNet on predicting 

OSA events. Time-frequency features of scalograms were found more distinguishing on predicting OSA and Non-OSA 

segments. Transfer learning on pre-trained networks improved results on prediction of OSA segments in terms of 

accuracy, sensitivity, specificity and PPV. We found that optimized weights trained with ImageNet database provided 

more promising results compared to Non-TL on pre-trained networks for OSA prediction. When using GoogleNet, we 

observed that as the depth increases the prediction success rate of the network decreases. A possible reason for this 

outcome is that the high-level features may not be suitable for our model on 30 sec segments. On the other hand, having 

fewer layers in AlexNet results in lower success rate in classifying scalogram and spectrogram images. Having more 

depth compared to AlexNet and less depth than GoogleNet, ResNet18 performed well on solving the vanishing gradient 

problem by using the residual connections. We further designed a modified ResNet model which outperformed our 

previous experimental results. Increasing the number of convolutional layers in certain residual blocks improved the 

system in terms of obtaining features that helps distinguishing the classes. Utilizing global max pooling instead of global 

average pooling affected the success of the model. A dropout layer and 512-nodes fully connected layer reduced the 

overall number of node connections of the network therefore prevented overfitting. These modifications allowed us to 

achieve better optimized results with less trainable parameters compared to ResNet18 architecture. Table 4 illustrates the 

proposed network provided higher prediction accuracy for both scalograms and spectrogram representations which 

suggests that both types of representations are applicable in terms of predicting OSA events. 30-second segments 

immediately prior to OSA events were found more predictive, indicating that the change in cardiac activity was greatest 

within 30 seconds immediately before the OSA onset. This suggests that possible alterations can happen in the amplitude 

of the QRS complex, on the duration of R-R intervals, or on other electrophysiological patterns of the heart before an 

OSA event. Moreover, Grad-CAM images supported this outcome and visually represented the differences between the 

two classes at various leading times (Fig 8). Eventually, 0-30 sec segments reached the highest performance with an 

accuracy, sensitivity, specificity and PPV of 82.30%, 83.22%, 82.27% and 82.95% by using scalograms of ECG signals, 

respectively. We also tested CNNs on the detection of OSA segments. It should be mentioned that our primary goal was 

not to improve success for OSA detection but to validate prediction performance on AlexNet, GoogleNet, ResNet18, and 

the proposed model by comparing with detection results. The highest performance was acquired on detection for all 

models as expected. Therefore, detection results were considered as a good indicator for prediction experiments. We 

observed that the segments at a distance more than 90 seconds from the onset of apnea yield poor prediction performance 

results, thus prediction analysis was not done for these episodes. Waxman et al. [26] achieved OSA prediction with 

80.26% sensitivity, 72.78% specificity and 75.1% PPV with LAMSTAR neural network by using 30-sec segments into 

the future. Compared to these results, automatic feature extraction with a CNN model promises to be a more efficient 

method of predicting OSA events. De Falco et al. extracted heart rate variability (HRV) features from 35 subjects and 

classification with a set of IF-THEN rules resulted in an average accuracy of 84.26%, sensitivity of 84.70%, specificity 
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of 81.17% [27]. However, the database was annotated for each 1-minute segments, and only checks for whether an apnea 

occurs within that period or not. This means the exact timing of the OSA event is unclear. Whether OSA can be occurred 

in the beginning or at the end of the segments, this segment is annotated as an OSA segment. For our case, we used 

predictive segments based on the onset time of events for more precise and reliable prediction. In [28], the best results 

were obtained when Feed-Forward backpropagation is used with 30-second lead time and an average area under curve 

(AUC) equal to 0.866. AUC is defined as the total area under the receiver operating characteristics (ROC) curve. The 

mean ROC curves of our proposed model for detection and various prediction lead times are presented in Fig. 10. To 

confirm our results, we evaluated AUCs of the proposed model that achieved the most effective results on detection and 

prediction. The model performed an average AUC equal to 0.928, 0.901, 0.806 and 0.833 for scalograms and 0.912, 

0.878, 0.852 and 0.815 for spectrogram representations of ECG segments on detection, 0-30 sec, 30-60 sec and 60-90 sec 

segments, respectively. Thus, it can be concluded that 30-sec intervals immediately before OSA segments outperformed 

on prediction using time-frequency characteristics based scalogram and spectrogram images.  

  

(a)                                                                                  (b)  

 

Fig. 10 ROC curves for the (a) Scalogram classifiers and (b) Spectrogram classifiers. 

This study has certain limitations. Firstly, this study only predicts OSA events, but does not consider the other types 

of sleep apnea like central, mixed apnea and hypopnea. Therefore, false detection could be observed when other sleep-

disordered breathing (SDB) events are encountered. Secondly, using more subjects would have enabled a more accurate 

evaluation of models by having a larger training and test set. Finally, movement and snoring activities were not completely 

filtered out from the ECG signals. In a further study, we should conduct research that addresses these limitations by 

widening the scope of the work for the development of more robust models. 

Conclusion 

In this study a comprehensive analysis of automatic prediction of OSA using deep learning is presented. Time-

frequency characteristics of scalograms and spectrograms of ECG segments are generated to be fed into deep learning 

models. Well-known pre-trained networks AlexNet, GoogleNet and ResNet18 are considered as baseline methods to 

observe efficiency in prediction. Transfer learning is also used to observe the potential efficiency on learning task. 

ResNet18 exhibited reliable results when transfer learning used on the task. A novel robust CNN network is proposed 

composed of residual network blocks and can be considered as the modified version of ResNet18. The proposed model 

achieved better results compared to AlexNet, GoogleNet, and ResNet18 with scalogram and spectrogram inputs, 

presenting that single-lead ECG signals can possibly be used as an indicative tool on predicting OSA events. 
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Figures

Figure 1

Basic representation of a residual block



Figure 2

Proposed model’s architecture detail



Figure 3

Segmentation of Pre-OSA intervals

Figure 4



(a) OSA segment in time domain, (b) Non-OSA segment in time domain, (c) Scalogram of OSA segment
shown in (a), (d) Scalogram of Non-OSA segment shown in (b), (e) Spectrogram of OSA segment shown
in (a), and (f) Spectrogram of Non-OSA segment shown in (b)

Figure 5

Scalograms of 0-30s, 30-60s, 60-90s intervals prior to OSA in (a), (c), (e) and spectrograms of 0-30s, 30-
60s, 60-90s intervals prior to OSA in (b), (d), (f), respectively



Figure 6

Prediction accuracy for (a) AlexNet, (b) GoogleNet and (c) ResNet18



Figure 7

Average prediction accuracy of the proposed network



Figure 8

Grad-CAM images obtained from 0-30s segments (a) Non-OSA scalogram, (b) Pre-OSA scalogram, (c)
Non- OSA spectrogram, (d) Pre-OSA spectrogram; Grad-CAM images obtained from 30-60s segments (e)
Non-OSA scalogram, (f) Pre-OSA scalogram, (g) Non-OSA spectrogram, (h) Pre-OSA spectrogram and
Grad-CAM images obtained from 60-90s segments (i) Non-OSA scalogram, (j) Pre-OSA scalogram, (k)
Non-OSA spectrogram, (l) Pre- OSA spectrogram



Figure 9

(a) Average accuracy graph of scalograms, (b) average loss graph of scalograms, (c) average accuracy
graph of spectrograms and (d) average loss graph of spectrograms.



Figure 10

ROC curves for the (a) Scalogram classi�ers and (b) Spectrogram classi�ers.


