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Abstract: This study aimed to develop Bayesian Network 
model integrated with Deep Learning to help doctors diagnose 
Obstructive Sleep Apnoea Syndrome (OSAS) more holistically and 
clearly. The results of this research will produce a useful and 
beneficial clinical workflow for future support in health care. The 
model will be developed based on the methods of analysis and the 
quantitative data used to compromise the developing of Hybrid 
Bayesian Network in Neural Network using Deep Learning 
Algorithm. The aim of this study was to apply a hybrid model of 
convolutional neural network (CNN) that could be used during 
sleep consultation to determine the need for electrocardiography 
(ECG) signals stimuli for Polysomnography (PSG).  

Keywords: Convolution neural network (CNN), Obstructive 
sleep apnoea syndrome (OSAS), Polysomnography (PSG), 
Electrocardiography (ECG)  

I. INTRODUCTION 

Obstructive sleep apnoea (OSA) is a sleep-related respiratory 
syndrome causing a frequent transient breathing delay 
leading to the upper airway narrowing or closure during 
sleep. This occurs when the muscle relax when resting, 
inducing loss of soft tissue at the back of the throat and 
restricting the upper water. This occurs as muscles relax 
during sleep, creating a breakdown in the soft tissue behind 
the neck, covering the upper air. This can contribute to a 
slight change of breathing or to a full delay in sleep for at 
least a period of 10 seconds. Anyone can be impacted by 
OSAS, but in some individuals it is more common: male, 
elderly, middle aged and might be over-weight as well. The 
disease must be taken strictly in medical care because it is 
closely associated with certain major diseases such as high 
blood pressure, stroke, asthma and diabetes.  
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The surveillance of OSAS in patients affected, including 
patients who receive medical therapies or certain types of 
drugs is essential. In perioperative situations when a patient is 
undergoing surgery and after that control is extremely 
important. Presently, clinicians were exposed to a sleep study 
called Polysomnography (PSG) to evaluate OSAS. 
Nonetheless, it is quite complex, as it requires 
electrooculogram, electroencephalogram, oronasal airflow, 
chest wall and abdominal wall movement, oxygen saturation 
and Electrocardiogram (ECG) tests. Its procedure has several 
inconveniences. An added downside, because of the 
maximum amount of wires, leads, tubes and. Much more 
connected to the patient, is that patients should remain at the 
same location during the test for the remainder of the day. 
There are also no areas to check, implying that clinicians 
have a long time to wait.  A prototype of contactless 
multisensor has been developed by Promprapa, A., Sayani, 
M.S., Anwar, T. and others to detect vital parameters and a 
deep learning hybrid model proposed based on convolutional 
neural network (CNN) and recurrent neural network (RNN). 
The study aimed to develop Bayesian Network model 
integrated with Neural Network to help doctors in getting 
more holistic and clear diagnosis of OSAS. The findings 
from this research will produce a useful and benefit medical 
workflow for future healthcare support. The model will be 
created based on the research methodology and qualitative 
data used which compromises every step in developing a 
Hybrid Bayesian Network- Deep Learning. Few case studies 
has been chosen in order to define the problem of current 
Deep Learning System.  

II. OBSTRUCTIVE SLEEP APNEA 

The literature notes that the OSAS treatment tolerance 
rates in the Health Center are low, as the condition has not 
been taken seriously [2]. That is because, [2] has proved in 
their research paper that in United Kingdom, just 58% people 
of snore or whose spouse snores in the context of OSAS, 42% 
of people did not know about OSAS. [12] believed that 
OSAS is a very major disease and that it needs to be taken 
seriously by medical centre, as OSAS impacts not only the 
person themselves but also family surrounding them. [3] 
stated that OSAS patient had excessive sleepiness during 
their day and less professional performance, the pace of 
response was sluggish, incapable of deciding and also 
decreased focus. Taking into account the complication of 
OSAS in brain and cardiovascular system, [12] notes that 
OSAS could adversely affect line span and quality, which is 
thought to involve a body 
multisystem.  
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This disease also can lead to high rates of employment and 
road accidents, among other effects.  
Not only that, OSAS can affect children as well. This was 
shown when [4] surveyed that there were 1-5.7% from 
new-borns to young people who were living with OSAS. 
Despite that, OSAS has been widespread in pre-schoolers 
aged three to five, since there are high peaking of lymphoid 
tissue growth. OSAS can affect their daily lives since they are 
still small and kids and their will make a joke of them if 
OSAS children sleep during classes.  

III. THE CONCEPT OF MEDICAL INFORMATICS 

Study and application of methods for strengthening patient 
data collection, population data, diagnostic records and other 
knowledge related to patient treatment and public safety have 
been researched and used in medical informatics. It is a 
young science that evolved in the decades after the digital 
computer was invented in the 1940s. [7] identified that 
medical technology has a multidisciplinary dimension which 
interacts with various fields, including public health, 
biomedical science and computer science, cognitive sciences 
and information. By the 1970s, medical information 
engineering had invaded the medical world. Doctor’s offices, 

hospitals and even small clinics all used computer-based 
medical reports to help track patient treatment and 
improvement.  

Two hundred years ago, [8] health workers established 
scientific data gathering and storage as a means for collecting 
data. Nevertheless, few doctors knew that the manner in 
which illness and its diagnosis were documented had to alter 
empiricism by more ritualistic and testable methods. In this 
new area, however, the medical and organizational structures 
that affect random choice in therapies must be substituted by 
therapy that both be formalized, evaluated and fairly utilized. 
That is due to the fact this modern medicine has moved away 
from seeing a classification of illnesses in order to make it 
more comprehensible to the illness. By looking things at a 
system level, hospitals or even the patient himself will 
become more and more acquainted with what it is to be ill and 
how it can be described or reversed.  

Medicine and medical care is rapidly driving the economy 
around the world [14, 15] and IT is one of their most valuable 
resources [13]. Effective and efficient information systems 
are therefore particularly needed. Such structures should, 
moreover, be constantly adjusted to the changing demands in 
medicine and medical care.  

IV. DEEP LEARNING ALGORITHM 

Deep learning, which has compromised several hidden 
layers of artificial networks has become evident in Machine 
Learning (ML) research since 2016. The best efforts of the 
Artificial Intelligence (AI) community for a long time have 
made deep learning significant progress in solving problems, 
because deep learning appears to be the best way in 
high-dimensional information to recognise structures in 
high-dimensional data thus, to be important for many areas of 
business, research and government. In addition, Deep 
Learning has also pushed through other techniques of ML for 
predicting prospective drug molecules, brain circuit 
reconstruction, analysing particle accelerator data and 
forecasting the effects on disease and expression of gene 
mutations in DNA non-coding. It has also provided 
outstanding results in the field of Natural Language 

processing for various tasks, especially in the areas of 
sentiment analysis, language translation and the response of 
questions [9].  

In previous literature, [1] used two hybrid models which 
are convolutional neural network (CNN) and recurrent neural 
network (RNN) to detect vital parameters and Deep Learning 
Algorithm for apnoea detection. CNN is most commonly 
applied to analysing visual imagery.  

 

 
Figure 1. CNN image classification pipeline 

 
Figure 1 shows the example of an architecture for CNN. CNN 
is most commonly applied to analysing visual imagery. 
CNN’s information flow takes place in only one direction, 

passing the result from one input to another input [6]. Figure 
2 shows the example of RNN. It is a class where there are 
connections between nodes from a directed graph along a 
sequence. RNN allows it to exhibit temporal dynamic 
behaviour for a time sequence.  

 

Figure 2. Example of RNN 
 

Figure 2 shows a flowchart of the methods used in the paper. 
The trained network is used for the analysis and the capacity 
of the network to accurately identify the OSAS condition in 
the testing phase to interpret data details from segments other 
than those used for training. Therefore, the approach 
described in this article deletes the need for the use of 
independent extraction of features and OSAS classification 
algorithms.  

V. DATA ANALYSIS 

The proposed analysis consisted layered structures 
corresponding to CNN, where each layer has its clear-cut 
functions for supervised learning. The main standard of deep 
learning is to find new features that are well related to the 
small number of features that are available from the data in 
the training data set. Single lead ECG waveform recordings 
are used from several subjects with various OSAS conditions.  
Each wave recorded is considered to consists of several 
tandem sequential segments, lasting one minute each. Each 
segment is identified and analysed by medical experts to 
decide whether or not the segment constitutes an apnoeic 
case.  
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Such waveform segments from the subjects form the input 
dataset and are fed into the deep learning algorithm based on 
the CNN. The various features are learned from the training 
data in different initial layers of the network classify there 
features into correct categories, such as normal/apnoeic 
episodes.  

 

 
Figure 3. Flowchart of the proposed methodology 

 
Figure 3 shows a flowchart of the methods used in the paper. 
The trained network is used for the analysis and the capacity 
of the network to accurately identify the OSAS condition in 
the testing phase to interpret data details from segments other 
than those used for training. Therefore, the approach 
described in this article deletes the need for the use of 
independent extraction of features and OSAS classification 
algorithms.  
\Such network models have been used for image analysis for 
the majority of applications. In the work presented here, it is 
used to process time series data. In the following paragraphs, 
the planned network is discussed, and the complete scheme is 
shown in Figure 4. This is evident in Figure 4, which 
compromises of several layers in the CNN structures. These 
layers can be repeated n number of times, depending upon the 
level of accuracy required. The layers are defined as follows:  

A. Input Layer 
The recorded lead ECG signals from different sleep-disorder 
subjects are received in this layer. The dimensions of 
different layers are shown in Figure 2. For each one-minute 
segment, each input data has 600 specimens.  

B. Convolution Layer 

Each 
layer conducts the ‘convolution filtering’ of the input data to 
determine the important features of the data and spreads 
information through the following layers. The 1D signal 
(sequence) convolution can be represented mathematically as  

where 
 
 
is the signal and 
 
 
is the convolutional kernel. 
In the CNN, each convolutional represents a kind of 
functions, such as temporal variance design, flat data edges, 
subtle amplitude variations and many more. 20 convolution 
kernels have been used and kernel weights randomly 
initialized in the network listed. By back-propagation 
learning, weights are then modified. The dimension of the 
filter structure in the first convolution layer can be defined as 
[1 x 6 x 20]. It is done by test and error method, just as in the 

traditional Neural Network layer, the number of neurons is 
chosen.  

C. ReLU Layer 

It is the abbreviation of the Rectified Linear Units. This 
layer is based on a nonlinear decision- mapping function for a 
thresholding operation. The function in this work is  

 
Pooling Layer 

The task of this layer is dimension reduction. For such an 
operation, max pooling is a very popular technique. Both 
average pooling and L2-norm pooling are in use. When the 
outputs are images, these pooling methods work very well. A 
modification is implemented by replacing the basic pooling 
operation by convolutional pooling, to fit the 1D output 
signals in the time domain. It is achieved by just entering a 
new convolution layer, but with a different slide along the 
time axis during kernel shifting. This is another novelty of the 
current scheme.  

D. Fully-Connected Layer 

Each neuron in the current layer is linked to all the activations 
of the previous layer. This layer is identical to conventional 
Neural Networks and as shown by its name. each layer is 
simply classifying, whereas the prior layers conduct 
operational learning. It should be remembered. For the 
network updated, the gradient-based back propagation 
algorithm is used. However, any other update algorithm can 
be chosen as defined by its specific problem.  

 

 
Figure 4. Schematic of the proposed method using CNN 

model 

In the present work, the layers are repeated twice to achieve 
desired level of accuracy, which is shown in the Figure 4. The 
CNN is trained using 2.3 GHz Intel Core i5; RAM: 8 GB 
2133 MHz LPDDR3.  

VI. RESULTS AND DISCUSSION 

The present system performance has been tested using the 
Physionet apnoea-ECG dataset [57]. Single lead ECG 
records were used with 35 subjects of OSAS. Table I shows 
the physiological parameters of the population under study. 
The processing time is 7-10 hours. As mentioned earlier, each 
information in the dataset is marked by experts’ minute by 

minute. Such notes suggest whether sleep apnoea is active or 
not during the period.  
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Each one- minute record can be assumed as ‘one episode’ or 

an ‘event’. Accuracy, sensitivity and specificity of the 

proposed scheme are assessed. Since these parameters are 
well known, their expressions are not given.  

The network is used for training by 50% of the available 
data and the rest is used for testing. The performance of the 
proposed network offers a scoring from 0 to 1 to indicate if 
the ECG episode is normal or an apnoeic event. At the 

training phase, an apnoeic occurrence was set as  and a 
normal breathing event was measured as   

Therefore, the network should be for an apnoeic 
episode and for a normal breathing event under ideal  
network performance after training. The outputs 
are not ideal during practical testing. For 

instance, the output often comes in  in an apnoeic 
event. Therefore, the output limit is used in the testing phase, 
making the two output elements equal to 1 and the other equal 
to 0 greater than the output matrix.  
 

Table I: Physiological parameters of the population 

 
Table II shows the results of the new system as well as the 
correlation of its output with current methods. All quality 
parameters for the proposed scheme are clearly very high in 
comparison to those of existing methods when evaluated on 
the same data set and indicate that the proposed technique has 
a positive contribution. Table III provides a detailed view of 
the performance of the current scheme.  

Table II. Comparison of performance of the proposed 
scheme with existing approaches (50% of training data 

and 50% of testing data) 

Methods  Accuracy Specify Sensitivity 
Varon et al. [10] 84.74 84.69 84.71 
Hassan [5] 87.33 90.72 81.99 
Hassan and Haque 85.97 86.83 84.14 

[11] 
Proposed method 98.91 99.20 97.82 

Table III. Confusion matrix and performance indices of 
the proposed scheme 

Results Truth Apnoea Non-apnoea 
Apnoea True Positive (TP) 

4878 
False positive (FP) 
46 

Non-Apnoea False Negative (FN) 
109 

True Negative (TN) 
5754 

Total 4987 5800 

 

 

 
 
 

VII. CONCLUSION 

In order to extend the performance and models of Bayesian 
Networks to medical care, rigorous studies on medical 
workflow and. On the perception of the algorithm of Deep 
Learning will be essential, based on the existing analysis. The 
study has been done. In summary, this study focused on the 
creation of convolutional neural network using Deep learning 
framework for the diagnosis of OSAS, with the aim of 
making the medical workflow for patients clearly and 
holistically. As stated in the literature review, the research 
study was endorsed in all the literature on Obstructive Sleep 
Apnoea, the concept of Medical Informatics, and Neural 
network.  

This paper offers a deep learning framework utilizing 
CNN to simplify OSAS using single ECG signals. Improved 
OSAS identification precision in comparison to the current 
approaches is the main contribution of the research. The 
present scheme reduces the need to isolate and identify 
different functions algorithms. A section of the proposed 
network carries out characteristics and the other component 
classifies them in a controlled way. It has been found that the 
present method improves the classification accuracy on an 
average by a margin of more than 9% compared with existing 
methods. With less training data, the proposed scheme will 
learn inherent features and can also to some degree remove 
the impact of alterations in the data.  

The downside of the scheme is its high computational 
burden, as it uses a profound deep learning approach. As the 
signal records for OSAS are lengthy (7-10 h) and the expert 
testing process is mostly offline, this restriction in its actual 
application does not hinder. However, the measurement 
strain is not as a consequence of the microcontroller’s 

implementation of the algorithm, because deep learning 
frameworks are already deployed with ARM 
microcontrollers.  
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The software module for applying the whole algorithm 
mentioned in the study may therefore be a good candidate to 
combine with a portable health monitoring device and since it 
operates on ECG signals, there is no need for a separate PSG 
program. The system is, however, a common one that be used 
for the same function for other physiological stimuli such as 
electroencephalogram (EEG), electrooculography (EOG), 
electromyography (EMG).  

More studies are required to better fit a model of support 
for clinical decisions in to clinical practice, particularly when 
looking forward to support primary care, but this study 
clarified the need to incorporate a far broader set of clinical 
variables into a diagnostic model for OSAS. But nonetheless 
strengthened the advantages of CNN models for the task.  

REFERENCES 

1. Pomprapa, A., Sayani, S. M., Anwar, T., Stollenwerk, A., Kowalewski, 
S., & Leonhardt, S. (n.d.). Apnea Detection in a Contactless 
Multisensor System using Deep Learning Algorithm.  

2. Stone, J. P. (2002). Obstructive sleep apnoea. Lancet, 360(9350), 
2078–2079. https://doi.org/S0140- 6736(02)11964-7 
[pii]\r10.1016/S0140-6736(02)11964-7  

3. Rascu, A., Arhir, O. C., & Otelea, M. (2016). Obstructive sleep apnea – 
Case report and literature review. Romanian Journal of Legal 
Medicine, 24(2), 118–121. https://doi.org/10.4323/rjlm.2016.118  

4. Da Silva Gusmão Cardoso, T., Pompéia, S., & Miranda, M. C. (2018). 
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