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Abstract— Sleep apnea (SA) is a common sleep-related breathing disorder that can occur hundreds of times 

per night and can lead to catastrophic cardiovascular and neurological disorders if it happens frequently 

enough. Polysomnography (PSG) is the standard diagnostic tool for sleep apnea. However, it requires 

suspected patients to spend one to two nights in the lab and capture roughly 16 signals under professional 

supervision. The broad use of PSG in public health applications is hampered by complex processes. Some 

researchers have recently advocated using a single-lead ECG signal to detect SA. These techniques are based 

on the assumption that SA only uses the current ECG signal segment. SA, on the other hand, is time-

dependent; that is, the SA of the preceding ECG segment has an impact on the current SA diagnosis. The 

authors present a time window artificial neural network that takes advantage of the time dependence between 

ECG signal segments while requiring no prior assumptions regarding training data distribution. The 

proposed method's performance has been greatly improved when compared to classic on-time window 

machine learning approaches as well as previous work after being verified on a genuine ECG signal dataset. 
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I. INTRODUCTION 

The objective of this study is to acquire further knowledge regarding the diagnosis and prognosis of sleep 

apnea. Sleep is characterized by the individual's state during rest, as well as metabolic irregularities in the 

electrical patterns of the awake brain that manifest during sleep. Sleep can be categorized into two distinct 

phases, namely non-rapid eye movement (NREM) and rapid eye movement (REM), based on biological waves 

and physical activity. 

The physiological changes that occur during waking, NREM, and REM sleep are categorized into multiple 

stages [1]. The classification of sleep stages possesses numerous intriguing characteristics, and several studies 

have been conducted to investigate this matter [2,3,4]. Sleep disturbances, similar to normal sleep, warrant 

investigation as they are a frequent occurrence among the general population. For instance, a study conducted in 

1987 revealed that 41% of individuals experienced at least one symptom of sleep disruption, and sleep disorders 

continue to be prevalent today [6]. In 2004, Young stated that daytime drowsiness affects 1 in 5 individuals [7]. 

Sleep disturbances are significant not only due to their commonality but also because they have a wide range of 

short- and long-term consequences [8]. Short-term impacts include poor concentration, decreased quality of life, 
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reduced productivity, and an increased risk of accidents at work, home, or on the road. Long-term consequences 

of sleep deprivation include increased morbidity and mortality from escalating automobile accidents, coronary 

heart disease, cardiac arrest, hypertension, obesity, type 2 diabetes, stroke, cognitive impairments, and 

depression. However, the long-term consequences are still not fully understood [1]. 

Sleep apnea is one of the most common sleep disorders. It is characterized by a series of short pauses in 

breathing during sleep [9]. Individuals with apnea experience a significant reduction in airflow for more than 10 

seconds. Between the ages of 30 and 60, SA is detected in approximately 2% of women and 4% of men [10]. 

Throughout the night, people with SA have been found to have 5-15 episodes per hour for mild cases and more 

than 30 attacks per hour for severe instances [11]. Sleep-related respiratory issues affect about 10% of adults in 

their forties and fifties [1]. Breathing disorders are a severe risk factor for morbidity and mortality because they 

have long-term effects on the cardiovascular system. Cardiac arrhythmia is closely linked to sympathetic 

modulation and heart rate variability. During sleep, apnea and hypopnea are defined by 10-second breathing 

pauses. Based on respiratory functions, sleep apnea can be divided into three categories. 

Obstructive Sleep Apnea (OSA) is a condition in which the patient experiences repeated cessation of 

breathing due to an air blockage in the upper airways. Central Sleep Apnea (CSA) is another type of sleep apnea, 

where the patient's respiratory effort is obstructed by an air blockage. Mixed apnea (MIX) is a combination of 

obstructive and central sleep apnea. This type of apnea is characterized by a lack of respiratory effort without air 

exchange, caused by upper airway blockage. Polysomnography (PSG) is considered the gold standard for 

accurately diagnosing OSA. The sleep cycle, sleep efficiency, apnea-hypopnea index, and snoring can all be 

used to characterize a subject's sleep. 

PSG, on the other hand, is a costly method that necessitates the use of carefully calibrated equipment and 

the installation of several sensors. The data collected must be analysed by sleep specialists, which is a time-

consuming, labour-intensive, and error-prone process. As a result, viable alternative methods for detecting OSA 

should be developed that require fewer sensors and are easier to use. Various alternative approaches have been 

presented in recent decades to replace PSG and reduce the amount of bio-signals required to identify OSA. 

These works have concentrated on extracting time-domain, frequency-domain, and other online features from 

physiological data, as well as using feature selection to limit the number of dimensions in the feature space. 

Based on the retrieved features, various machine learning algorithms have been used to improve the OSA 

detection performance. 

The Multilayer Perceptron (MLP), Support Vector Machines (SVMs), Artificial Neural Networks (ANNs), 

Fuzzy Logic, Linear Discriminant Analysis (LDA), and AdaBoost are some of the classifiers commonly used in 

machine learning. Canonical machine learning involves data preparation, feature extraction or selection, and 

classification, which encompasses the majority of these methodologies. It is crucial for performance to extract 

the most informative features; however, this procedure can be time-consuming and requires domain knowledge, 

particularly for high-dimensional data. Deep neural networks have been utilized to make recent improvements in 

machine learning by automatically extracting relevant features based on learned representations, also known as 

deep learning. Deep learning enables the automated extraction of relevant features to be combined with the 

classification process. Applications such as image and speech recognition, natural language processing, and 

biomedical engineering have all demonstrated benefits from this technique. Convolutional Neural Networks 

(CNNs) are one of the most well-known deep learning techniques, involving the rigorous training of several 

layers. CNNs are designed to process incoming data as multidimensional arrays, such as two-dimensional 

pictures with RGB color channels or one-dimensional biological signals with single-channel vital signs. In this 

paper, we utilize a CNN model to propose a strategy for the automatic detection of SA. The performance of the 

CNN model is compared to methods used in previous studies to determine the optimal approaches for usage in 

SA screening systems. 

 

II. LITERATURE REVIEW   

Inirecentiyears,iscientistsihaveiplannedisomeimachine-driveniapneaidiagnosing algorithms supported 

aisignal-leadielectrocardiogramisignal.i  Supportivectorimachines (SVM)iandioptionsiretrieved fromiECG-

derivedimetabolismi(EDR)isignalsiandiRR intervals,iasianiexample,isquareimeasurei utilizedi byiKhandoker 

etial.itoispotiStormi Troopsipatients.iiVaronietial.iusei2inewioptionsigeneratedi fromi electro-cardiogram 

signalsiandiECG-derivedimetabolismi signals,ifurthermorei asi time- domaini options obtained fromiRR 

intervals,I toijudgeiStormiTroopsi[24].iThe sensitivityiandiaccuracyiof everyi section square measureieighty 

four.7i p.ciandieightyifour.7ipercent,iseverally.i 

With 79.5 %isensitivityiandi 83.8i% accuracy,iSharmaiANdiSharmai buildianiLS-SVMiStormi Troops 

diagnosingitechniqueisupported theiHermiteibasici perform featureicollectedifromi RRiintervals [12]. Existing 

analysis focuses on getting variety of things from this electrocardiogram signal phase so utilizing the normal 

machine learning technique to develop a good Storm Troops detection model. These ways imply that Storm 

Troops is simply fascinated by this electrocardiogram signal phase. The Storm Troops of AN electrocardiogram 

phase from a previous era, on the opposite hand, has been shown to be time dependent [3, 13], that means that 
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the Storm Troops of AN electrocardiogram phase from a previous amount influences this Storm Troops 

diagnosing. as an example,I Songietial.i[27]iproposeiaiHiddeniAndre Mark offimodeli(HMM)I 

supportediphasei temporali dependence.iTheisensitivityiandi accuracyi square measurei 82.6i% andi68.2 

%,iseverally.i 

Meanwhile,ILiietial.idevelopediaiStormiTroopsidetectionitechniqueiexploitationitheiHiddeniAndreiMarko

ffimodeliandiaideepineuralinetworki(DNN)isupportediSongietial[27]i.iThe sensitivityiandiaccuracyiofitheiri 

workisquare measureieightyieight.9%iandi84.7ipercent,iseverally.i 

Theseitechniques,ionitheioppositeihand,iignoreitheiveryifactithatiHMMineedsicoachingiinformationitoisui

ti intoiaiselectedidistributioni[14,i15], leadingitoisolelyiminoriperformanceienhancements. Theigold customary 

foriapneaidiagnosingicouldibeiaifullinightipolysomnographyi(PSG)I performediinianiexceedinglyi sleepi 

laboratoryi[1iPSGi entailsirecordingiaiminimumi ofi11ichannelsiofi physiologicaliinformationi collectedi 

fromimultipleisensors, likeiencephalogrami(EEG), electrooculogram (EOG),iEMGi(EMG),iandigraphicali 

recordi(ECG), soiasiforiresearchersitoigeticorrectiresultsi[9].i However,iit'si thoughtitoibei inconvenienti 

(becauseitoitheihighivarietyioficablesiandisensorsiconnectedi toitheisubject'sibody),I expensive,iandi 

inaccessible toianioutsizediportioniofitheiworld'si populationi[10].i whatiisimore,I theianalysisiprocedure 

isidrawn-outiandieffortfuli[11].   As a result, the situation at risk of mistakes. apnea is often diagnosed by alittle 

variety of pros in medical facilities [12,13], leading to important wait times [14]. 

To solve these challenges, a range of methods are given within the literature, the foremost of that embody 

2 steps: handcrafting a collection of relevant attributes ANd developing AN applicable classifier to deliver an 

automatic diagnosing. k-nearest ineighbouri(kNN)i[15,16], supportivectorimachine (SVM) [2,16,17] 

mathematicalilogici[18,19], neuralinetworki[16,20,21],iandilinear idiscriminant analysisi(LDA) [16,22] square 

measure a number of the classifiers employed in these strategies. These approaches, however, have 2 major 

flaws. the primary is that the limitless variety of feature combos which will be designated, that is bolstered by 

the very fact that combining 2 or additional freelance options that square measure picked because the best 

doesn't guarantee a higher feature set [23]. applied math estimationi[9];I minimumi redundancyimosticonnection 

(mRMR)i[16];I wrapperiapproachesilikeisequentiforwardi choicei(SFS) [15,16,24]iandi principalielement 

analysisi(PCA)i[25];iandithereforeitheigenetici rulei(GA)i[21]isquarei measureiallisamplesiofifeature choice 

strategiesithati areigiveniwithini theiliterature.i Thei secondiissueiisi thatimakingihelpfulioptionsinecessitates 

inidepthiunderstandingiwithinitheigivenitrade.iDeepineuralinetworks,ithatimechanicallyimanufactureioptionsiby

recognizingipatternsiinidetector inputisignals,I williovercome thesei2iissues. 

Althoughipreviousireviewsiinitheifieldiofisleepiapnea detectionihaveibeeniconducted,I suchiasi analyzingi 

devicesiforihomeidetectioniofiobstructivei sleepiapnea (OSA)i[26], classificationimethods basedionirespiratory 

iandioximetryisignalsi[26],Idifferenti detection approaches [27], detection and treatmentimethodsi[28], there are 

still gaps in the knowledge. However, no previous study of the current state of deep learning-based approaches 

for identifying sleep apnea had been conducted. Furthermore, recent articles suggest that deep networks 

outperform shallow networks initermsiofiaccuracy.iAsiairesult, theifocusiofithisireviewiisionianalyzing 

suchworks andievaluatingitheiperformanceiofitheioffered approaches iniorderitoiprovideiin-depthiknowledge 

aboutithei applicationiofi deepilearning inithe identification ofisleepiapnea. 

Initwoiimportantiways,itheifindingsiareitherapeuticallyisignificant.iFirst,iunderstandingiandiawarenessiofi

thevariabilityiofiOSAiclinicalipresentation is improved by identifying subgroups of OSA. The dissemination of 

this information to both the general population and the medical community can aid in the seeking of care and 

early detection of OSA. Second, recognizing various clinical features of OSA lays the groundwork for the future 

development of more tailored therapy. 

 

III. RESEARCH METHOD  

3.1 Research Questions (RQs) 
Numerous individuals experience sleep disorders, and the primary objective of this project is to address the 

inquiry of whether it is feasible to automatically detect and diagnose sleep disorders using minimal recorded 

signals during their occurrence. This study explores the automated detection and prognosis of sleep disorders 

through the utilization of machine learning. Various machine learning techniques, such as artificial neural 

networks and support vector machines, have demonstrated significant statistical accomplishments [12-16]. 

Additionally, multiple machine learning methods, including various keys, were also evaluated in the context of 

sleep disorders among military personnel [17-20]. 

Consequently, the fundamental inquiry of the project is, "What constitutes the optimal combination of input 

signals and options for the exploration of SA?" This subject matter is being investigated in order to determine 

which pulses are most effective in identifying militia. The question of "What is the most suitable machine 

learning model for analyzing SA?" is closely linked to this inquiry. Due to the significance of these queries, it is 

not feasible to consider all the keys designed for sleep disorders or the entirety of machine learning techniques. 

Therefore, the focus is on examining common input signals to determine which ones are most crucial for 

identifying militia, utilizing an SVM as the classifier. Additionally, a third question arises: "Can the detected 
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signals predict militia?" SA prediction has only been the subject of limited research. This project will employ 

the same selected pulses from the detection phase. 

 

3.2 Dataset 
Dr. Thomas Penzel from Phillips University provided the PhysioNet Apnea-ECG dataset for the purpose of 

this investigation, which was utilized to design and evaluate our proposed technique [20, 21]. Each set of thirty-

five electrocardiogram (ECG) signal recordings was extracted from polysomnography (PSG) recordings with a 

resolution of 16 bits and a sampling rate of 100 cycles/second. This dataset consists of a disclosed set and a 

withheld set, with each set containing thirty-five ECG signal recordings extracted from PSG recordings with a 

resolution of 16 bits and a sampling rate of 100 cycles/second. A trained annotator manually annotated the 

respiratory and oxygen saturation signals in the PSG for every 1-minute phase of the ECG recordings. In total, 

there are 34,313 1-minute ECG segments, with 17,045 in the disclosed set and 17,268 in the withheld set. The 

statement does not differentiate between hypopneas and apneas. Additionally, based on the apnea-hypopnea 

index (AHI) value, these ECG signal recordings are divided into three categories (A, B, and C) based on the 

number of ventilation and respiratory events per hour. A recording is classified as class C, or normal, if the AHI 

value is less than five. If the AHI value recorded is greater than ten, it is classified as class A, or apnea. When 

comparing the two recordings, the one with an AHI of five or higher during sleep is classified as class B, or 

borderline apnea. Table 1 provides information about the dataset. Generally, the disclosed set is used to build 

the model and estimate parameters, while the withheld set is used to validate the model. 

 
TABLE 1.  

SAMPLE OF THE PHYSIONET APNEA-ECG DATASET A. 

Record Length non-apnea apnea hours AIb HIc AHId Age Sex height weight 

01 489 19 469 8 11.5 56 68.6 50 M 174 101 

02 528 108 419 8 56.2 11 68.5 37 F 179 119 

b01 487 468 18 1 0.12 0.1 0.24 43 F 169 62 

b02 517 424 92 4 13 4 18 52 M 175 84 

c01 484 484 0 0 0 0 0 30 M 183 73 

c02 502 501 0 0 0 0 0 36 M 179 82 

x01 523 148 374 8 45 16 62 43 M 176 104 

x02 469 260 208 6 26.3 9.4 36.7 45 M 166 68 

 
3.3 Data Preprocessing 

The intervals and R-peak amplitudes of the ECG signal have previously been demonstrated to provide 

significant information regarding the incidence of SA [28,29,30,31]. In order to obtain the RR intervals and R-

peak amplitudes from the ECG data, a preprocessing approach is utilized. Due to the presence of noise in the 

original ECG signal, such as baseline drift and power frequency noise, the authors employed a FIR bandpass 

filter with a passband of 345 Hz to denoise it before processing. The time interval between two successive R 

peaks is known as the RR interval [32]. The R peaks are identified using the Hamilton technique [26], and the 

RR intervals are calculated using the located R peaks. To exclude the underlying aberrant values, authors use a 

median filter, as done by Chen et al. [27], as there are medically uninterpretable spots in the obtained RR 

intervals. We directly extract the value of R peaks from the ECG signal, which reflects respiratory activity. It is 

worth mentioning that the signal composed of R-peak amplitudes is also known as the EDR signal [28]. The 

recovered RR intervals and R-peak amplitudes from the original ECG signal are shown in Figure 1. 
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Fig. 1:iAniillustrationiofitheiRRiintervalsiandiR-peakiamplitudesiextractedifromi1 minutei ECGi segmenti(6,000isamplingipoints).i 

(a)iOriginaliECGisignal.i(b)iLocatediRipeakiusingitheiHamiltonialgorithm.i(c)iExtractediRRi intervals.i(d)iExtractediamplitudes. 

 
3.3.1 RR Interval Features 

The six time-domain features that constitute the features MRR (mean RR intervals), IMHR (mean heart 

rates), RMSSD (root mean square of differences between adjacent RR intervals), SDNN (standard deviation of 

RR intervals), NN50 (number of adjacent RR intervals exceeding 50 milliseconds), and pNN50 (NN50 divided 

by the number of RR intervals) are described in references [29, 30]. 

 

 
 

RR(n)idenotesitheivalueiofithein′thiRRiinterval,iandiNiisitheitotalinumberiofiRRiintervals.iWeifirsticalcula

teitheicorrespondingipowerispectralidensityiusingitheiWelchimethodi[13,13]iwithiFFTi(s,iN=256),ianditheniext

racti6ifeaturesiusingitheipoweriofieachfrequencyicomponent,iincludingiVLFi(veryilowifrequency,i00.04iHz),iL

Fi(lowifrequency,i0.040.15iHz),iHFi(highifrequency,i0.150.4iHz),ILF/HFi(ratioiofiLFitoiHF), 

LF/(LFi+iHF)i(ratioiofi(ratioiofiHFitoiLFiandiHF).iIt'siworthinotingithat,ibecauseitheinumberiofioriginalisampl

esiinieachiwindowiis limited, we interpolate the original data using [13, 11]. 
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3.3.2 R Peak Amplitude Features 
According to studies [28, 34], the spectral density of iR-peak amplitudes and iRR intervals exhibits similar 

properties that can be utilized for the diagnosis of SA. In order to develop the model, the aforementioned six 

frequency features (VLF, LF, HF, LF/(LF+iHF), and iHF/(LF+iHF)) were extracted from the iR-peak 

amplitudes, in addition to the frequency features of iRR intervals. Due to the dissimilarity in the distribution of 

these features, the authors employed the following formula for normalization after feature extraction: 

 

 
Where x denotes the feature's mean and y denotes the feature's standard deviation. 

 
3.4 Artificial Neural Network 

3.4.1 Multilayer Perceptroni(MLP) 
The multilayer perceptron (MLP) is a type of artificial neural network that is used to model complex 

functions (Hornik et al., 1990). It consists of three or more layers of nodes, including an input layer, one or more 

hidden layers, and an output layer. Unlike classical approaches such as Hidden Markov Models (HMM), the 

MLP does not require any previous assumptions about the distribution of training data, thus eliminating the 

impact of data distribution on performance (Hornik et al., 1990; Bishop, 1995). Moreover, with a basic 

configuration, it can achieve superior results (Hornik et al., 1990). Therefore, in this study, the authors adopt the 

MLP as a benchmark method (Hornik et al., 1990). According to Hornik et al. (1990), a universal approximator 

can be implemented using a single hidden layer backpropagation network with enough hidden nodes. Based on 

this result, the authors employ a single hidden layer MLP to detect sleep apnea. The weights connect each node 

of the hidden layer to the input layer, and the output is the sum of the inputs under the activation function, which 

is defined as follows: 

 

 
The bias remains b(1)h, affiliation weight remains (1)mh between input xm and also the nerve cell 

h, the quantity of options is M, and also the activation operate is f. Sigmoid, tanh, relu, and maxout ar 

typical activation functions [39]. as a result of it's easier to optimize, authors  have a tendency to use 

the relu activation operate here. The neuron's output is denoted by vh. the fundamental structure of a 

nerve cell is shown in Figure 2. 

 
Figure 2: Neuron Structure 
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Similarly,itheioutputilayerinodesiareigivenibyitheifollowingiequation: 

 
The weights connecting the output to the hidden nodes are (2)hc, the bias connecting the hidden to the 

output node is (2)c, and the number of hidden layer nodes is His. The authors employ the Kolmogorov 

superposition theorem [39, 40] to set H to 2M+1 in this study. The backpropagation algorithm is used in MLP to 

optimize the weights and biases in order to minimize the sum of mean squared error (MSE) E between the target 

tc and realistic output yc. 

 

3.4.2 Combining with Time Window 
There exists a temporal relationship between segments of the ECG signal, as indicated by studies. However, 

previous research has primarily utilized features from the current ECG signal segment as input. This implies that 

the outcome of the algorithm is solely determined by the characteristics of the current ECG signal segment. In 

light of this, the authors propose a method based on a temporal window and artificial neural networks to 

consider the prior input attributes. The approach collects all historical characteristics within the time window, as 

well as the current features, as input to the learning algorithm for a specific window size. This research utilizes a 

5-day time frame (Figure 3).  

 

 
Figure.3: Thei5-foldicross-validationiaccuracyiforidifferentitimeiwindowsionitheireleasediset.i 

 
 The green line represents the average 5-fold cross-validation accuracy for different time windows, while the 

gray line represents the 95% confidence interval for 5-fold cross-validation. It is important to note that if the 

dataset used for time window selection includes the withheld set, the final model may overfit. In this study, a 

time window of 5 was used as it yielded the highest average accuracy and a small 95% confidence interval. The 

released set [41], chosen through cross-validation, depicts the scheme of our proposed method as shown in 

Figure 4. It is noteworthy that the study employs a changing time window, with each successive window 

differing by only one data point. 
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Figurei.4:iiTimeiwindowiMLPialgorithmischeme.i 

 
TheiupperipartiofiMLPiinputirepresentsipastiinformationianditheiloweripartiofiMLPiinput represents 

currentiinformation.iInithisistudy,itheitimeiwindowiisi5,ianditheihiddenilayeriofiourifinalimodelihas 

181inodesibasedionitheiKolmogorovisuperpositionitheorem. 

 

3.5 Performance Evaluation 
Accuracy,ispecificity,isensitivity,iandiareaiunderitheicurveiareiuseditoiassessi performance(AUC). 

 

 
 

WhereiTPiandiTNistandiforitheinumberiofiactualisamplesiclassifiediasipositiveiandinegative,Irespectively.i

Theitermsifalseipositivesi(FP)iandifalseinegativesi(FN)Irelateitoitheinumberiofiincorrectisamplesicategorizedia

sipositiveiandinegative,Irespectively. 

 
IV. SYSTEM IMPLEMENTATION 

4.1 Python  
Python may be a high-level, general programming language that has gained popularity. The employment of 

significant indentation in its style philosophy emphasizes code readability. Its language parts and object-oriented 

approach are geared toward helping programmers in writing clear, logical code for both small and large-scale 

projects. Python is a garbage-collected and dynamically type-written language. It supports a wide range of 

programming paradigms, including structured (especially procedural) programming, object-oriented 

programming, and functional programming. Due to its extensive standard library, it is often cited as a "batteries 

included" language. 

Guido van Rossum commenced his work on Python in the late 1980s as a replacement for rudimentary 

programming languages. The initial version of Python, version 0.9.0, was launched in 1991. Python 2.0 was 

released in 2000, which included new capabilities such as list comprehensions and an automatic memory 

management system that detects cycles. Python 3.0 was printed in 2008 and was a significant modification of 

the language that was not backwards compatible. Python 2 was deprecated in 2020, with version 2.7.18 being 

the final release. Python remains one of the most widely used programming languages to date. 
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4.2 Python scikits-learn (sklearn) 
Scikit-learn is a Python machine learning package that offers a range of functionalities, including parallel 

computing, model selection, and data preprocessing. It also provides tools for model evaluation and validation, 

enabling users to assess the performance of their machine learning models. Widely used in the field of data 

science, Scikit-learn boasts a large community of contributors and users who actively support its development 

and improvement. As a comprehensive and reliable machine learning library, Scikit-learn is an invaluable 

resource for Python users. It includes support for a variety of algorithms, such as support vector machines, 

random forests, gradient boosting, k-means, and DBSCAN, for classification, regression, and clustering. Scikit-

learn is a NumFOCUS-supported project and uses a consistent interface to deliver a collection of efficient 

machine learning and applied mathematical modeling capabilities. It is a standard machine learning toolkit for 

the Python language and serves as the foundation for a range of machine learning technologies. 

The Scikit-learn features of machine learning, including classification, regression, and cluster techniques, 

are of significant importance. Scikit-learn supports the use of random forests, where individual digital trees store 

node information that is aggregated in various tree topologies to produce a forest approach. In other words, each 

tree has clustered nodes in a tree topology, and the analysis from multiple trees is combined to create a global 

strategy that accurately processes data to reveal conclusions. Scikit-learn also offers support for gradient 

boosting, vector machines, and other machine learning options that are essential for achieving results. As a 

comprehensive resource, Scikit-learn works with visualization and other tools such as SciPy and matplotlib. 

Scikit-learn is generally built in Python and heavily relies on NumPy for high-speed algebra and array 

operations. Additionally, some key algorithms are written in Python to enhance performance. A Python wrapper 

around LIBSVM implements support vector machines, while the same wrapper around LIBLINEAR 

implements logistic regression and linear support vector machines. It may not be possible to expand these 

methods with Python in such cases. Many other Python libraries, such as Matplotlib and plotly for graphing, 

NumPy for array vectorization, Pandas for data frames, SciPy, and others, work well with Scikit-learn. Scikit-

learn is one of the most popular machine learning libraries on GitHub. 

 
4.3 Artificial Neural Network (ANN) 

An artificial neural network (ANN) is a computational model that emulates the functioning of nerve cells in 

the brain. ANNs utilize learning algorithms to make adjustments or learn on their own when new information is 

received. Consequently, they are highly effective for non-linear statistical data modeling. Machine learning 

(ML) and the broader field of artificial intelligence (AI) heavily rely on ANNs. An artificial neural network 

consists of three or more interconnected layers. The first layer is composed of input neurons, which transmit 

information to deeper layers that ultimately deliver the final output data to the final output layer. All of the inner 

layers are concealed and consist of units that use a series of transformations to modify the information received 

from layer to layer. Each layer serves as both an input and an output layer, enabling the ANN to comprehend 

more complex concepts. The term "neural layer" encompasses all of these inner layers. 

The neural layer's units attempt to learn about the data collected by weighing it according to the ANN's 

internal framework. These rules enable units to provide an altered result, which is subsequently sent to the 

following layer as an output. Backpropagation, a mechanism by which the ANN can alter its output results by 

taking errors into account, is used in another set of learning rules. Each time the output is tagged as an error 

during the supervised training phase, the information is relayed backward using backpropagation. Each weight 

is adjusted in accordance with how much they contributed to the inaccuracy. As a result, the error is utilized to 

reweight the ANN's unit connections to account for the discrepancy between the desired and actual outcomes. 

Over time, the ANN will "learn" how to reduce the likelihood of errors and undesirable outcomes. 

In order to train an artificial neural network, it is necessary to first select a model from a list of available 

models, each of which has multiple related algorithms. One of the most well-known advantages of an ANN is 

that it can learn from data sets. ANNs are utilized as a random function approximation technique in this way. 

When defining computing functions or distributions, these types of tools assist in estimating the most cost-

effective and optimum techniques for arriving at solutions. To arrive at solutions, ANNs use data samples rather 

than whole data sets, which saves time and money. ANNs are relatively simple mathematical models that can be 

used to improve existing data analysis technology. They have a wide range of applications, including predictive 

analysis in business intelligence, spam email detection, natural language processing in chatbots, and many 

others. 
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V. RESULTS DISCUSSION 
In this paper, the authors propose a time window-based neural network called TW-MLP for SA detection. 

The effectiveness of this method is tested by comparing it to traditional machine learning approaches for on-

time window SA detection and per-recording classification in the following sections. 

 
5.1 Per-Segment SA Detection 

As previously mentioned, each electrocardiogram (ECG) signal in these recordings is divided into 1-minute 

segments, and the detection of sinus arrhythmia (SA) is performed on a per-segment basis. This process 

involves identifying whether each 1-minute segment is an SA or not, which is a crucial step in determining 

whether or not a patient is suffering from SA. Consequently, the authors examine the performance of our 

proposed method as well as numerous other time-window methods in per-segment SA identification, including 

linear discriminant analysis (LDA), support vector machine (SVM), logistic regression (LR), and MLP. The 

accuracy, sensitivity, specificity, and AUC of these approaches are listed in Table 2. 

 
TABLE 2: 

PERFORMANCE OF TW-MLP AND TRADITIONAL NON-TIME WINDOW MACHINE LEARNING METHODS ON  PER-SEGMENT SA DETECTION. 

 
  

According to the data presented in Table 5.1, traditional non-time window approaches exhibit similar 

performance, with an accuracy rate of approximately 81.0 percent and an AUC ranging from 0.866 to 0.885. In 

contrast, our proposed approach, TWMLP, demonstrates significantly superior performance compared to 

traditional non-time window machine learning methods. TW-MLP improves accuracy, sensitivity, specificity, 

and AUC by 5.5 percent, 14.2 percent, 0.3 percent, and 0.065 percent, respectively, when compared to the best 

accuracy achieved by the traditional non-time window machine learning window LDA approach. Similarly, 

when utilizing the time window, MLP's accuracy, sensitivity, specificity, and AUC all improve by 5.9 percent, 

10.8 percent, 3 percent, and 0.06 percent, respectively. Overall, our suggested method outperforms standard 

non-time window machine learning methods, and the use of the time window can significantly enhance per-

segment SA detection performance. 

 

 

5.2 Per-Recording Classification  
Authors further categorize their recording based on the above results, after collecting the per-segment sleep 

apnea detection results, in order to diagnose if the patient has sleep apnea symptoms. It is important to 

remember that normal individuals can have short-term sleep apnea. In clinical practice, the Apnea-Hypopnea 

Index (AHI) value is utilized to make a diagnosis. The patient is diagnosed with sleep apnea if the AHI value for 

their recording is greater than 5. Apart from that, it is considered normal. The AHI value is the number of 

minutes spent sleeping with apnea per hour, represented as: 

 

 
  

The minute comparison results of TW-MLP and classic on-time window machine learning methods are 

presented in Table 5.2. To ensure the reliability of the results, the authors employ the correlation value between 

the experimentally calculated AHI and the real AHI (Corr.) for the limited number of test recordings (35). Table 

3 demonstrates a significant improvement in the performance of TW-MLP compared to classic on-time window 

machine learning methods. The accuracy, sensitivity, specificity, AUC, and correlation value of LR, for 

example, are 91.4%, 100.0%, 75.0%, 1.000, and 0.850, respectively. On the other hand, TW-MLP has values of 

97.1%, 100.0%, 91.7%, 1.000, and 0.935, respectively, ensuring the dependability of clinical applications. Our 

method exhibits a high level of consistency, as evidenced by the outcomes. In general, the time frame 

effectively enhances the performance of our method in per-recording categorization, and the result is compatible 

with the actual AHI. 
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Table.3: Performance of TW-MLP and traditional non-time window machine learning methods on per recording 

classification 

 

 
VI. CONCLUSION 

 The purpose of this research is to create a quick and portable approach for detecting sleep apnea. The 

authors propose a time window artificial neural network (TW-MLP) technique using a single-lead ECG input to 

achieve this goal, based on the time dependence discovered by Song et al. [22]. In contrast to previous research, 

the solution not only takes advantage of the time dependence between ECG signal segments but also eliminates 

the performance impact of data distribution. Our method can effectively detect sleep apnea and increase its 

performance compared to classic non-time window machine learning methods and earlier research by validating 

it on the PhysioNet Apnea-ECG dataset. Meanwhile, the Bland-Altman plot of TW-MLP AHI and actual AHI 

shows that our method is consistent and may be utilized as a first-line screening tool instead of a physician. 

Even when authors produce fantastic results, there are still certain restrictions and areas where authors can 

improve. There is no distinction between hypopnea and apnea in the dataset utilized in this investigation, and 

there is no difference between hypopnea and apnea [20]. Authors will consider integrating numerous databases 

in future study to detect different types of apnea. Furthermore, authors extract a variety of valuable traits based 

on past research and improve performance. The feature extraction procedure, on the other hand, is vulnerable to 

the researcher's experience. Several studies in recent years have shown that the convolutional neural network 

(CNN) can extract decent features automatically [42, 43], which can be termed feature extraction processes. 

 

References 
[1]. Chokroverty, S., Overview of sleep & sleep disorders. Indian Journal of Medical Research, 2010. 

131(2): p. 126-140. 

[2]. Gath, I., C. Feuerstein, and A. Geva, unsupervised classification and adaptive definition of sleep 

patterns. Pattern Recognition Letters, 1994. 15(10): p. 977-984. 

https://doi.org/10.1016/0167-8655(94)90029-9 

[3]. Cardoso, E., A. Batista, R. Rodrigues, M. Ortigueira, C. Barbara, C. Martinho, and R. Rato, A 

Contribution for the Automatic Sleep Classification Based on the Itakura-Saito Spectral Distance, in 

Emerging Trends in Technological Innovation, L.M. CamarinhaMatos, P. Pereira, and L. Ribeiro, 

Editors. p. 374-381. https://doi.org/10.1007/978-3-642-11628-5_41 

[4]. Moser, D., P. Anderer, G. Gruber, S. Parapatics, E. Loretz, M. Boeck, G. Kloesch, E. Heller, A. 

Schmidt, H. Danker-Hopfe, B. Saletu, J. Zeitlhofer, and G. Dorffner, Sleep Classification According to 

AASM and Rechtschaffen & Kales: Effects on Sleep Scoring Parameters. Sleep, 2009. 32(2): p. 139-

149. https://doi.org/10.1093/sleep/32.2.139 

[5]. Klink, M. and S.F. Quan, Prevalence of reported sleep disturbances in a general adult-population and 

their relationship to obstractive airways diseases. Chest, 1987. 91(4): p. 540-546. 

https://doi.org/10.1378/chest.91.4.540 

[6]. Chokroverty, S., C. Sudhansu, Md, Frcp, and Facp, Approach to the Patient with Sleep Complaints, in 

Sleep Disorders Medicine (Third Edition)2009, W.B. Saunders: Philadelphia. p. 255-274. 

https://doi.org/10.1016/B978-0-7506-7584-0.00019-7 

[7]. Young, T.B., Epidemiology of daytime sleepiness: Definitions, symptomatology, and prevalence. 

Journal of Clinical Psychiatry, 2004. 65: p. 12-16. 

[8]. Chokroverty, S., C. Sudhansu, Md, Frcp, and Facp, Sleep deprivation and sleepiness, in Sleep 

Disorders Medicine (Third Edition)2009, W.B. Saunders: Philadelphia. p. 22-28. 

https://doi.org/10.1016/B978-0-7506-7584-0.00003-3 

[9]. Guilleminault, C., J. van den Hoed, and M. Mitler, Overview of the sleep apnea syndromes. In: C. 

Guilleminault and Wc Dement, Editors, Sleep apnea syndromes, Alan R Liss, New York. 1978: p. 1-

12. 

https://doi.org/10.1016/0167-8655(94)90029-9
https://doi.org/10.1007/978-3-642-11628-5_41
https://doi.org/10.1093/sleep/32.2.139
https://doi.org/10.1378/chest.91.4.540
https://doi.org/10.1016/B978-0-7506-7584-0.00019-7
https://doi.org/10.1016/B978-0-7506-7584-0.00003-3


Shatha Nasser et al, International Journal of Computer Science and Mobile Computing, Vol.12 Issue.10, October- 2023, pg. 20-32 

© 2023, IJCSMC All Rights Reserved                                                                                                        31 

[10]. Young, T.B., M. Palta, J. Dempsey, J. Skatrud, S. Weber, and S. Badr, Occurrence of sleep-disordered 

breathing among middleaged adults in the wisconsin sleep cohort study. American Review of 

Respiratory Disease, 1993. 147(4): p. A233-A233. 

[11]. Kryger, M.H., management of obstractive sleep-apnea. Clinics in Chest Medicine, 1992. 13(3): p. 481-

492. https://doi.org/10.1016/S0272-5231(21)00875-3 

[12]. Pradhan, B., Use of GIS-based fuzzy logic relations and its cross application to produce landslide 

susceptibility maps in three test areas in Malaysia. Environmental Earth Sciences, 2011. 63(2): p. 329-

349. https://doi.org/10.1007/s12665-010-0705-1 

[13]. Balabin, R.M. and E.I. Lomakina, Support vector machine regression (SVR/LS-SVM)-an alternative to 

neural networks (ANN) for analytical chemistry? Comparison of nonlinear methods on near infrared 

(NIR) spectroscopy data. Analyst, 2011. 136(8): p. 1703-1712. 

https://doi.org/10.1039/c0an00387e 

[14]. Espejo, P.G., S. Ventura, and F. Herrera, A Survey on the Application of Genetic Programming to 

Classification. Ieee Transactions on Systems Man and Cybernetics Part C-Applications and Reviews, 

2010. 40(2): p. 121-144. https://doi.org/10.1109/TSMCC.2009.2033566 

[15]. Maier, H.R., A. Jain, G.C. Dandy, and K.P. Sudheer, Methods used for the development of neural 

networks for the prediction of water resource variables in river systems: Current status and future 

directions. Environmental Modelling & Software, 2010. 25(8): p. 891-909. 

https://doi.org/10.1016/j.envsoft.2010.02.003 

[16]. Harris, T.J.R. and F. McCormick, The molecular pathology of cancer. Nature Reviews Clinical 

Oncology, 2010. 7(5): p. 251-265. https://doi.org/10.1038/nrclinonc.2010.41 

[17]. Gubbi, J., A. Khandoker, and M. Palaniswami. Classification of obstructive and central sleep apnea 

using wavelet packet analysis of ECG signals. in Computers in Cardiology, 2009. 2009. 

[18]. Guijarro-Berdiñas, B., E. Hernández-Pereira, and D. Peteiro-Barral, A mixture of experts for 

classifying sleep apneas. Expert Systems with Applications, 2012. 39(8): p. 7084-7092. 

https://doi.org/10.1016/j.eswa.2012.01.037 

[19]. Hang, L.-W., H.-H. Lin, J.Y. Chiang, H.-L. Wang, and Y.-F. Chen, Diagnosis of Severe Obstructive 

Sleep Apnea with Model Designed Using Genetic Algorithm and Ensemble Support Vector Machine. 

Appl. Math, 2013. 7(1S): p. 227S-336S. 

[20]. T. Penzel, G. B. Moody, R. G. Mark, A. L. Goldberger, and J. H. Peter, "The apnea-ECG database," in 

Proceedings of the Computers in Cardiology 2000, vol. 27, pp. 255-258, IEEE, Chicago, IL, USA, 

2000. 

[21]. A. L. Goldberger, L. A. N. Amaral, L. Glass et al., "PhysioBank, PhysioToolkit, and PhysioNet: 

components of a new research resource for complex physiologic signals," Circulation, vol. 101, no. 23, 

pp. e215-e20, 2000. https://doi.org/10.1161/01.CIR.101.23.e215 

[22]. C. Song, K. Liu, X. Zhang, L. Chen, and X. Xian, "An obstructive sleep apnea detection approach 

using a discriminative hidden markov model from ECG signals," IEEE Transactions on Biomedical 

Engineering, vol. 63, no. 7, pp. 1532-1542, 2016. https://doi.org/10.1109/TBME.2015.2498199 

[23]. A. H. Khandoker, M. Palaniswami, and C. K. Karmakar, "Support vector machines for automated 

recognition of obstructive sleep apnea syndrome from ECG recordings," IEEE Transactions on 

Information Technology in Biomedicine, vol. 13, no. 1, pp. 37-48, 2009. 

https://doi.org/10.1109/TITB.2008.2004495 

[24]. C. Varon, A. Caicedo, D. Testelmans, B. Buyse, and S. Van Huffel, "A novel algorithm for the 

automatic detection of sleep apnea from single-lead ECG," IEEE Transactions on Biomedical 

Engineering, vol. 62, no. 9, pp. 2269-2278, 2015. https://doi.org/10.1109/TBME.2015.2422378 

[25]. K. Li, W. Pan, Y. Li, Q. Jiang, and G. Liu, "A method to detect sleep apnea based on deep neural 

network and hidden markov model using single-lead ECG signal," Neurocomputing, vol. 294, pp. 94-

101, 2018. https://doi.org/10.1016/j.neucom.2018.03.011 

[26]. P. S. Hamilton, "Open source ECG analysis software documentation," in Proceedings of the Computers 

in Cardiology, pp. 101-104, Memphis, TN, USA, August 2002. 

[27]. L. Chen, X. Zhang, and C. Song, "An automatic screening approach for obstructive sleep apnea 

diagnosis based on single-lead electrocardiogram," IEEE Transactions on Automation Science and 

Engineering, vol. 12, no. 1, pp. 106-115, 2015. https://doi.org/10.1109/TASE.2014.2345667 

[28]. L. Sohrt-Petersen, "Evaluation of algorithms for ECG derived respiration in the context of heart rate 

variability studies," Master's thesis, Aalborg University, Aalborg, Denmark, 2013. 

[29]. D. Bonaduce, F. Marciano, M. Petretta et al., "Effects of converting enzyme inhibition on heart period 

variability in patients with acute myocardial infarction," Circulation, vol. 90, no. 1, pp. 108-113, 1994. 

https://doi.org/10.1161/01.CIR.90.1.108 

https://doi.org/10.1016/S0272-5231(21)00875-3
https://doi.org/10.1007/s12665-010-0705-1
https://doi.org/10.1039/c0an00387e
https://doi.org/10.1109/TSMCC.2009.2033566
https://doi.org/10.1016/j.envsoft.2010.02.003
https://doi.org/10.1038/nrclinonc.2010.41
https://doi.org/10.1016/j.eswa.2012.01.037
https://doi.org/10.1161/01.CIR.101.23.e215
https://doi.org/10.1109/TBME.2015.2498199
https://doi.org/10.1109/TITB.2008.2004495
https://doi.org/10.1109/TBME.2015.2422378
https://doi.org/10.1016/j.neucom.2018.03.011
https://doi.org/10.1109/TASE.2014.2345667
https://doi.org/10.1161/01.CIR.90.1.108


Shatha Nasser et al, International Journal of Computer Science and Mobile Computing, Vol.12 Issue.10, October- 2023, pg. 20-32 

© 2023, IJCSMC All Rights Reserved                                                                                                        32 

[30]. F. O. X. Gamelin, S. Berthoin, and L. Bosquet, "Validity of the polar S810 heart rate monitor to 

measure R-R intervals at rest," Medicine & Science in Sports & Exercise, vol. 38, no. 5, pp. 887-893, 

2006. https://doi.org/10.1249/01.mss.0000218135.79476.9c 

[31]. K. K. Parhi and M. Ayinala, "Low-complexity Welch power spectral density computation," IEEE 

Transactions on Circuits and Systems I: Regular Papers, vol. 61, no. 1, pp. 172-182, 2014. 

https://doi.org/10.1109/TCSI.2013.2264711 

[32]. P. Welch, "The use of fast Fourier transform for the estimation of power spectra: a method based on 

time averaging over short, modified periodograms," IEEE Transactions on Audio and Electroacoustics, 

vol. 15, no. 2, pp. 70-73, 1967. https://doi.org/10.1109/TAU.1967.1161901 

[33]. T. Cokelaer and J. Hasch, "'Spectrum': spectral analysis in Python," e Journal of Open Source 

Software, vol. 2, no. 18, p. 348, 2017. https://doi.org/10.21105/joss.00348 

[34]. S.-H. Fan, C.-C. Chou, W.-C. Chen, and W.-C. Fang, "Real-time obstructive sleep apnea detection 

from frequency analysis of EDR and HRV using lomb periodogram," in Proceedings of the 2015 37th 

Annual International Conference of the IEEE Engineering in Medicine and Biology Society (EMBC), 

pp. 5989-5992, IEEE, Milano, Italy, August 2015. 

[35]. Y. Zhang, Y. Sun, P. Phillips, G. Liu, X. Zhou, and S. Wang, "A multilayer perceptron based smart 

pathological brain detection system by fractional Fourier entropy," Journal of Medical Systems, vol. 

40, p. 173, 2016. https://doi.org/10.1007/s10916-016-0525-2 

[36]. W. Sibanda and P. Pretorius, "Artificial neural networks-a review of applications of neural networks in 

the modeling of HIV epidemic," International Journal of Computer Applications, vol. 44, pp. 1-9, 

2012. 

[37]. D. Routaray, Multilayer Perceptron for Change Detection of Remotely Sensed Images, Department of 

Computer Science and Engineering, Jadavpur University, Kolkata, India, Ph.D. dissertion, 2012 

[38]. K. Hornik, M. Stinchcombe, and H. White, "Multilayer feedforward networks are universal 

approximators," Neural Networks, vol. 2, no. 5, pp. 359-366, 1989. https://doi.org/10.1016/0893-

6080(89)90020-8 

[39]. D. Mishkin and J. Matas, "All you need is a good init," 2015, https://arxiv.org/abs/1511.06422. 

[40]. A. Pinkus, "Approximation theory of the MLP model in neural networks," Acta Numerica, vol. 8, pp. 

143-195, 1999. https://doi.org/10.1017/S0962492900002919 

[41]. M. Neunhoeffer and S. Sternberg, "How cross-validation can go wrong and what to do about it," 

Political Analysis, vol. 27, no. 1, pp. 101-106, 2019. https://doi.org/10.1017/pan.2018.39 

[42]. U. R. Acharya, S. L. Oh, Y. Hagiwara, J. H. Tan, and H. Adeli, "Deep convolutional neural network 

for the automated detection and diagnosis of seizure using EEG signals," Computers in Biology and 

Medicine, vol. 100, pp. 270-278, 2018. https://doi.org/10.1016/j.compbiomed.2017.09.017 

[43]. Alexander Malafeev, D. L. (2018). Automatic human sleep stage scoring using deep neural networks. 

Frontiers in neuroscience, 1-15. 

https://doi.org/10.1249/01.mss.0000218135.79476.9c
https://doi.org/10.1109/TCSI.2013.2264711
https://doi.org/10.1109/TAU.1967.1161901
https://doi.org/10.21105/joss.00348
https://doi.org/10.1007/s10916-016-0525-2
https://doi.org/10.1016/0893-6080(89)90020-8
https://doi.org/10.1016/0893-6080(89)90020-8
https://doi.org/10.1017/S0962492900002919
https://doi.org/10.1017/pan.2018.39
https://doi.org/10.1016/j.compbiomed.2017.09.017

