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ABSTRACT Insomnia is a common sleep disorder in which patients cannot sleep properly. Accurate detection of insomnia
disorder is a crucial step for disease analysis in the early stages. The disruption in getting quality sleep is one of the big sources
of cardiovascular syndromes such as blood pressure and stroke. The traditional insomnia detection methods are time-
consuming, cumbersome, and more expensive because they demand a long time from a trained neurophysiologist, and they are
prone to human error, hence, the accuracy of diagnosis gets compromised. Therefore, the automatic insomnia diagnosis from the
electrocardiogram (ECG) records is vital for timely detection and cure. In this paper, a novel hybrid approach based on the
power spectral density (PSD) of the heart rate variability (HRV) is proposed to detect insomnia in three classification scenarios:
(1) subject-based classification scenario (normal Vs. insomnia), (2) sleep stage-based classification (REM Vs. W. stage), and (3)
the combined classification scenario using both subject-based and sleep stage-based features. The ensemble learning of random
forest (RF) and decision tree (DT) classifiers are used to perform the first and second classification scenarios, while the linear
discriminant analysis (LDA) classifier is used to perform the third combined scenario. The proposed framework includes data
collection, investigation of the ECG signals, extraction of the signal HRV, estimation of the PSD, and Al-based classification
via hybrid machine learning classifiers. The proposed framework is fine-tuned and evaluated using the free public Physio Net
dataset over fivefold trails cross-validation. For the subject-based classification scenario, the detection performance in terms of
sensitivity, specificity, and accuracy is recorded to be 96.0%, 94.0%, and 96.0%, respectively. For the sleep stage-based
classification scenario, the detection evaluation results are recorded equally with 96.0% for ceiling level accuracy, sensitivity,
and specificity. For the combined classification scenario, the LDA classifier have achieved the best insomnia detection accuracy
of 99.0% of the three cases as discussed. In future, the proposed approach could be applicable for mobile observation schemes
to automatically detect insomnia disorder.

INDEX TERMS Sleep Disorder; Cardiovascular Syndromes; ECG Sleep Signals; Al-based Insomnia
Detection; Hybrid Classification Scenarios.
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I. INTRODUCTION

Sleep is a natural phenomenon categorized due to
changed awareness, reserved sensual drive, besides
decreased strength drive [1]. Sleep has a vital part in the
lifespan of natural creature’s viz. such as toad, frogs, snakes,
human beings, small creatures. Few types of creatures have
their sleep with eyes open and mostly, the creatures have
their sleep with eyes closed [2]. Sleeps remain classified into
two stages, Fast Eye Drive (FED) and Slow Eye Drive
(SED). The eye movement of a creature defines the
classification of the sleep that is NREM, S1, S2, S3 and S4.
According to the guideline of NREM classification in 2007,
according to AASM [3], NREM are divided into three stages
such as N1, N2, and N3. These two manuals (R&K and
AASM) are included REM, Wake (W), and Movement Time
(MT) stages[4] with NREM. Lack of sleep affects the human
life such as remembrance problems, temper variations,
attention problems, danger of diabetes, low sex drives, poor
balance on the leg, danger of heart problems, heaviness of
body, high B.P., and danger of the accident [5], [6]. Lack of
sleep also do the negative impact on his calories to effort,
fitness and expressive equilibrium [7], [8]. Sound sleep is an
indication that a person is healthy. It is a very general
procedure that decreased sleep could reduce the efficacy of a
person, energy of a body, capability to withstand stress and
variability in mood [9]-[12]. If this disorder will be ignored
further can cause huge problems viz. pressure, reduction in
efficiency, obstruction, pursuance reduction. Globally,
insomnia is a highly predominant health issue. It is defined as
complaint of glitches ongoing commencement sleep
convoyed by concentrated day functioning ongoing aimed at
small stone month [13], [14]. The human being which is
suffering from sleep disorder get up in nighttime very often
and feels dizziness and not feel fresh, lack of concentration
and memory loss [14].Sleep disorder is a very general
delinquent in common people in the current time [15], [16].
The main symptoms of insomnia are tension, headaches,
sleepiness, etc. Additionally, the main causes of insomnia are
depression, heartbroken in love, sleep sickness, job loss,
environmental factors, etc.[17]. It also comes with
discomfort and tiredness [18]. Though, sleep disorder is a
very general circumstance in entire people, although doctors
and the affected person are absent in the information over it.
There are no common acknowledged parameters for treating.
The consequences of sleep disorder are mood swings and an
enhanced prospect of some miss happening while handling
vehicles or doing some daily activities. Sleep disorder is not
an indication of additional illnesses, nonetheless it is
subordinate to additional medicinal circumstances[19].
Insomnia is classified into three basic categories including
etiology, duration, and sleep pattern. According to etiology,
insomnia can be categorized in two kinds viz. primary and
secondary. Additionally, based on duration, insomnia can be
classified into three types such as transient, chronic, and
acute. Accordingly, based on sleep pattern, sleep disorder can

be separated into two kinds such as sleep maintenance and

sleep onset.
Il. MOTIVATION BEHIND THE STUDY

The Quality of sleep is one of the most important factors in
our daily lives. It is crucial for balanced functioning of the
body. There are many disorders arise due to lack of quality
sleep viz. brain fog in which person cannot respond to
questions as well as difficulty in focusing, depression,
anxiety, deprived social skills and many other cardiovascular
problems. These problems motivated us to work in this area.
Early-stage detection is the most crucial step towards any
disorder. Classical methods are time consuming and
expensive. So, by the applied approach in our manuscript, we
can automatically detect sleep disorder the stages and
subjects.

Ill. LITERATURE SURVEY

In the previous studies, Ohayon et al. [20] suggested that
an important quantity of the people with sleep grievances do
not appropriate into the International Classification of Sleep
Disorders (ICSD) and DSM-IV classifications. Additionally,
efforts are desirable to classify diagnostic standards that will
lead to insomnia detection. Morin et al.[21] proposed that the
Insomnia Severity Index (ISI) is a valid instrument to
diagnose insomnia in the population. Aydin et al.[22]
Reported that Singular Spectrum Analysis (SSA) detected
the oscillatory differences in sleep EEG. The EEG taste to
support the medical findings for mental disorders. Israel et
al.[23] calculated the temporary constancy of many
directories of sleep in attired sleeper panels and primary
sleep disorder. Presently, Polysomnography (PSG) is the
gilded typical technique for the detection of insomnia. PSG
includes recording & monitoring many signals viz. EEG,
Electrocardiogram  (ECG), Electrooculogram (EOG),
Electromyogram (EMG), oxygen saturation, thoracic, and
intestinal drive and additional indications. Consequently, it is
expensive, as it needs immediate estimation in sleep
laboratory with apparatus and experts. Insomnia detection
developed a most important apprehension in current ages.
Many scientists used the EEG signal for the analysis of the
different diseases [24]-[26].

Siddiqui et al.[27] used power spectral density for the
recognition of insomnia sleep disorder on 10/20 sleep EEG
recording. Gemignani et al. [28] represented that thalamic
role in the cortical expression of the Sleep Slow Oscillation
(SSO) in humans through SSO features in a case of Fatal
Familial Insomnia (FFI). Kaplan et al. [29] studied that As-
A, channel are used in the automatic detection of sleep-wake.
Penzel’s assembly stated that Insomnia could be identified
through Hjorth parameters and classifies the system using the
deep learning classifiers [30], [31]. The ECG signal is a non-
invasive and low-cost method; it can be easily applied in
screening of insomnia. Therefore, automated insomnia
detection based on a single-lead ECG is obtaining the
consideration of sleep research community. Bahrami et
al.[32]designed a machine learning model for the prediction
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of sleep apnea based on the ECG signals. Some other
researchers used a machine learning models based on the
long short-term memory neural networks (LSTM) for the
recognition of the heart diseases and sleep apnea using the
ECG signals [33], [34]. Demir et al. [35] used ECG signals
for the detection of person based on the ECG signals.

We proposed a novel recognition scheme of insomnia
aimed at the withdrawal of Heart Rate Variability (HRV)
[36] on sleep ECG recording. Initially, the ECG channel is
extracted from the sleep database of normal and insomnia.
This data is record by the 10/20 normal snooze collecting
scheme. This is applicable for the approach used in snooze
diseases viz. bruxism [37] [38], insomnia, narcolepsy, sleep
apnea, nocturnal frontal lobe epilepsy, rapid eye movement
behavioral disorder. The ECG signal of the normal and
insomnia with Sleep Stage was preprocessed using Low pass
filter as a noise removal. After filtration of the signal, we
detected the R-R interval of the ECG signal and estimation of
the power spectral density.

The Choice of an appropriate classifier to have the best
possible result is compulsory. There is no rule and proof to
select the best classifiers for the research work. We had to
goals by the evaluation of the classifiers such as indicating
the best classifier for the same feature and clarifying the
condition in which they provide high performance. For this
work, we achieved the subject-based and the sleep stage-
based using decision tree (DT) and Random Forest
(RF)classifiers. Whereas, the combined scenario (i.e.,
subjects-based and sleep stage-based) is classified using
Linear Discriminant Analysis (LDA). In the proposed work,
the following techniques have been designed for the
detection of insomnia sleep disorder such as extraction of the
data set from sleep database, analysis of the work. We had to
aim by the evaluation of the classifiers such as indicating the
best classifier for the same features and clarifying the
condition in which they provide high performance.

Bahrami et al. [32] designed a machine learning model for
the prediction of sleep apnea based on the ECG signals.
Some other researchers used a machine learning models
based on the long short-term memory neural networks
(LSTM) for the recognition of the heart diseases and sleep
apnea using the ECG signals [33], [34]. Demir et al. [35]
used ECG signals for the detection of person based on the
ECG signals.

Salari et.al [56] illustrate about the sleep apnea disorder in
which different machine and deep learning approaches have
been used to detect the disorder. The RNN approach found to
be more efficient as compared to SA and CNN. Different
types of machine learning algorithms and their constituent
accuracies for automatic detection for patients with sleep
apnea. The different types of databases have been discussed
viz. IEEE database, Pub med database. The highest accuracy
among machine learning algorithms was obtained to be
100%. Among all the deep learning algorithm the highest
accuracy was experienced in case of RNN.

Widasri et. al [58] has illustrated an efficient approach for
quality sleep classification and sleep stage classification for
30 seconds frequency. The epochs which are to be taken are
30 seconds. The algorithm used here is decision tree
classifier.

Stephansen et. al [59] here also the sleep stages have been
determined by applying the suitable algorithm T1N marker
based on unusual sleep stage overlaps achieved a specificity
of 96% and a sensitivity of 91%, validated in independent
datasets.

IV. METHODS

Insomnia is a common sleep disorder in which patients
cannot sleep properly. Accurate detection of insomnia
disorder is a crucial step for disease analysis in the early
stages. The disruption in getting quality sleep is one of the
big sources of cardiovascular syndromes such as blood
pressure and stroke. The traditional insomnia detection
methods are time-consuming, cumbersome, and more
expensive because they demand a long time from a trained
neurophysiologist, and they are prone to human error hence
the accuracy of diagnosis gets compromised. Therefore, the
automatic insomnia diagnosis from the electrocardiogram
(ECG) records is vital for timely detection and cure. The
insomnia problem has been solved by applying novel
approach that is LDA and gives the precision of 99% for
combined sleep stages and subjects. The proposed method
consists of five-stages, as shown in the first stage is the pre-
processing of the ECG signal. Afterward, we extract the
spectral features from the ECG signal in the second stage.
The assessment of sleep quality performs in the fourth stage.
In the final stages, sleep disorder classifies using an ensemble
of Linear Discriminant Analysis. We use MATLAB software
for all computations in the proposed method. The proposed
method consists of five-stages shown in Figure 1. The first
stage is to collect the sleep stage ECG signals from the
Physio Net database. Second, the signal pre-processing step
of the ECG signals is performed to segment the signals and
noise removal. Third, we extract and normalize the spectral
HRV features from the ECG signals. Fourth, the sleep
quality assessment is performed. In the final stages, sleep
disorder is classified in three different scenarios:(1) subject-
based classification scenario (normal Vs. insomnia), (2)
sleep stage-based classification (REM Vs. W. stage), and (3)
the combined classification scenario using both subject-
based and sleep stage-based features. The ensemble
learning of random forest (RF) and decision tree (DT)
classifiers are used to perform the first and second
classification scenarios, while the linear discriminant
analysis (LDA) classifier is used for the third scenario.
Previously, the most of the sleep disorder investigation had
concentrated on sleep stage regardless the subject-based
status. The MATLAB software is used to execute the
experimental study in this work.
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A. DATASET

For this work, the sleep electrocardiogram (ECG) signals
are extracted from the freely public Physio Net dataset [39]
and they are used to build the proposed insomnia-based
framework. The Physio Net dataset has different waveform

TABLE I. DATASET DESCRIPTION

Age No of Recordings/ Time of

Subjects Gender (Years) the Recording (Minutes)
Female 37 124
Normal Male 34 125
cases
(6 patients: Female 35 140
2 Males and
4 Females) Female 35 109
Male 23 131
Female 28 213
Male 54 130
Male 82 177
. Female 58 90
Insomnia
cases Female 59 507
(8 patients:
4 Males and Female 54 278
AFemales)  comate 47 454
Male 64 144
Male 72 130
Mean 48.714 196.571
+SD +16.807 +124.917
signals  such  as  electroencephalogram (EEG),
Electrocardiogram (ECG), Electrooculogram (EOG),

Electromyogram (EMG), and the respiration signals [40].
As it is proven that the insomnia detection system based on
the features of REM and W stages of sleep is more accurate
than others [41], [42] we choose to build our framework
based on those insomnia features as well. In this work, the
total number of 2,752 ECG data recordings including 14
normal and insomnia subjects (i.e., six males and eight
females) are collected and used as described in Table 1
where a single ECG recording is collected in a one minute.
Additionally, two sleep stages of REM and W stage are used.
The sleep dataset from the PhysioNet has 1,600 ECG
recordings of the REM stage, and 1,600 ECG recordings of
W stage.

B. HRV Extraction from the ECG Signal

ECG signal have six types of waves such as P, Q, R, S. T,
and U for the measurement of the cardiac signal. The P wave
represents the atrial depolarization, QRS represented the
ventricular depolarization, T wave represented the ventricular
re-polarization, and U wave represented the muscle re-
polarization [43]. The HRV measurements are captured non-
invasively from the ECG signal. The results from HRV data
are capable of portraying physiological condition of the

patient and indicator of the heart diseases [44]-[46]. We
estimated the HRV signal per subject using the Pan-
Tompking method [36]. The HRYV is the beat-to-beat variant
of the ECG recording. It is also called the variation of peak-
to-peak samples. We used the R peak for finding the HRV

signals. We detected the R peak and then R-R distance from

the sleep ECG signal of normal and insomnia cases. The R-R
intervals are described in equation (1),

RR(n) = R(n + 1) — R(n), 1)

where, RR(n) is the R-R interval and R(n) is the position of
n'" order of the R wave.

C. Estimation of the Power Spectral Density (PSD)

The power spectral density (PSD) has been estimated and
evaluated via the P.D. Welch approach that was found in
1967[47]. This approach could change the period sequence
into the section information, and evaluate the changeable
periodic signal representation of the entire information.
Some sections could be overlaid in the section’s
samples[48], [49]. The approaches are described in
equations (2) to (4),

Lz:{wm o)f

)
l L-1
= { W, (n)x(n+iD)e" ‘z”f”}
L%lu " (3)
P.(f)= G HXGY
£ ) @

where, U is equivalent to the reimburse for the harm of
signal and D information of section in which wn, (n) is the
segment range, 7 is the parametric value which is non-

changeable, and v be the actual and invented stage of nt"
section, and Py(f) is the Welch approach.

D. Decision Tree (DT) Classifier

Decision tree (DT) is a supervised machine-learning
classifier where information is constantly separately
applicable on the different constant values. It is separated
into two stages: classification sapling and reversion sapling.
Here in manuscript the classifier is dual few parameters of
the random moment in saplings are dividing into small
subparts which must be in range of five. The main benefits
of this classifier are that computation time is lower, de-
noising is embedded in it. Pseudo code of the DT classifier
is shown in Table Il. The DT classifier described in
equation (5) and (6),

E(H)=>_PH,
) (%)

R =H-E(H,) (6)
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where, Hy is the regular indecision after execution test t, P; TABLE II. THE DECISION TREE (DT) Pseudo Code (ALGORITHM)
is the chance that the examination has j outcome, and R;is Input: Information
the regular lessening in doubt attained by examination t. 1. Loop: 1to N // To get forecast period

1.1Compute the detachment Di

(Euclidian/ Cosine/ Chebyshev) amid information
example in exercise information and examination
information

Progressively position the calculated detachments (Di)
Inhabit the higher k consequences from the decided
slope

Pick up the most frequent class from the list

Repeat steps: 1 to 4 and build the forest by generating
‘n” number of decision trees

Pick up the most frequent class from the list

Create separate two stages by the classification sapling
Then divide the saplings into sub parts.

. The range of the sub parts is in the range of 5

utput: Subsequent lesson

QPN g &~ w N

PhysioNet

Normal with ECG Signal - g
REM and W. Stages Pre—processm 1

<&
By,

HRV Feature g
Extraction & \8,%Y

, Normalization
CAP Sleep Database

Ensemble
Learning over

5-fold cross |
validatioy
\ _

Combine Classification
(Subject-based + Sleep
Stage-based)

Figure 1. Organizational diagram of the proposed study based on DT and RF machine learning classifier.

E. Random Forest Classifier

Random forest (RF) is an arrangement of the tree predictors
such that every tree depends on the values of a random
vector sampled individually and with the same circulation
for all trees in the forest [50]. RF is an ensemble learning
technique for regression, classification, and other works. It
is constructed by a multitude of trees in training and output
is based on singletree[51], [52]. It was designed by Tin
Kam Ho using random subspace method [53], [54]. We
used ten numbers of trees in this proposed work. Pseudo
code of the RF classifier is mention in Table I1I.
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TABLE I1l. THE RANDOM FOREST (RF) PSEUDO CODE (ALGORITHM)

Input: Training set S with F features

1. Randomly pick ‘p’ features ‘F’ features, V p< F
Using ‘p’ features, determine the node ‘d’ by the finest
" fragmented

Break the node into child bulges by smearing the best
" fragmented method

Iterate steps: 1 to 3 until ‘1’ number of nodes has been
" touched
. Till 3 number of nodes are obtained.
. The circulation of the trees.
. Create separate two stages by the classification sapling
. Then divide the saplings into sub parts.
. The range of the sub parts is in the range of 5

© 00 N o O

Output: Random Forest Trees (RFTs)

F. Linear Discriminant Analysis (LDA) Classifier

The renowned scientist RA Fisher discovered the LDA in
1936. It is based on the idea of incisive for a linear
arrangement of predictors that discriminate two targets
[55], [77]. The LDA are described in equations (7) to (12),

Z= melxl + meZXZ + me3X3 to + men Xn (7)
L(m,‘ﬁ_l-‘mﬂz
(= = @
1
L o==(g—
me = (= 10) ©)
C= L(rﬁcl + nzcz)
n +n, (10)
M92 :umc (:ul_luz) (11)
t by Pcl
Lm{x—( 5 H>—IogE (12)

where, S(f) is a score function, Lmc is a linear model
coefficient, C is the pooled covariance matrix, Ciand C; are
the covariance matrices, p1 and [, are the mean vector, My
is the Mahalanob is distance between two groups, and X is
the coefficient vector.

G. Evaluation of the Proposed Framework

After selection the suitable collection of the features, robust
machine learning classifiers such as DT and RF are used as
an ensemble learning for better evaluation of the subject-
based and sleep stage-based classification scenarios. For the
third classification scenario (i.e., combined features from
both subject-based and sleep stage-based scenarios), the
LDA classifier is used. The proposed framework is
evaluated using 3,200 ECG signal recordings including
1,600 REM stage and 1,600 W-stage of both normal and
insomnia subjects. We designed the classification of subject
and Sleep Stage based on models such as cross-validation
(2 and 5-fold) with random sampling. The evaluation

process is achieved using the F1-score, precision,
sensitivity, specificity, and accuracy for the classification
for all classification scenarios[56]-[60]. The definition of
such metrics is described in equations (13)-(16) below:

. [ TP ]
precision =| ————
(TP+FP) (13)
Sensitivity = [L]
(FN+TP) (14)
s TN
Specificity = [mj (15)
Accuracy = [&j
(TP+TN + FP +FN) (16)
F, = 2*Precision * Recall/ Precision +Recall 17)

where the TP, FP, TN, and FN indicate the true positives,
false positives, true negatives, and false negatives cases,
respectively. Such parameters are derived based on the
confusion matrices at each fold test trail.

V. RESULTS AND DISCUSSION

A. Preprocessing and Feature Extraction

The 70 percent of the cardiac arrests are found in the time
of insomnia. We used 3,200 ECG recordings including
1600 REM stage and 160 w stages. The duration of the
experimental dataset is 3,200 minutes. We extracted the
single ECG signal of the normal and insomnia in the sleep
recording from Physionet for the detection of insomnia
shown in Figure 2. Because single-channel recordings are
easy and accurate to identify the diseases[61], [62], [63].We
removed the noise of the subject using low pass filter. After
filtration, we calculated the HRV of the signal from the
subjects. The R peak to peak of the ECG signal from all
subjects is shown in Figure 3. The variation of
instantaneous both heart rate and RR intervals are called
HRV. In the cardiac system, the heart rate varies due to age,
disease, neuropathy, respiration, and heart load. After HRV,
we calculated the power spectral density of the signal using
the Welch method. This method converts the signal from
the time domain into the frequency domain. However,
Welch method is used in the estimation of power signals at
different frequencies. The ECG feature extraction is one of
the crucial plays in detecting the cardiovascular disorder.
The span of ECG signal contains P-QRS-T waves. The
extraction system takes out the amplitudes and time
intervals between them which attain the proper operation of
the heart.

Nowadays, various manuscripts define about the
approaches used in converting the planned literature for
extracting the feature of ECG signal. The crucial
information in cardiac signal dispensation and their
executed replications are elaborated as follows. The
denoising method is applicable in the time period of prior
dispensation of the response signal. For getting better
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results it is crucial that the signals are interrupted by noise limit of the frequency cannot affect the frequency limit for
and should be removed to get efficient outcomes. the ECG signal which can be removed by one of the
approaches used in these are base motion, frequency efficient approaches that is simple band stop filter.
interruption, muscle movement and quick response. the
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Figure 1. ECG Signal representation from the (a) normal and (b) Insomnia subjects.
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Figure 2.Peak to peak R signal of the ECG signal from the (a) normal and (b) Insomnia subjects.

Table IV. PERFORMANCE (%) OF THE SUBJECT-BASED
CLASSIFICATION SCENARIO

B. Subject-based Classification Scenario — —— .
Models Method F1 Precision Sensitivity Specificity Accuracy

In this scenario, DT and RF classifiers are used achieving Random

S . - . 83.70  85.20 83.20 82.80 83.20
the classification based on the normal and insomnia binary ~ Sampling

classification _scenario. To show an example evaluation 2-Fold DT 8580 8570 85.90 78.20 85.90
result, we designed three models which are the results of

the random sampling and two verifying techniques: 2nd and __3-F0ld 8610 810 8620 7870 8620
5th fo_Id cross validation. _The evaluation results of this SRa”dI‘{m 84.40  86.90 83.80 87.00 83.80
scenario are recorded in Table IV. The average ampling

performance of the subject-based classification scenario is 2-Fold Re 8640 8640 86.50 80.20 86.50
recoded to be Fl-score of 85.55%, precision of 86.18%,

recall of 85.41%, specificity of 81.30%, and overall 5-Fold 8690 8680  86.90 8090  86.90

0 S

accuracy of 85.41%. From T_able IV, it |s'clt'aarly shown that Ensemble  Mean 8555  86.18 85.41 81,30 85.41
both DT and RF could achieve much similar results with Result

slightly better performance in the RF classifier. The result D 112 059 1.39 2.95 1.39

varying is due to the DT and RF training algorithms that
depends on the internal weights fine-tuning during the
training process.
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C. Sleep Stage-based Classification Scenario

Similarly, both DT and RF classifiers are used to classify
the sleep stage-based into REM Vs. w stages. Also, the
same evaluation strategy is designed to evaluate the
performance of this scenario: random sampling and
randomly two-fold tests are selected [78]. The Table V
presented the individual and ensemble performance of the
sleep stage-based classification scenario using DT and RF
classifier. The highest performance of the DT classifier is
recorded to 87% for all metrics except the specificity it is
estimated by 85.0%. Using the RF classifier, the evaluation
performance is much better achieved by 88.0% for F1 and
precision, 87.90% for sensitivity and accuracy, and 86.80%
for specificity.

Table V. PERFORMANCE (%) OF THE SLEEP STAGE-BASED
CLASSIFICATION SCENARIO

Models Method F1  Precision Sensitivity Specificity Accuracy
Sii:gﬁnmg 24.40 17.30 41.50 58.50 41.50
2-Fold DT 86.50 86.50 86.60 84.40 86.60
5-Fold 87.00 87.00 87.00 85.00 87.00
Sil?gsﬁnmg 75.90 84.60 76.20 83.00 76.20
2-Fold RE 87.60 87.60 87.60 86.30 87.60
5-Fold 88.00 88.00 87.90 86.80 87.90
Ensemble Mean 7490  75.16 77.80 80.66 77.80
Result  ,op 2206 2590 16.73 9.99 16.73

The unsupervised learning architecture was applicable in
the literature using the recognition of sleep stage[64]. Boe
et al. [65] utilized a multimodal devices assessing hand
hastening, ECG, and Acti Watch for the diagnostic sleep
stage such as w, REM, and NREM. Bajaj et al. [66]
intended a programmed scheme for the diagnostic sleep
stage by means of time occurrence pictures of the EEG
indications. Mitsukura et al. [67] argued that ECG degree
dimension are obliging and informal to sleep stage
checking.

D. Combined Classification Scenario

In this scenario, the features of subject-based (i.e., normal
Vs. insomnia) and sleep stage-based (REM Vs. W. stage)
scenarios are combined together. Then, LDA classifier is
used for the classification purpose. Figure 4 shows the
average evaluation results in similar way of the first and
second scenarios. The best classification performance is
achieved in terms of F1, precision, sensitivity, specificity,
accuracy to be99.0%, 99.0%, 98.0%, 100%, and 99.0%,
respectively. This means the hybrid model via LDA could
achieve the best accuracy compared with other scenarios.

i =
E ST 52 7 ST |

Q2722222222222

i O Accuracy
I

| O Specificity
Sensitivity
Precision
I OF1
24
t
86 87 88 89 90 91 92 93 94 95 96 97 98 99 100 101
Subject-based Scenario Sleep Stage-based Scenario Combined Hybrid Scenario
@ Accuracy 86.9 87.9 99
0 Specificity 80.9 86.8 100
@ Sensitivity| 86.9 879 98
Precision 86.8 88 99
»lj F1 86.9 88 99

Figure 3. Ensemble evaluation performance comparison
among the three proposed classification scenarios.

E. Comparison Study with the Existing Works

The earlier approaches used in the insomnia detection is not
that efficient as some can detect sleep stages and some can
diagnose subjects. The approach used in the manuscript
give three types of classification i.e., sleep stages
classification, subject classification and combined
classification of sleep stages and subjects. The technique
also gives the maximum accuracy by using LDA classifier
as described above. The accuracy for LDA classifier for
combined classification is 99% which is better than the
approach used earlier. The unsupervised learning
architecture (deep belief nets and concealed Markov
prototypical) had applied for the identification of sleep
stage [64]. Boe et al. [65] had applied the multi scheme
sensor scheme estimating random eye movement, non-
random eye movement for sleep detection. Here, we
considered a programmed scheme for the diagnostic Sleep
Stage by means of period occurrence imageries of the EEG
signals. Mitsukura et al. [67] argued that rate of heart are
obliging & informal to sleep stage nursing. They calculated
positively four stages with accuracy of 66% of the system.
In the proposed work, the LDA classifier’s model random
sampling is highest in performance to other models of RF
classifier.

TABLE VI. COMPARISON STUDY WITH THE EXISTING METHODS FOR
INSOMNIA SLEEP DISORDER AND SLEEP STAGE CLASSIFICATION

Reference Detection Classifier Accuracy
(%)
Abdullah et al. [68] Insomnia FNN 81.00
Shahin et al. [69] Insomnia DNN 90.00
Hassan et al. [70] Sleep Stage AB 94.00
Zhang et al. [71] Sleep Stage OCNN 88.00
Zhou et al. [72] Sleep Stage RF, LGB 91.00
Ensemble

insomnia  (Subject-based) 2090

Proposed Work and Slee, Ensemble (Sleep
P Stage P Stage-based) 87.90
LDA (Combined) 99.00

FNN: Feed Forward Neural Network, DNN: Deep Neural Network, AB: Adaptive
Boosting, OCNN: Orthogonal Convolutional Neural Network, RF: Random Forest,
LGB: Light GBM, LDA: Linear Discriminator Analysis, DT: Decision Tree
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We also compare our method with some insomnia and sleep
stage detection methods. The data from those methods
include EEG and ECG with different classifiers such as
Feed Forward Neural Network (FNN), K-means, Deep
Neural Network (DNN), Adaptive Boosting (AB),
Orthogonal Convolutional Neural Network (OCNN), RF,
and Light GBM (LGB). The Table VI revealed that our
model has better performance than other selected models of
insomnia and sleep stage classifications. Besides, our
method can reach higher sensitivity, specificity and
accuracy. The advantages of the proposed approach are that
it can automatically accurately detect the insomnia disorder
in the very early stage so as to prevent the patient from any
cardiovascular disorder and also brain stroke. The
automatic detection approach is less time consuming and
gives the accurate precision by giving the classification for
combined subjects as well as sleep stages. Accurate
detection of insomnia disorder is a crucial step for disease
analysis in the early stages.

F. Applications of the Proposed Work

The planned effort presented a submission for the
identification of insomnia using ECG recording. This
manuscript will deliver additional accurate and effective
detection systems of insomnia for therapeutic applications.
The maximum significant submission of the proposed work
is to identify cerebral patients fast and accurately. It also
detects the patients with sleep stage to help doctors for the
treatment. The current effort has approximately limited that
the planned information from the Physio Net web was
ancient and minor for the estimation. Furthermore, would
be obligatory for a great amount of actual information to
examine the current effort for greater precision. In the
future, we will use diverse sleep disorders like bruxism,
narcolepsy, etc. to design a common detective system for
all sleep disorders using other physiological signal.

VI. CONCLUSION

We conclude that it is possible to determine sleep disorders
based on sleep quality features from 30-seconds epoch of
the ECG signal. This approach is proven reliable in
modeling sleep disorders without preoccupied with a
multichannel signal of PSG. Moreover, it also easy to be
implemented in an embedded hardware device. On the
other hand, atrial fibrillation and other heart rhythm
disorders are prevalent in the elderly population. It might
have an impact on the HRV analysis. However, HRV able
to assess sympathetic and parasympathetic influences on
disease states. Hence, in further analysis, HRV can be
improved following the intervention, and thus it has the
ability to assess autonomic dysfunction in the elderly’s
heart rhythm disorders, such as atrial fibrillation,
arrhythmias, and ventricular arrhythmias. In future, we
intend to observe the autonomic dysfunction in the elderly
via HRV intervention. Insomnia is a highly predominant

health issue in globally. In this present work, we have
developed a machine learning classification method to
detect insomnia with sleep stages using a single sleep ECG
recording (with 72 male and 28 female samples). The
results show that the RF classification is best in the subject
classification (Kindly refer Table IV, pg.no.5 in the main
manuscript). The Decision Tree (DT), Random Forest (RF)
and Linear Discriminant Analysis (LDA) classification
approaches have been incorporated to enhance the accuracy
(kindly refer Table 1V, V and VI on page no. 5, 6 in the
main manuscript). In addition, the DT classifier accuracy is
found to be 94%, RF to be 96% and LDA classifier is
highest in combine accuracy (99 %) with the subject
(normal and insomnia) and its sleep stage (wake up and
random eye movement). Therefore, we summarize that the
LDA classifier can be utilized in the detection of insomnia
due to its maximum accuracy (99%). Therefore, it will be
easy and more effective the detection of insomnia sleep
disorder with its sleep stages as discussed above. So, we
can say that the proposed method (LDA) is better than other
insomnia detection methods. Furthermore, the future
research from this work can be extended to detect
narcolepsy, bruxism and nocturnal frontal lobe epilepsy
using single channel/multichannel of the sleep recordings.

CONFLICTS OF INTEREST
The authors declare that there are no conflicts of interest to
publish such research findings.

AKNOWLEDGEMENT
The research fund was supported by the Sejong University
under the project number 20220224.

REFERENCES

[1] Y. M. Hasan, B. Bin Heyat, M. M. Siddiqui, S. Azad, and F. Akhtar,
“An Overview of Sleep and Stages of Sleep,” Int. J. Adv. Res. Comput.
Commun. Eng., vol. 4, no. 12, pp. 505-507, 2015, doi:
10.17148/1JARCCE.2015.412144.

[2] O. I. Lyamin, L. M. Mukhametov, and J. M. Siegel, “Relationship
between sleep and eye state in Cetaceans and Pinnipeds,” 2004, doi:
10.4449/aib.v142i4.427.

[3] M. M. Grigg-Damberger, “The AASM scoring manual four years
later,” Journal of Clinical Sleep Medicine. 2012, doi: 10.5664/jcsm.1928.
[4] P. Anderer et al., “Computer-assisted sleep classification according to
the standard of the American Academy of sleep medicine: Validation
study of the AASM version of the Somnolyzer 24 x 7,
Neuropsychobiology, 2010, doi: 10.1159/000320864.

[5] M. E. Wells and B. V. Vaughn, “Poor sleep challenging the health of a
nation,” Neurodiagn. J., 2012, doi: 10.1080/21646821.2012.11079859.

[6] J. E. Shin and J. K. Kim, “How a good sleep predicts life satisfaction:
The role of zero-sum beliefs about happiness,” Front. Psychol., 2018, doi:
10.3389/fpsyg.2018.01589.

[7] D. Tempesta et al., “Lack of sleep affects the evaluation of emotional
stimuli,” Brain Res. Bull., 2010, doi: 10.1016/j.brainresbull.2010.01.014.
[8] C. M. Barnes, J. Schaubroeck, M. Huth, and S. Ghumman, “Lack of
sleep and unethical conduct,” Organ. Behav. Hum. Decis. Process., 2011,
doi: 10.1016/j.0bhdp.2011.01.009.

[9] F. Akhtar et al., “Smartphone Addiction among Students and Its
Harmful ~Effects on Mental Health, Oxidative Stress, and
Neurodegeneration towards Future Modulation of Anti-Addiction
Therapies: A Comprehensive Survey Based on SLR, Research Questions,

This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see https://creativecommons.org/licenses/by/4.0/



This article has been accepted for publication in IEEE Access. This is the author's version which has not been fully edited and
content may change prior to final publication. Citation information: DOI 10.1109/ACCESS.2022.3212120

IEEE Access

Muktidisciplinary : Rapid Review : Open Access Journal

and Network Visualization,” CNS Neurol. Disord. - Drug Targets, vol. 21,
Jun. 2022, doi: 10.2174/1871527321666220614121439.

[10] O. AlShorman et al., “Frontal lobe real-time EEG analysis using
machine leaming techniques for mental stress detection,” J. Integr.
Neurosci., vol. 21, no. 1, p. 020, Jan. 2022, doi: 10.31083/}.jin2101020.
[11] F. Akhtar, M. B. Bin Heyat, J. P. Li, P. K. Patel, Rishipal, and B.
Guragai, “Role of Machine Learning in Human Stress: A Review,” in
2020 17th International Computer Conference on Wavelet Active Media
Technology and Information Processing (ICCWAMTIP), Dec. 2020, pp.
170-174, doi: 10.1109/ICCWAMTIP51612.2020.9317396.

[12] O. AlShorman, M. Masadeh, A. Alzyoud, M. B. Bin Heyat, F.
Akhtar, and Rishipal, “The Effects of Emotional Stress on Learning and
Memory Cognitive Functions: An EEG Review Study in Education,” in
2020 Sixth International Conference on e-Learning (econf), Dec. 2020, pp.
177-182, doi: 10.1109/econf51404.2020.9385468.

[13] C. Baglioni et al., “Sleep changes in the disorder of insomnia: a meta-
analysis of polysomnographic studies,” Sleep Med. Rev., 2014, doi:
10.1016/j.smrv.2013.04.001.

[14] M. B. Bin Heyat, Insomnia: Medical Sleep Disorder & Diagnosis, 1st
ed. Hamburg, Germany: Anchor Academic Publishing, 2016.

[15] B. Bin Heyat, F. Akhtar, S. K. Singh, and M. M. Siddiqui, “Hamming
Window are used in the Prognostic of Insomnia,” in International Seminar
Present Scenario Future Prospectives Res. Eng. Sci. (ISPSFPRES), 2017,
pp. 65-71.

[16] M. B. Bin Heyat, F. Akhtar, M. Sikandar, H. Siddiqui, and S. Azad,
“An Overview of Dalk Therapy and Treatment of Insomnia by Dalk
Therapy,” 2015.

[17] S. Chung, N. I. Bohnen, R. L. Albin, K. A. Frey, M. L. T. M. Miiller,
and R. D. Chervin, “Insomnia and sleepiness in Parkinson disease:
Associations with symptoms and comorbidities,” J. Clin. Sleep Med.,
2013, doi: 10.5664/jcsm.3150.

[18] C. M. Morin et al., “Insomnia disorder,” Nat. Rev. Dis. Prim., 2015,
doi: 10.1038/nrdp.2015.26.

[19] M. Zarowski, T. Ali-Dinar, and S. V. Kothare, “Narcolepsy,” Minerva
Pneumologica. 2009, doi: 10.28942/nnj.v1i2.236.

[20] M. M. Ohayon and C. F. Reynolds, “Epidemiological and clinical
relevance of insomnia diagnosis algorithms according to the DSM-IV and
the International Classification of Sleep Disorders (ICSD),” Sleep Med.,
2009, doi: 10.1016/j.sleep.2009.07.008.

[21] C. M. Morin, G. Belleville, L. Bélanger, and H. Ivers, “The insomnia
severity index: Psychometric indicators to detect insomnia cases and
evaluate treatment response,” Sleep, 2011, doi: 10.1093/sleep/34.5.601.
[22] S. AydIn, H. M. Saraoglu, and S. Kara, “Singular spectrum analysis
of sleep EEG in insomnia,” J. Med. Syst., 2011, doi: 10.1007/s10916-009-
9381-7.

[23] B. Israel, D. J. Buysse, R. T. Krafty, A. Begley, J. Miewald, and M.
Hall, “Short-Term Stability of Sleep and Heart Rate Variability in Good
Sleepers and Patients with Insomnia: For Some Measures, One Night is
Enough,” Sleep, 2012, doi: 10.5665/sleep.2088.

[24] O. Al Shorman and A. Al Shorman, “Frontal lobe and long-term
memory retrieval analysis during pre-learning stress using EEG signals,”
Bull. Electr. Eng. Informatics, vol. 9, no. 1, pp. 141-145, Feb. 2020, doi:
10.11591/eei.v9i1.1335.

[25] A. Bhattacharjee, S. Saha, S. A. Fattah, W. P. Zhu, and M. O. Ahmad,
“Sleep apnea detection based on rician modeling of feature variation in
multiband EEG signal,” IEEE J. Biomed. Heal. Informatics, 2019, doi:
10.1109/JBH1.2018.2845303.

[26] O. AlShorman, T. Ali, and M. Irfan, “EEG analysis for pre-learning
stress in the brain,” 2017, doi: 10.1007/978-981-10-6502-6_39.

[27] M. M. Siddiqui, G. Srivastava, and S. H. Saeed, “Diagnosis of
insomnia sleep disorder using short time frequency analysis of PSD
approach applied on EEG signal using channel ROC-LOC,” Sleep Sci.,
2016, doi: 10.1016/j.slsci.2016.07.002.

[28] A. Gemignani et al., “Thalamic contribution to Sleep Slow
Oscillation features in humans: A single case cross sectional EEG study in
Fatal Familial Insomnia,” Sleep Med., 2012, doi:
10.1016/j.sleep.2012.03.007.

[29] R. F. Kaplan, Y. Wang, K. A. Loparo, M. R. Kelly, and R. R.
Bootzin, “Performance evaluation of an automated single-channel sleep-
wake detection algorithm,” Nat. Sci. Sleep, 2014, doi:
10.2147/NSS.S71159.

[30] S. T.-B. Hamida, B. Ahmed, D. Cvetkovic, E. Jovanov, G. Kennedy,

and T. Penzel, “A New Era in Sleep Monitoring: The Application of
Mobile Technologies in Insomnia Diagnosis,” 2015, pp. 101-127.

[31] S. T. Ben Hamida, B. Ahmed, and T. Penzel, “A novel insomnia
identification method based on Hjorth parameters,” 2016, doi:
10.1109/ISSPIT.2015.7394397.

[32] M. Bahrami and M. Forouzanfar, “Sleep Apnea Detection From
Single-Lead ECG: A Comprehensive Analysis of Machine Learning and
Deep Learning Algorithms,” IEEE Trans. Instrum. Meas., vol. 71, pp. 1-
11, 2022, doi: 10.1109/T1M.2022.3151947.

[33] Y. Kaya, F. Kuncan, and R. Tekin, “A New Approach for Congestive
Heart Failure and Arrhythmia Classification Using Angle Transformation
with LSTM,” Arab. J. Sci. Eng., Feb. 2022, doi: 10.1007/s13369-022-
06617-8.

[34] N. Salari et al., “Detection of sleep apnea using Machine learning
algorithms based on ECG Signals: A comprehensive systematic review,”
Expert Systems with Applications. 2022, doi: 10.1016/j.eswa.2021.115950.
[35] N. Demir, M. Kuncan, Y. Kaya, and F. Kuncan, “Multi-Layer Co-
Occurrence Matrices for Person ldentification from ECG Signals,” Trait.
du Signal, vol. 39, no. 2, pp. 431440, Apr. 2022, doi:
10.18280/ts.390204.

[36] D. Lai, X. Zhang, Y. Zhang, and M. B. Bin Heyat, “Convolutional
Neural Network Based Detection of Atrial Fibrillation Combing R-R
intervals and F-wave Frequency Spectrum * in 2019 41st Annual
International Conference of the IEEE Engineering in Medicine and
Biology Society (EMBC), Jul. 2019, pp. 4897-4900, doi:
10.1109/EMBC.2019.8856342.

[37] D. Lai, M. B. Bin Heyat, F. I. Khan, and Y. Zhang, “Prognosis of
Sleep Bruxism Using Power Spectral Density Approach Applied on EEG
Signal of Both EMG1-EMG2 and ECG1-ECG2 Channels,” IEEE Access,
vol. 7, pp. 82553-82562, 2019, doi: 10.1109/ACCESS.2019.2924181.

[38] M. B. Bin Heyat, D. Lai, F. Akhtar, M. A. Bin Hayat, and S. Azad,
“Short Time Frequency Analysis of Theta Activity for the Diagnosis of
Bruxism on EEG Sleep Record,” in Advanced Computational Intelligence
Techniques for Virtual Reality in Healthcare. Studies in Computational
Intelligence, K. Gupta D., Hassanien A., Ed. Springer, 2020, pp. 63-83.
[39] A. L. Goldberger et al., “PhysioBank, PhysioToolkit, and PhysioNet:
components of a new research resource for complex physiologic signals.,”
Circulation, 2000, doi: 10.1161/01.cir.101.23.e215.

[40] A. L. Goldberger et al., “PhysioBank, PhysioToolkit, and PhysioNet,”
Circulation, 2000, doi: 10.1161/01.cir.101.23.e215.

[41] H. Bb, F. Akhtar, A. Mehdi, S. Azad, S. Azad, and S. Azad,
“Normalized Power are used in the Diagnosis of Insomnia Medical Sleep
Syndrome through EMG1-EMG?2 Channel,” Austin J. Sleep Disord., vol.
4,no. 1, pp. 2-4, 2017.

[42] M. B. Bin Heyat, F. Akhtar, M. A. Bin Hayat, and S. Azad, “Power
Spectral Density are used in the Investigation of insomnia neurological
disorder,” in XL- Pre Congress Symposium, 2016, pp. 45-50.

[43] K. L. Dodds, C. B. Miller, S. D. Kyle, N. S. Marshall, and C. J.
Gordon, “Heart rate variability in insomnia patients: A critical review of
the literature,” Sleep Medicine Reviews. 2017, doi:
10.1016/j.smrv.2016.06.004.

[44] M. B. Bin Heyat et al., “Progress in Detection of Insomnia Sleep
Disorder: A Comprehensive Review,” Curr. Drug Targets, vol. 22, no. 6,
pp. 672-684, Apr. 2021, doi: 10.2174/1389450121666201027125828.

[45] D. Lai, Y. Zhang, X. Zhang, Y. Su, and M. B. Bin Heyat, “An
Automated Strategy for Early Risk Identification of Sudden Cardiac Death
by Using Machine Learning Approach on Measurable Arrhythmic Risk
Markers,” |EEE Access, vol. 7, pp. 94701-94716, 2019, doi:
10.1109/ACCESS.2019.2925847.

[46] M. B. Bin Heyat et al., “Detection, Treatment Planning, and Genetic
Predisposition of Bruxism: A Systematic Mapping Process and Network
Visualization Technique,” CNS Neurol. Disord. - Drug Targets, vol. 20,
no. 8, pp. 755-775, Oct. 2021.

[47] P. D. Welch, “Welch_1967 Modified Periodogram Method,” Trans.
Audio Electroacoust., 1967.

[48] M. B. Bin Heyat et al., “Bruxism Detection Using Single-Channel
C4-A1 on Human Sleep S2 Stage Recording,” in Intelligent Data Analysis,
2020.

[49] M. B. Bin Heyat, F. Akhtar, and S. Azad, “Comparative Analysis of
Original Wave and Filtered Wave of EEG signal Used in the Prognostic of
Bruxism medical Sleep syndrome,” Int. J. Trend Sci. Res. Dev., vol.
Volume-1, no. Issue-1, pp. 7-9, 2016, doi: 10.31142/ijtsrd53.

This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see https://creativecommons.org/licenses/by/4.0/



This article has been accepted for publication in IEEE Access. This is the author's version which has not been fully edited and
content may change prior to final publication. Citation information: DOI 10.1109/ACCESS.2022.3212120

IEEE Access

Muktidisciplinary : Rapid Review : Open Access Journal

[50] L. Breiman, “Random forests,” Mach. Learn., 2001, doi:
10.1023/A:1010933404324.

[51] M. B. Bin Heyat et al., “Wearable Flexible Electronics Based Cardiac
Electrode for Researcher Mental Stress Detection System Using Machine
Learning Models on Single Lead Electrocardiogram Signal,” Biosensors,
vol. 12, no. 6, p. 427, Jun. 2022, doi: 10.3390/bi0s12060427.

[52] H. Ullah et al, “An Effective and Lightweight Deep
Electrocardiography Arrhythmia Recognition Model Using Novel Special
and Native Structural Regularization Techniques on Cardiac Signal,” J.
Healthc. Eng., wvol. 2022, pp. 1-18, Apr. 2022, doi:
10.1155/2022/3408501.

[53] T. K. Ho, “The random subspace method for constructing decision
forests,” IEEE Trans. Pattern Anal. Mach. Intell., 1998, doi:
10.1109/34.709601.

[54] T. K. Ho, “A data complexity analysis of comparative advantages of
decision forest constructors,” Pattern Anal. Appl.,, 2002, doi:
10.1007/s100440200009.

[55] D. Ramage, D. Hall, R. Nallapati, and C. D. Manning, “Labeled
LDA,” 2009, doi: 10.3115/1699510.1699543.

[56] A. K. Nawabi et al., “Segmentation of Drug-Treated Cell Image and
Mitochondrial-Oxidative Stress Using Deep Convolutional Neural
Network,” Oxid. Med. Cell. Longev., vol. 2022, pp. 1-14, May 2022, doi:
10.1155/2022/5641727.

[57] M. S. Igbal et al., “Recognition of mRNA N4 Acetylcytidine (ac4C)
by Using Non-Deep vs. Deep Learning,” Appl. Sci., vol. 12, no. 3, pp. 1-
16, 2022, doi: 10.3390/app12031344.

[58] M. B. Bin Heyat, D. Lai, F. L. Khan, and Y. Zhang, “Sleep Bruxism
Detection Using Decision Tree Method by the Combination of C4-P4 and
C4-Al Channels of Scalp EEG,” IEEE Access, vol. 7, pp. 102542-102553,
2019, doi: 10.1109/ACCESS.2019.2928020.

[59] M. B. Bin Heyat et al., “A Novel Hybrid Machine Learning
Classification for the Detection of Bruxism Patients Using Physiological
Signals,” Appl. Sci., vol. 10, no. 21, p. 7410, Oct. 2020, doi:
10.3390/app10217410.

[60] A. Sultana, K. Rahman, M. B. Bin Heyat, Sumbul, F. Akhtar, and A.
Y. Muaad, “Role of Inflammation, Oxidative Stress, and Mitochondrial
Changes in Premenstrual Psychosomatic Behavioral Symptoms with Anti-
Inflammatory, Antioxidant Herbs, and Nutritional Supplements,” Oxid.
Med. Cell. Longev., vol. 2022, pp. 1-29, Jul. 2022, doi:
10.1155/2022/3599246.

[61] A. R. Hassan and M. L. H. Bhuiyan, “Computer-aided sleep staging
using Complete Ensemble Empirical Mode Decomposition with Adaptive
Noise and bootstrap aggregating,” Biomed. Signal Process. Control, 2016,
doi: 10.1016/j.bspc.2015.09.002.

[62] M. Schrader, C. Zywietz, V. Von Einem, B. Widiger, and G. Joseph,
“Detection of sleep apnea in single channel ECGs from the physionet data
base,” 2000, doi: 10.1109/cic.2000.898507.

[63] S. A. Imtiaz and E. Rodriguez-Villegas, “Low-complexity algorithms
for automatic detection of sleep stages and events for use in wearable EEG
systems,” thesis, 2015.

[64] M. Léangkvist, L. Karlsson, and A. Loutfi, “Sleep Stage Classification
Using Unsupervised Feature Learning,” Adv. Artif. Neural Syst., 2012, doi:
10.1155/2012/107046.

[65] A. J. Boe et al., “Automating sleep stage classification using wireless,
wearable sensors,” npj Digit. Med., 2019, doi: 10.1038/s41746-019-0210-
1.

[66] V. Bajaj and R. B. Pachori, “Automatic classification of sleep stages
based on the time-frequency image of EEG signals,” Comput. Methods
Programs Biomed., 2013, doi: 10.1016/j.cmpb.2013.07.006.

[67] Y. Mitsukura, K. Fukunaga, M. Yasui, and M. Mimura, “Sleep stage
detection using only heart rate,” Health Informatics J., 2019, doi:
10.1177/1460458219827349.

[68] H. Abdullah, T. Penzel, and D. Cvetkovic, “Detection of insomnia
from EEG and ECG,” 2014, doi: 10.1007/978-3-319-02913-9_175.

[69] M. Shahin, B. Ahmed, S. T. Ben Hamida, F. L. Mulaffer, M. Glos,
and T. Penzel, “Deep Learning and Insomnia: Assisting Clinicians with
Their Diagnosis,” |IEEE J. Biomed. Heal. Informatics, 2017, doi:
10.1109/JBHI.2017.2650199.

[70] A. R. Hassan and M. 1. H. Bhuiyan, “An automated method for sleep
staging from EEG signals using normal inverse Gaussian parameters and
adaptive boosting,” Neurocomputing, vol. 219, pp. 76-87, Jan. 2017, doi:
10.1016/j.neucom.2016.09.011.

[71] J. Zhang, R. Yao, W. Ge, and J. Gao, “Orthogonal convolutional
neural networks for automatic sleep stage classification based on single-
channel EEG,” Comput. Methods Programs Biomed., 2020, doi:
10.1016/j.cmph.2019.105089.

[72] J. Zhou et al., “Automatic Sleep Stage Classification with Single
Channel EEG Signal Based on Two-Layer Stacked Ensemble Model,”
IEEE Access, 2020, doi: 10.1109/ACCESS.2020.2982434.

[77] Rajat M; M.A. Ansari;Rajeev Agrawal;Pragati Tripathi et al.,
Ensembling of Efficient Deep Convolutional Networks and Machine
Learning Algorithms for Resource Effective Detection of Tuberculosis
using Thoracic (Chest) Radiography, 2022, DOI:
10.1109/ACCESS.2022.3194152.

[78] Mehrotra, R., Agrawal, R. & Ansari, M.A. (2022), Diagnosis of
hypercritical chronic pulmonary disorders using dense convolutional
network through chest radiography, Multimedia Tools and Applications,
81 (6), 7625-7649.

PRAGATI TRIPATHI did her MTech in Power
Electronics in 2018 from Gautam Buddha University
and is working as a research scholar in the School of
Engineering at Gautam Buddha University, Gr.
Noida. She has also associated with IIT Delhi and
served as Research Associate at Sharda University
Greater Noida, India. Her research interest includes
signal processing, brain mapping, and neuroscience.

M.A. ANSARI received B. Tech. in Electrical
Engineering from A.M.U. Aligarh India, MTech.
and Ph.D. respectively from Indian Institute of
Technology, Roorkee, India in the area of medical
image processing. He has more than 20 years of
teaching experience in Engineering & Technology.
His research interest includes digital image
processing, Medical Imaging, Biomedical
Instrumentation, Al, ML, Soft computing, and
wavelet applications to Engineering problems. He has published more than
200 research papers in reputed national and international
Journals/Conferences and several patents. He is currently associated with
the School of Engineering, Gautam Buddha University, Gr. Noida, NCR
Delhi, India. He is a senior member of IEEE, ISIAM, and HAC/SIGHT
chair, UP section, India.

TAPAN KUMAR GANDHI is currently
working as Associate Professor in the Dept. of
Electrical Engineering, IIT Delhi, adjunct faculty
in the School of Information Technology, T
Delhi as well as Adjunct Professor, 11T Jodhpur.
He received his Ph.D. fellowship from (MIT,
USA) and obtained his Ph.D.in Biomedical
Engineering from T Delhi. Following his
Ph.D., he has spent 3+ years as scientist at MIT,
USA. He was also awarded an INSPIRE Faculty
in the engineering & technology category of the Department of Science &
Technology, Govt. of India. During this 5 years tenure, he is awarded as
the excellent INSPIRE Faculty by DST, Govt. of India.

MD BELAL BIN HEYAT received the B.

Tech degree in  Electronics and

Instrumentation (EI) and the MTech

degree in Electronics Circuit and System

(ECS) from Integral University, Lucknow,

UP, India, in 2014 and 2016, respectively.

- / He completed a Ph.D. degree in Electronic

x - | Science and Technology from the
=7 e gl University of Electronic Science and
Technology of China, Chengdu, Sichuan, China. He received nine
awards, and also, worked as a Research Associate, Vice-Chairman of
the UESTC Country League, and Country Representative of India
during his Ph.D. at the University of Electronic Science and Technology
of China. Currently, he is working as a Post-Doctoral Researcher in the
College of Computer Science and Software Engineering at Shenzhen

\

This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see https://creativecommons.org/licenses/by/4.0/



This article has been accepted for publication in IEEE Access. This is the author's version which has not been fully edited and
content may change prior to final publication. Citation information: DOI 10.1109/ACCESS.2022.3212120

IEEE Access

Multidisciplinary ; Rapid Review : Open Access Journal

University, China. Also, he is working as a Visiting Post-Doctoral
Researcher at IlIT Hyderabad, India and as a faculty member in the
Department of Science and Engineering, Novel Global Community
Educational Foundation, New South Wales, Australia.

Dr. Heyat is engaged in the areas of detection, sleep disorders,
neurological disorders, psycho-neurological disorders, cardiovascular
diseases, signal processing, and medical machine learning. He has
been serving as a Guest Editor/Reviewer for over ten journals
including Applied Sciences, Biosensors, Cells, Journal of Integrative
Neuroscience, Electronics, Computers in Biology and Medicine, IEEE
Access, Sensors, Reviews in Cardiovascular Medicine, International
Journal of Environmental Research and Public Health, Journal of
Healthcare Engineering, and Al. He has published more than forty
articles in reputed international journals and conferences.

FAIJAN AKHTAR received the bachelor of
technology degree in Information and Technology
and master of technology degree in Computer and
Science Engineering from Integral University,
Lucknow, UP and Jamia Hamdard, New Delhi,
India, respectively. He is currently a Ph.D. student in
the University of Electronic Science and Technology
of China. He has published several research papers in reputed
International Journals and conferences. His current research interest
includes machine learning, deep learning, and blocks chain technology.

CHIAGOZIEM C. UKWUOMA received the
B.Eng. degree (Mechanical Engineering-
Automobile Technology) from the Federal
University of Technology Owerri Nigeria
and his MSc. degree (Software
Engineering) from the University of
Electronic Science and Technology of
China (UESTC). He is currently a Ph.D.
student at the University of Electronic Science and Technology of
China (UESTC). His research interests include Object Detection
and Classification, Attention Mechanism, Medical Imaging.

ABDULLAH YAHYA MOHAMMED
MUAAD received his B.SC degree in computer
science from Hail University in 2008 and his
M.SC from the University of Mysore (UOM),
Mysuru, Karnataka, India, in 2018. He is currently
a Ph.D. candidate in the department of studies in
Computer Science, University of Mysore (UOM),
Mysuru, Karnataka, India. He received 5 awards
during his study. He has authored and co-authored
more than 5 journal and conference papers in well-
reputed international journals. Also, he worked as a general registrar and
lecturer at Sanaa community college Yemen from 2010 to 2014. Also, he
is a reviewer in many SCI journals. His main areas of interest and current
research interests are natural language processing, text representation,
image processing, and machine and deep learning.

RAJAT MEHROTRA is an Assistant Professor
in the Electrical & Electronics Engineering
Department at GL Bajaj Institute of Technology
& Management, Greater Noida, India. He
received his BTech in Electrical and Electronics
Engineering from the Dr. A.P.J. Abdul Kalam
Technical University, Lucknow (Formerly
UPTU), in 2008 and his MTech in
Telecommunication Engineering from the same university, in 2014. His
research interests are in digital image processing, biomedical imaging, and
deep learning. Currently, he is involved in research in the School of
Engineering at Gautam Buddha University, Greater Noida.

YASSER KADA His presently a Professor of
Biomedical Engineering with the department of
Electrical and Computer Engineering at King
o Abdulaziz University, Jeddah, Saudi Arabia. He

— . .
m received his B.Sc. and M.Sc. degrees from the

Biomedical Engineering Department at Cairo

University in 1989 and 1992 respectively. He
received his Ph.D. in Biomedical Engineering from the University of
Minnesota in 1997. He worked as a research assistant with the Department
of Radiology, University of Minnesota Medical School in 1996-1997 and
as a post-doctoral fellow at the Center of Magnetic Resonance Research at
the University of Minnesota in 1998. He became an Assistant Professor of
Biomedical Engineering at Cairo University from 1998 to 2003. He also
worked during the same period as the director of research and
development at IBE technologies, Egypt. He also was a Research
Associate with the Biomedical Imaging Technology Center at the
Biomedical Engineering Department, Emory University and Georgia
Institute of Technology, from December 2002 till July 2004. He is was a
Professor of Biomedical Engineering at Cairo University for many years
and the former Department Chair. Along his career, he received several
awards and recognitions including the record for highest undergraduate
GPA in the department of Biomedical Engineering at Cairo University, the
Islamic Development Bank Merit Scholarship (1993-1996), his biography
was selected to appear in Marquis Who’s Who in the World in 2002,
winning the E.K. Zaviosky stipend from the international society of
magnetic resonance in imaging in 2002, awarded the 2005 National
Encouragement Award from the Academy of Scientific Research and
Technology, Ministry of Higher Education and Research, Egypt, as well as
the Award for Best Professor in Biomedical Engineering from the Cairo
University Faculty Club in 2007. He was also selected to receive the 2008
Scientific Distinction Award from Cairo Universityt. He is a Senior
Member of the Institute of Electrical and Electronic Engineers (IEEE)
since 2003 and a Senior Member of the International Society of Optical
Engineering (SPIE) since 2015. He is also currently an active member of
the Association for the Advancement of Medical Instrumentation (AAMI).
His research interests include medical imaging and in particular MRI and
ultrasound imaging, and multi-dimensional signal processing for
biomedical applications such as Brain-Computer Interface.

MUGAHED A. AL-ANTARI is an Assistant
Professor in the Department of Atrtificial
- Intelligence, College of Software &
¢ Convergence Technology, Sejong University,
e i Seoul 05006, Republic of Korea. Al-antari has
— teaching experience as a lecturer in the
Department of Biomedical Engineering with
r different public and private universities for more
than 5 years. Meanwhile, Al-antari has professional industry experience as
a Senior Researcher and Executive Engineering Director for more than 5
years for developing mini- and whole-body DXA machines using X-ray
pencil and fan beams at YOZMA BMTech Group, Seoul, Republic of
Korea. In August 2019, Al-antari received his Ph.D. degree with an
excellent thesis award from Biomedical Engineering, College of
Electronics and Information, Kyung Hee University (KHU), Republic of
Korea. Al-antari joined the Ubiquitous Computing Laboratory (UC Lab) as
a post-doctoral researcher in the Department of Computer Science and
Engineering, Kyung Hee University, Republic of Korea. His recent Al-
based publications have earned a lot of attention from the international
journal editorials and have been selected to represent a cornerstone for the
modern medicine. He is a member of IEEE EMBS since 20214. His
current research interests include Explainable artificial intelligence (XAl),
deep reinforcement learning, deep learning, machine learning, pattern
recognition, medical signal and image processing, and medical imaging of
dual-energy X-ray absorptiometry (DXA).

This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see https://creativecommons.org/licenses/by/4.0/



This article has been accepted for publication in IEEE Access. This is the author's version which has not been fully edited and
content may change prior to final publication. Citation information: DOI 10.1109/ACCESS.2022.3212120

IEEE Access

Multidisciplinary ; Rapid Review : Open Access Journal

JIAN PING Li male, born on October
11,1964. He received the B.S. degree in
applied mathematics from Chongging
University, Chongging, China, in 1986,
the M. Eng. degree in software
engineering and M. Sci. degree in
computational mathematics from the
Graduate School of Xi'an Jiaotong
University, Xi‘an, Shanxi, China, in 1989,
and the Ph.D. degree in computer science
from the Graduate School of Chongging
University, Chongging, China, in 1998.
From 1999 to 2000, he was a post-
doctoral and visiting professor working at Hong Kong Baptist University
under the leadership of Professor Dr. Yuan Yan Tang. From 2002 to 2003,
2005 to 2006, and in 2010, 2011, 2013, 2014, 2015, he was a senior
visiting professor working respectively at Provence University, France,
University of Guelph, Canada, Washington University, USA, University of
Zurich, Switzerland. He is presently a Professor in International Centre for
Wavelets Analysis and Its Applications (ICWAA) of University of
Electronic Science and Technology of China ( UESTC) , Chengdu,
China, and as a head of ICWAA, he is the dean of Big Data Research
Institute of UESTC. Dr. Li has served as a Syndic for Awards of National
Science and Technology of China, a founder of the International Journal
on Multiresolution, Wavelets, Applications (IJIMWA), a founder and
Editor in Chief of International Progress on Wavelet Active Media
Technology and Information Processing, and also as General Chairman of
many international conferences, a reviewer for many international famous
Journals. His book Wavelet Analysis & Signal Processing: Theory,
Applications & Software Implementations, was awarded the second prize
of National Science and Technology of China (1999), and it is very
important reference for many scientists. Dr. Li has published more than
300 technical papers and is the author/ co-author of 30 books on subjects
ranging from wavelet analysis and its applications to computer science.
His current interests include wavelet theory and applications, fractal,
image processing, pattern recognition, information security, big data,
artificial intelligence.

This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see https://creativecommons.org/licenses/by/4.0/



