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Abstract: Sleep disorders are challenging to diagnose. The complexity of records obtained from ECG recordings is
required manual inspection by experienced medical practitioners. Mcamc. ECG records are still widely used to

diagnose heart pre

ms during sleep. To resolve the issue, the multifractal analysis is a promising means to help identify

the characteristic non-overlapping apnea and non-apnea events based on signal behaviour and QRS morphologies.
Therefore, we propose a novel approach to develop automatic classification sleep disordcmninimallizc visual inspection
and manual scoring. The new features set have been extracted, which are eventually being used as inputs space to a support
vector machine (SVM). Through examine the feature set, we designed an optimum SVM model classifier to explore the
usability of patterns to predict corresponding apnea and non-apnea events. Hence, our approach model with RBF kernel of
SVM is achieved to have accuracy, sensitivity, specificity of 92.16%, 88.24%, 94.12% respectively.
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1. Introduction

Sleep is one of the human rest phases. Sleep quality
has an impact on freshness and normality of the human
organs. The human body will refresh body cells.
Therefore, it is crucial to maintain the sleep quality. The
development of tcchn()lm and modern lifestyle make
people pay less attention to health and quality ways of life.
In the long term, the quality of life, to some extents, will
be determined by sleep pattern. Some potential factors can
disrupt the sleep pattern like Sleeplessness, depression,
snoring  disorders, fatigue, worst sleeping position,
m()mf()rt;lble place, and sleeping environment.
Obstructive sleep apnea-hypopnea syndrome (OSAHS) is
a chronic sleep disorder condition. OSAHS is
characterized by a recurrent recurrence of the respiratory
tract so that people often wake up throughout the night and
make the body condition during the day become weak.
These conditions can lead to a more severe problem in the
human heart. The most severe conditions will cause
hypertension, stroke and other heart problems [1].
Someone with short sleep duration and poor quality sleep
1s strongly associated with weight gain compared to those
who have enough sleep, in a study shows children (89%)
and adults (55%) with short sleep duration had the
potential to be overweight [2]. Sleep problems may be
treated and diagnosed individually or in the hospital. The
site usually has equipment for the evaluation of sleep
symptoms. Polysomnography (PSG) is among them. For
the initial screening, PSG is a useful and gold standard for
comparison by the hospital. However, there are
weaknesses including the element of subjectivity in
performing evaluations is qualitative and relies heavily on
assessment experience. Naturally, varying levels of
experience contribute to various evaluations. Besides that,
there can also be variations in diagnosis due to human
errors due to the presence of human interference in visual
mspection. PSG usually consists of several electrodes.
During test, many wire and channel are attaching on some
of body. These conditions are very complicated cause to
comprehensive monitoring of the many biophysiological
signals. For example, the electroencephalography (EEG)

electrodes to record electrical activity in the brain, the
electrooculography (EOG) to record the movement of the
eyeball. Besides that, the electromyography (EMG) which
are usually attached to the legs to record movement during
sleep. and the electrocardiography (ECG) electrodes to
record heart activity and some sensors to record oxygen
saturation [3-5], thoracic and abdominal respiratory and
respiratory movements [6-7]. Research on biological
signals for the overview of sleep disorders include the use
of heart rate variability [8-9]. These studies f@&lsed on
extracting sleep stages are extracted based on three-band
time-frequency localized and wavelet filter bank from a
single lead EEG [9]. This approach is also using 30

nds of ECG signals to get features based on time series
decomposition of RR into intrinsic mode functions (IMFs)
on EEG signals [8]. Other studies use a combination of
several nonlinear features, features obtained from the
frequency domain and phase reconstruction of ECG
signals to detect sleep apnea [10]. Alternative investigation
of OSA screening using wavelet bicoherence from snore
signals [11]. An extraction process based on internal RR
variations uses the wavelet decomposition process [12].
This technique has been utilizing the morphology of the
pQRSt waves from the ECG signal to get four groups of
feature sets to identify the severity of OSA [13]. Other
approach using dissimilarity between normal patients and
epilepsy patients based on HRV using time-varying
autoregressive modelling [14]. In addition, the features of
intrinsic band functions come from EDR and HRV
measurements [15]. The feature value obtains from Q
wavelet to sub bandwidth m:G signals [16]. The
combination feature set from RR interval, systolic blood
pressure and diastolic blood pressure from beats of the
signal using Laquerre expansion approach [17].

In order to get maximum results during the extraction
process, an analysis of the acquisition and preprocessing
stages of the signal is needed. However, the analysis
should not damage the characteristics of the signal.
Besides that, the process is without eliminating the desired
clinical information. Several studies related to
preprocessing ECG signals include sinusoidal modelling
to eliminate disturbing signal parts such as power line
interference and signal wandering noise [18]. Signal




wandering is very influential on the results of the
extraction process. The action of reducing or eliminating
will be beneficial as is done with ECG signals using linear
regression techniques [19]. Another research, by changing
the variance in window values to make the results more
accurate, minimize noise for ECG signals using the low
pass filter FIR method [20]. Different approach use Hilbert
ransform to eliminate baseline wander ECG signals has
been carried out [21]. Moreover, eliminating at the same
time for unwanted and wandering the signal using the
wavelet transform with a multi adaptive [22].

Various methods for detecting sleep disorders were
commenced several ycalrsm), mcluding classifying five
cases in sleep disorders using support vector machine
(SVM) zmder classifiers approach [9]. Estimated slow
wave sleep based on the variation of RR interval to identify
OSA and healthy patients [23]. Another research classifies
normal and apnea variations, based on the features of
spectral analysis and the statistical value of ECG signal,
using the bootstrap aggregation classifier[24]. Moreover,
another approach to detect OSA using SVM [7, 25]. Other
@isii’y method to detect sleep apnea using RUSboosted
based on the feature set of the Unable-Q factor wavelet
transform [4]. In recent years, research leading to the use
of deep learning to detect OSA has developed rapidly. The
advanced deep learning research that uses data learning
techniques automatically to get set features using deep
learning [26]. An alternate method that uses six
convolution layer using one Dimension Convolutional
Neural Network [27] without specifying set features. One
of the last publication using RNN deep learning from ECG
derived feature values [28]. Though, these methods require
an enormous dataset and cannot understand the
significance of the pattern of a feature.

However, there are some limitations to the studies that
have been carried out. These approach does not reconstruct
the complexity of ECG signals as a result of degradation
during hzwquisiti()n and preprocessing stages. Besides
that, the ectopic beats, arrhythmic events, missing data and
noise effects, which causes the corrupt data along with the
QRS interval and there are irregularities in the absolute and
relative values of the frequency band so that the potential
loss of clinic4klifformation is significant. The deviation of
potential loss from the following requirements may lead to
unpredictable results that are difficult to interpret. The lost
clinical information makes difficulties and errors in the
diagnosis of signal patterns in patients with sleep
disorders. Therefore, a tool is needed for a more in-depth
analysis of ECG morphology, QRS intervals imdari()d ic
patterns of ECG signals to get the difference between
apnea and non-apnea signalling patterns.

Throughout this resear we merged two methods
obtained from nonlinear get the best features that
correspond to the ECG signal pattern throughout patients
with sleep disorders. These approaches are monofractal
and multifractal analysis. The combination of these
methods is to obtain ten features. In order to make the most
of the training and testing process, the assessment scenario
1s conducted in a variety of approaches, such as find out
the suitable method for selecting a feature, setting the

parameters to develop the appropriate model, and evaluate
the system using some or all of the features. To achieving
an appropriate diagnosis and treatment based on different
signal behaviour and QRS morphology phenomenon,
precise sleep scores are deemed to be a critical part of that
process. The conventional method of visual scoring is still
the most acceptable approach to date. However, it involves
the interpretation of the various signals by visual data.
Automatic scoring is, therefore seen as an effective
approach and minimize manual inspection for human error
prevention.

The contributions of the research are: (1). The
mvestigation of robustness and complexity ECG
recordings only from single lead ECG with duration more
than ten-minute segments; (2). Employed less amount
feature to obtain a significant advantage for the
classification with decreasing the time of training and
testing; (3). The screening process of ECG to obtain
acceptable pattern distinctions between apnea and non-
apnea based on signal behaviour and QRS morphologies
using multifractal analysis; (4). Applying the optimization
parameters to the automatic correction of hyperplane using
the various kernel of SVM; (5). To develop real time
classification sleep disorder to minimalize visual
inspection and manual scoring apnea and non-apnea events
by the medical employee.

2. Data Description and Methods

2.1 ECG-Apnea Recordings
The physionet database provides the dataset used in
the experiment[29]. The recordings were acquisition at
sampling rate 100Hz and 16-bit resolution from single-
lead ECG. There are seventy recordings available on the
dataset with a normal length of 7 — 10 hours. The only 35
sordings that were scored by the clinical experts, namely
apnea and non-apnea cvents. For the experiment, the
dataset consists of nineteen recordings from nineteen
subjects with annotated severe apnea indication
(apnea/hypopnea index (AHI=15). The demographics
cove ferent sex, age, height and weight. All subjects
were male, with an average age of 52.11 years, the average
height of 176.16 cm and an average bodyweight of 95.53
kg. This study was used 502 non-overlapping recordings
with an average duration of 13.10 minutes in length. The
distribution of recording is 61.75% of upncm«:nts and
38.25% of non-apnea events. To measure the performance
of the wed framework, the non-overlapping ECG
signals are divided into two categories, namely the training
set and testing set. Fig. 3(a) shows the non-overlapping
segmented signals, namely non-apnea event and apnea
event. Each record has been marked apnea and non-apnea
by a clinical expert. In some recordings, there may be
additional signals such as the influence of spO2, oxygen
saturation, respiratory so that the recording pattern
becomes not easy to process.

2.2 Preprocessing
ECG-apnea recordings from the physionet database

have a very long duration ranging from 7 to 8 hours. For
testing purposes, then the data will be segmented




@)rding to the need. The segmented data will further
improve the quality of the recorded signal. The removing
noise contaminated as shown in Fig 3(b). In this process,
the signal will be reconstructed to eliminate some of the
effects of noise, such as the effect of noise power line
mterference, the effect of noise medical edﬂent and
other influences that make the morphological quality of the
ECG signal imperfect. The ECG signal imperfection
caused by the noise will significantly affect the detection
process of ECG waves. Moreover, contaminate ECG
signals with noise and other signals will interpret very
difficult.

The block diagram proposed in this research 1s as shown
m Fig 2. The first stage, the data was acquired the signal
following the annotation that has been validated by the
medical expert to get the apnea signal and the non-apnea
signal. The second stage, the automatically removed noise
nterference employ to deducting baseline wander and
noise eliminating. These schemes used to ensure there was
no interference and would potentially disturb QRS waves
detection based on RR interval extraction. Third, the
segmentation process was carried out without overlapping
noticed by an expert. In addition, Preprocessing and QRS
detection implies to refinement the segmented signal by
adjusting QRS frequency range, QRSonset, QRSoffset,
and bandpass filter setting for fiducial point of other
waves. The third stage, features are extracted from fractal
analysis to get features that had similarities with the ECG
signal pattern of patients with sleep disorders. Besides that,
features were obtained from a variety of approaches to
deeply investigation, one of which was by calculating the
statistical value of QRS morphologies, including QRS
amplitude and QRS width. These parameters can then be
known whether there are differences in mean and standard
deviation between apnea and non-apnea. The next stage,
the normalization process involves for all data to
transforming a specific range of feature value to meet
machine learning requirement. These approach resulting
features were further to reduce feature complexity due to
the parts that were not relevant to the sleep disorder signal
pattern and bias elimination of unbalance dataset. The last
stage was to classify the collection of features into two
classes, namely the class whose features have similarities
with the signal pattern for apnea and the other classes
which had similarities with the signal pattern for non-
apnea.

Most of ECG data set recordings are intensively
preprocessed using some approaches to noise elimination.
The recordings of ECG have robust heart rate variability.
There 1s a small spike to reducing the heart rate minute by
minute and therefore, takings changes of RR intervals
while comparing successive values of beats. The ECG
signal to be extracted must be cleared of signal disruption
or noise interference in the preprocessing ideal. In case this
is not done carefully, it will cause a signal to lose clinical
mformation. The loss means that clinical experts will have
difficulty diagnosing. An incomplete diagnosis will harm
the patient because of erroneous medical treatment.

Fig. 1 shows the graph frequency distribution of data
point for apnea event and non-apnea event. With the clear

observations that are disclosed differences both of them.
The non-apnea event (label: ECG_al6N) has heart rate
mean of 82 BPM and heart rate standard deviation of 6.8
BPM through the length of 1523 beats. The apnea event
(label: ECG_al6A) has heart rate mean of 72 BPM and
heart rate standard deviation of 4.8 BPM through the
length of 997 beats. Table 1 shown the charg{f@istic of all
features for non-apnea and apnea events. In order to a
deeper investigation of the different Ef¥acteristic of the
signal based on occur variabilities of successive R waves
of QRS complex were calculated. In summary, the apnea
ECG recordings contain RR mean of 743 milliseconds, RR
standard deviations of 120 milliseconds, QRS amplitude
mean of 2.3 millivolts, QRS amplitude standard deviations
of 1.6 millivolts, QRS width mean of 110 milliseconds,
and QRS width standard deviations of 63 milliseconds.
Conversely, a non-apnea recording has RR mean of 839
milliseconds, RR standard deviations of 52 milliseconds,
QRS amplitude mean of 3 millivolts, QRS amplitude
standard deviations of 1.7 millivolts, QRS width mean of
110 milliseconds, and QRS width standard deviations of
72 milliseconds.

Furthermore, the comparison of each feature with p-value
1s computed based on raw of ECG recordings and obs
statistic distribution. These logarithmic deviations are used
to obtain features with distributions more rapidly to
normal. Based on the quantitative evaluation, the data
distribution characteristics comparison shows that there is
a significant difference in the pattern of the ECG signals
associated with any changes that occur as a result of
periodic failures and unexpected construction. These can
be observed m'l Table 1 shows it was found that the
features with p-values lower than 0.05 for the distinction
between apnea and non-apnea were a feature of alphal, a
feature of alpha2, a feature of residue2, a feature of hqmin,
a feature of hqmid, a feature of Dgmax, and a feature of
hgmaxhgmin. The significant level was very useful to
optimization the classifier to improve the performance
parameters.

2.3 Feature extraction process

In this section, the main aim of the proposed approach
1s an assessment of best practice to combine the fractal
structure based on a short and long range of sleep disorder
ECG signals using the feature set from fractal analysis
methods. The feature extraction scheme will help medical.
The feature extraction scheme will help the medical
practitioner to constructs the variation fractal scaling of
ECG signals during sleep automatically. The data that has
been segmented will then be extracted. Feature extraction
1s a process to obtain features that will be used to describe
the different characteristics of sleep apnea abnormalities
based on differences in patterns between apnea and non-
apnea. The recognized of pattern will further assist the
clinical expert in diagnosing and determining further steps
to take preventive action. Based on the experiment features
set are categorized into two approaches, namely
monofractal analysis feature set, and multifractal feature
set.




The fractal analysis aims to determine the periodic
pattern of a signal at a certain period so that the fractal
structure can be recognized based on variations in signal
fluctuations. Recognition of biomedical signal patterns
using the Fractal Structure Approach provides another
point of view for differences in patterns between the two
classes. It is noted that biomedical signals are essentially
visible, but important information such as the amplitude
and width of the QRS complex is extremely difficult to
capture If only conventional methods are employed.

The biomedical signals also have a very high degree
mvariant scale and continuously repeated. Therefore, it is
very practical to analyze various physiological signals
using the spectrum analysis method, specifically signals
with an indication of sleep disorders. The flow chart for the
monofractal analysis stage s schematically illustrated in
Fig. 4.

24 Extraction using detrended signal

Observations on a signal, particularly biomedical
signals with a dynamic invariant dimension, frequently
neglect tiny or robust sections. Meanwhile, these small

s are often only described in the form of calculating the
average value, standard deviation, maximum value,
minimum value, and median value. That approach is not
enough, especially for observations on signals of very long
duration. Therefore, another approach is needed that is able
to describe a signal through fractal structure analysis to
calculate the estimat@l low-exponent power as a
representation of the scale invariant structure of the
biomedical signal.

The Monofractal analysis technique, or more well
known as detrended fluctuation analysis (DFA), is used to
analyze time series data [31-32]. The variability of the
nonlinear dynamic approaches using DFA may provide the
quantitative technique for analyzing the heart rate
variability in the signal time-frequency series. The DFA
approach is strongly related to the value of approximation
error and successively attained the value of F (n) and the
value of the slope alpha(a). In order to get a slope, we
apply a DFA approach [32]. The experimental is
summarized as step by step to explore this model could be
viewed as a nonlinear approach, which has the following
format:

1) Define the segmented profile of signal y(i) of length
N:

y() = Xi_, RR(i) —RR(ave),i=1,...N (1)

RR(i) is RR interval of the ith, and RR (ave) is mean of
RR interval of profile.

2) mcnlcd y(i) through the length of the signal.
Calculate the local trend by a least square fit, and
and determine of variance v, v=1.

FEW=2Y F@-Dt+D-pd] @

3) Root-mean-square is calculated by:

F(O) = [&== 22 re2 ()] 3)

2Nt

4) hcrm()rc. repeat procedure 2 and 3 to obtain the
log F(n) and log n correlations.

In Fig. 2 presents the flow chart for the process to
determine signal slope to demonstrate the DFA approach
to analyzing self-similarity for short-range ECG-apnea
signal. As explained previously, the resulting slope has a
statistical meaning. Therefore, through this monofractal
analysis, the correlation between raw signal and local
trending can be correlated. The results of the calculation
will mean correlated for long range structure if the value
of the slope 1s 0.5-1, on the contrary to the slope 0-0.5
means anti-correlated [33] for short range structure.

2.5 Extraction using multifractal

The monofractal analysis seems to be clarified earlier
in order to detect a signal fractal structure, not only to
obtain the slope of a signal but also to obtain certain
parameters in the context of a multifractal width structure.
The ECG signals that are mvariant on the fractal structure
scale are closely related to the changes that occur due to
impulses from the heart while working. The process for
multifractal analysis stage is schematically illustrated in
Fig. 5.

In addition, the fractal structure invariant can also be
caused by weight and age factors of a patient and noise
[34]. The use of MFDFA in biomedical time and heart rate
analyses 1s useful for estimating the low exponent power
of a signal[36-37]. The multifractal parameters in the form
of slope and width are extremely helpful in certain studies
in the analysis or determination of signal differences.

In order to achieve features that are important to the
classifiers, the study of the ECG records using multifractal
spectrum to detect subtle morphology changes and heart
rate variability expressed in width parameters will be
proposed. As mentioned previously, the width parameter is
represented by several related features, namely Dq and hq.
Based on the MFDFA approach in time series[35] the
fractal dimension (Dq) is obtained based on the conversion
of Hq (slope) to the scaling exponent (tq) in the
monofractal analysis by Eq. (6). The monofractal
parameter is calculated by Eq. (1), Eq. (2), and Eq. (3),
while q order by Eq. (4). These processes are the basic of
the experiment by multifractal analysis. In order to
calculate the fractal dimension (Dq), four steps are
implemented and described as follow.

ZNt
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Even though, in the DFA approach, hq parameter does not
depend on changes in g. However, the hq parameter of
MFDFA process is affected by the value of q because of
the nature of Ft2(v) scaling behaviour for all values of q.




t(q) = qh(q) — 1 (6)

‘Whereas, the Dq is obtained by Eq. (7).
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Consequently, that every change in the parameter q will
affect the fractal dimension (Dgq).

2.6 Various Kernel of Support Vector Machine

The concept of the SVM classification method is to
maximize the hyperplane to get the best point to separate
the () classes. The best point 1s obtained by measuring
the distance between the hyperplane and the closest data
from each class. Previous studies have used SVM to
differentiate apnea and non-apnea [32-34]. In this study,
we used four type kernels to test the s arity of two
vectors in high dimensional space such as SVM with linear
kernel, SVM with the polynomial kernel. SEEN with
sigmoid kernel and SVM with RBF kernel [39]. In SVM,
the goal is to find a hyperplane that separates the data with
the minimum error. The use of different kernels is to get
different approaches so that the problem can be quickly
solved and known according to the characteristics of each
kernel. The kernel method is basically, mapping data into
a higher dimensional by expecting that the data will be
more easily separated or more structured in that space so
that the best hyperplane can be determined by a clear
separation between two classes. The experiment with
varying SVM is to ensure getting the best hyperplane and
support vector according to the characteristics of the data
to be classified. Using the right kernel with the right
dataset is one of the key elements in the success or failure
of implementing the kernel in an SVM. The basic
knowledge about the kernel as the following equations:
linear kernel denoted by Eq. (8); polynomial kernel
formulated by Eq. (9); rbf kernel formulated by Eq. (10),
and sigmoid kernel formulated by Eq. (11).

K(,y)=xTy (8)
KGy)=(rx"y +n?y>0 ©)
K(x,y) = expllx — y|I*/25° (10)
K(x,y) =tanh(px"y +r (11)

Where, r,d, and y are specific kernel parameters.

3. Results

In this section, we elucidate the details of our
experiments, present the results and discourse about their
advantages.

3.1 Analysis of local trending

The local trending signal is basically to obtain the
feature value of slope and feature value of residue
fluctuation for each segment. These slope values are the

result of fitting in the raw signal profile based on the
regression line. The slope value is represented in the
alphal and residuel parameters which represent the results
of the first fitting. In the other part, the results of the second
fitting are represented in the form of alpha2 and residue2
parameters. Fig. 6(a) shows the result of the local trending
process on the apnea indication signal with a segment
duration of 10 minutes 40 seconds (64090 data points). The
results of the fitting in the apnea indication profile using
the DFA analysis show the feature value of slope with the
alphal parameter of 1.336 and residuel value of 0.00067.
While the results of the second fitting in the profile, the
nonlinear parameters show a range of slope valm;lmcly
alpha2, residue2 of 0.15, 0.00016, respectively. As can be
seen in the bottom graph in Fig. 6 (b) shows the results of
local trending on the signal profile with a non-apnea
indication. The profile length in 8 minutes 40 seconds and
the number of sample 52090 data points. It is clear from
the figure that the result shows the parameters slope
alphal, residuel of 0.695, 0.00049, respectively. Besides
that, the result of the second fitting show slope of alpha2,
residue2 of 0.64, 0.00179 respectively. The short-long
scaling of the ECG signal is represented to the sl()pemhc
line. The alphal is indicators for the short duration of the
ECG signal based on the local trend of the signal result.
alpha2 is indicators for the long duration of the ECG
signal based on the local trend of the signal result. Slope
value that is more than 0.5 means that the signal has a
similarity with the original signal or in other words, has the
smallest error value. The main difference between these
measures to identify a characteristic from the non-
apnea event. The root squares of the differences between
the profile and the fits are used to calculate the fluct@@kibn
function in step 3 of the DFA approach. Therefore, based
on the experimental results show that the profile that is
trending will produce a large slope so that any changes due
to fluctuations in the signal will 4858t the overall the root
mean square (RMS) error. The results confirm that the
monofractal analysis could yield better investigate the
behaviour of the signal than the conventional approaches.

3.2 Analysis of multifractal spectrum

This section describes MFDFA to the analysis of the
signal. The MFDFA apd¥8ach is used to learn more about
structure fractals. The multifractal time series have local
fluctuations with both extremely small and large
magnitudes that is absent in the monofractal time series.
Fig. 6(c) shows trending results to obtain fractal scaling
such as Dq and HQ on apnea indication profile. The profile
has a duration of 14 minutes 59 seconds and which
correspond to the segments by a number of samples of
90000 data points. Based on the results confirm that the
features have feature value for the parameters Dqmin,
hgmin, hgmid, Dgmax, hqmax, hgqmaxhqmin of -0.68544,
1.6677, 0.57913, 0.5966, 0.044191, 1.6235 respectively.
Whereas in Fig. 6 (d) shows the results of fractal scaling
for the signal profile with an indication of non-apnea with
the number of samples of 72000 data points. The profile
has a duration of 11 minutes 59 seconds in length. The
results confirm that the calculation of feature value for




parameters Dgmin, hgmin, hqmid, Dgmax, hgmax,
hgmaxhgmin of -0.49536, 1.2342, 046088, 0.5644,
0.12182, 1.1123 respectively. Both of the experiment
results provide an explanation that the MFDFA method in
the signal profile is a reflection of the temporal variation
mn the ‘ture time domain. These results are visualized
in the width and shape of multifractal. Furthermore, the
fractal spectrum has a smaller range that makes the fractal
structure more stable, whereas a broad spectrum range
represents the fractal structure of the slow fluctuation. The
results conclude that the multifractal analysis could yield
appropriately to investigate fractal scaling in spectrum
than the other approaches.

3.3 Statistical analysis

The set of features has functions and influences when
used for the classification process. The feature capability
can be measured by testing its significance level so that the
differences between the two classes can be seen based on
the features fed in the input classifier. Ten features
obtained from the monofractal feature set (4 features) and
multifractal feature set (6 features) were presented with a
various feature value and were score on their abilities to
identify the pattern of sleep disorder for non-apnea events
and apnea events. The scaling fractal with monofractal and
multifractal structures is fundamentally different in the
study of a signal, as each measures the RMS and determine
slopes. One of the differences between the two is that the
MFDFA approach is very useful when performing local
signal trends that are robust small and large magnitudes. In
general, significance levels are represented in terms of
forms p<0.05. The p-value is considered as a probability in
interpreting the two samples tested. The test results are
compared with the null hypothesis as the basis of an
assumption. Therefore, 1f the p-value is below the
assumption, it can be concluded that the feature has a
different distribution, but conversely, if the p-value is
above the assumption, then the distribution is identical.
The results of the distribution p-value are tabulated in
Table 1. The results of these experiments confirm that the
significance test is known to have significant differences
between the two classes. More specifically, this strategy
may lead to affect the classification process. Therefore, the
distribution of feature values generated at the time of
feature extraction needs to be recognized in deeply.
obtain the normally distributed is a feature scaling by
calculating the mean and standard deviation of each feature
value. Furthermore, standard deviations are used as
standard scores which make a normal distribution yield the
standard normal distribution. The preprocessing technique
with scaling properties makes every feature has potentially
contributed to improving accuracy. To appropriately use
this approach, the applied z-score for each feature value is
normalized scoring and then calculated as follows:

— xon
z=— (12)
Whereas, z is fiE$tandard score, x denotes the value to be
standardized, g is mean, and o denotes the standard
deviation.

In Fig. 7 shows the result of the standard normal
distribution using z-score for the selective feature, namely
alphal, alpha2, hgmin, hgmax, and hgmaxhgmin.
hgmaxhgmin. It can be seen that if a frequency distribution
1s normally distributed, the probability of a score occurring
by standardizing the scores can be calculated. As
mentioned in the graph of the standard normal distribution,
the data distribution on alphal features indicates how often
data with certain values appear in the data. For instance,
the alphal of non-apnea event has the mean and standard
deviation 0f 0.57, 0.77 respectively, the feature value of >
-0.75 and < -0.5 has the number of occurrences of apnea
events being 21 and non-apnea events being 18 (total 39 or
7.77% overall). The other hand, for the alphal of apnea
event, has the mean and standard deviation of 0.35, 0.96
respectively, the feature value of = 0.25 and < 0.5 has the
number of occurrences of apnea events being 29 and non-
apnea events being 12(total 41 or 8.17% overall).
Moreover, for alpha2 of the apnea event, the feature value
of = -0.5 and < -0.25 has the number of occurrences of
apnea events being 34 and non-apnea events being 13
(total 47 or 936% overall). Whereas, the alpha2 of non-
apnea event has the feature value of = 0.25 and < 0.5 with
the number of occurrences of apnea events being 19 and
non-apnea events being 23, and also has the feature value
of = 0.5 and < 0.75 with the number of occurrences of
apnea events being 13 and nonapnea events being 19 (total
74 or 14.74% overall). It shows the probabilities for apnea
events 0.34 + 0.88 (mean + SD) and non-apnea events
0.55+ 094 (mean + SD). The distribution of hqmin feature
value for apnea with -0.5 = hgmin< 0 has the number of
occurrences of apnea events being 40 and non-apnea
events being 29 (total 69 or 13.75% overall), and the
feature value for non-apnea with 0 > hgmin< 0.5 has the
number of occurrences of apnea events being 53 and non-
apnea events being 35 (total 88 or 17.53% overall). It
shows the probabilities for apnea events 0.15 + 1.00 and
non-apnea events -0.25 £ 0.95. The distribution of hgmax
feature value for apnea with 0> hgqmax<0.5 has the number
of occurrences of apnea events being 64 and non-apnea
events being 43 (total 107 or 21.31% overall), and the
feature value for non-apnea with -0.5 > hqmax< 0 has the
number of occurrences of apnea events being 101 and non-
apnea events being 53 (total 154 or 30.68% overall). The
apnea event has the mean and standard deviation of -0.03,
0.99 respectively, and apnea event has the mean and
standard deviation of 0.05, 100, respectively. The last
distribution for apnea event with hgmaxhgmin feature
value of = 0 and < 0.5 has the number of occurrences of
apnea events being 51 and non-apnea events being 37
(total 88 or 17.53% overall). And for the non-apnea event
has feature value of > -0.5 and < 0 with the number of
occurrences of apnea events being 39 and non-apnea
events being 46 (total 85 or 16.93% overall). It also shows
the probabilities for apnea events and nonapnea events
0.15 £ 100, 0.23 + 0.95, respectively. The fact that the
results testing using the z-scores 1s very useful in making
decisions about the distribution of datasets. Therefore, the




characteristics of each feature set in generating feature
values greatly affect the distribution of datasets in each
class. The significance of the differences in each class
determines the success in each dataset training process to
get the desired optimization model

34 SVM Classifier and Performance Evaluation

In recent years, the development of SVM has been
supported by many kernels that can be used to obtain
hyperplane that matches the characteristics of datasets so
that kernel functions can make class separation better and
more structured. The selection of kernel functions depends
on the desired model. The mapping function with a specific
limit will not make the dimension space impossible. Table
2 shows some parameter settings for each kernel, the
available options related to the recommended values for
getting the model with mbcst accuracy. The values of
SVM kernel parameters based on the optimizing training
model. The test results confirm that empirically the
performance of the classifier with kernel variations is quite
promising. In this study, we trained our model using
training set to fit the optimization parameters by 90%, then
for tuning the parameters using the validation setyZy 20%
out of 90% of the training set, and used testing set to assess
the performance of the classifier by 10%.

The specifics of the classification performance
()btd using various SVM kernel are presented in Table
3. three measures, namely, accuracy, sensitivity, and
specificity were used to assess the perf(x'ce of the
SVM classifier. The classification result is observed that
the SVM with RBF kernel achieved the highest
classification accuracy of 92.16% and highest specificity
0f 94.12%. The SVM with polynomial kernel achieved a
sensitivity of 93.75%. More specifically, the trainable
parameters of the RBF kernel are optimization parameters
with the optimization setting of ¢=1.0, and gamma=1.0.
As clearly described previously that the results testing of
the standard normal distribution produced will cause many
feature values that can contribute as mput to machine
learning to get high accuracy.

As the appropriate model is being tested on tmlg set. The
SVM applied to the single lead of ECG signal had an
average sensitivity of 85.74% = 7.16%, specificity
83.63% = 9.91% and accuracy of 83.19% = 6.79%. In
order to implement, the specificity parameter is the most
important metric because it measures the ability of the
algorithm to detect apnea patients. It does not classify a
patient as non-apnea when is apnea. Based on the
confusion matrix observed that the SVM that uses the RBF
kernel has the best classification accuracy and specificity
among others of 92.16%, 9412% respectively. Some of
these differences are described by the fact that the
comparison between the kernels. The difference of kernel
has an effect on the accuracy. Specifically, the accuracy of
the linear kernel, sigmoid kemnel, and polynomial kernel is
reduced by 8%, 11.96%, and 1592% respectively
compared by RBF kernel. Therefore, it is clear from the
table that an RBF kernel outperforms the other kernels.

Related to calibration curve in Fig. 8 shows the predicted
probabilities on SVM linear and SVM RBF was
appropriate in line of perfectly calibrated. With the result
that both obtained the optimal values of accuracy.
Conversely, the SVM sigmoid kemel and SVM
polynomial has worst predicted probabilities with accuracy
lower than other kernels of 80.20% and 76.24 respectively.
4. Discussion

The main aim of this study is to improve sleep
disorders in real time for reducing visual inspection and
manual evaluation. It is because visual examination takes
time and acceptance discrepancies rely on the skills of
medical staff. To carry out a deeply describe on
preprocessing  stage, feature extraction stage, and
classification method, this study is more exploit sleep
scoring with the examination single lead ECG with
complexity and robustness in more than ten minutes
length, the new features are proposed to boost the
efficiency of the algorithm for classification to the
obtained acceptable pattern to clear distinctions between
apnea and non-apnea based on trending signal behaviour
and characteristic of QRS morphologies using fractal
analysis, and the last one is to attained proper optimal
parameter to rove the large margin of SVM
hyperplane. As described in the previous section, it is very
clear that solving the sleep disorder classification case
using the feature set of fractal analysis has improved
performance. This improvement is better than use based
only on the feature set of the variability of time and
frequency domain. Besides that, the improvement is
obtained using only limited features but is able to provide
high differences between the two classes so that the
algorithm works more optimally. A performance
comparison the articles that report various researchers for
classification on apnea ECG physionet is presented in
Table 4.

The explaining the first contribution, fractal analysis
based on monofractal and multifractal are frequently
adopted to nonlinear behaviour of ECG signals. However,
the application 1s still individually to solve cases related to
the fractal structure in the presence of dynamic forms.
However, monofractal analysis techniques have been used
for a long time[30], but its application is still reliable to
solve problems related to correlation in time series with the
nonlinear phenomenon. In the case of detection or
classification of sleep disorders, the use of extraction
methods with investigative techniques using fractal
analysis, especially in monofractal analysis alone or in
combination has never existed. The previous research has
focused more on analytical approaches based on time-
frequency domains and their derivatives [41-42]. In fact,
the characteristics of sleep diso are not only recognized
by the pattern based on the occurrence of ECG wave
morphology, namely p wave, QRS wave, and t wave.
However, we can know the periodic pattern of sleep
disorder through signal behaviour based on dynamism so
that it can be obtained and calculated the resulting
pill’ill‘l’lS. In the present study, we attempted the combine
mono-fractal and multifractal analysis to explore the




dynamic of the ECG signal by examining the obtained
feature set for the diagnosis of sleep disorder. The
experimental results are very clear that the two approaches
are able to recognize signal patterns and result in improved
performance of the classification method.
The second contribution is related to the number of
features and the feature extraction method chosen. As
reviously stated, ECG recording analysis for patients with
bcaltions of sleep disorder 1s widely used for assessment.
One of the most widely used diagnostic tools is based on
the calculation of heart rate variability (HRV)[7] with 28
features that represent the variability of power in mean and
standard deviation. In Elddil through HRV many
features that can be used like analysis of the energy and
fuzzy entropy feature of intrinsic band function with total
features of 12, and 1-minute length of segment[15]. The
results of the SVM kernel rbf classification in this study
are sensitivity, specificity, and accuracy of 79.70%,
7335%, 7658, respectively. The results of the
performance evaluation are quite promising and can still
be improved by other approaches. The other studies witha
higher number of features, 32 features derivgZifrom the
combination of time domain analysis of HRV, ECG
respiration, and cardiopulmonary coupling in one minute
length from single lead of ECG[42], themlts confirm
that the combination approach presented an accuracy of
89.8%, the specificity of 92.9%, and the sensitivity of
84.7%. The performance measures have improved
compared to previous related research, but with more
features analyzed will have an impact on the complexity of
the computational process, allow the loss of clinical
miormation, and do nc t represent all the information
related to the pattern of ECG signr the sleep disorder.
The other studies have presented a real time sleep apnea
detection by applying a feature selection method to an
algorithm, 39 out of 150 features can be reduced.
Furthermore, various schemes are implemented to obtain
performance improvements, including testing by
combining ECG and SpO2 records in one-minute,
mdividual testing, ECG ()nly@SpOZ only. The scheme
was quite successful with sensitivity, specificity, and
accuracy are all around 81% and 82% [43]. Other studies
with significant improvements in the three evaluation
parameters were found to be in the range above 90%[44],
the improvement not only in the extraction method but also
in the preprocessing stage with reducing error of the result
of RR interval detection using a local medial filter
modification focused on abnormal RR intervals.
This approach can provide more efficient of time-
consuming to examine and lest cost study and compare the
rformance of sleep home study and PSG laboratory.
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