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ABSTRACT

Introduction: Sleep apnea syndrome can be considered as one of the most
serious risk factors of sleep disorder. Due to the lack of information about
this disease, many causes of unexpected deaths have been identified. With
increasing the number of patients with this disease around the world, many
patients suffer apnea complications. Most of them are not treated because
of the complex and costly and time-consuming polysomnography (PSG)
diagnostic procedure.

Material and Methods: This descriptive-analytical study was performed
on 50 patients referred to sleep clinic of Imam Khomeini Hospital in Tehran,
Attempts to design, and develop a system for detection of sleep apnea and
its severity using ECG signals, RR intervals and airflow. The random forest
algorithm and MATLAB2016 were used in the design of the system that the
algorithm inputs are extracted 8 features nonlinear in time-frequency
domain from airflow and ECG signals and 10 nonlinear features of RR
intervals.

Results: The accuracy for normal, obstructive, central and mixed apnea was
obtained at 95.3%, 97.92%, 99.60%, and 97.29%, respectively, and the
accuracy For detection of normal, mild, moderate and severe apnea was
obtained 96%, 94%, 94%, 96% respectively. According to the results, the
proposed system can correctly classify the types of sleep apnea and its
severity.

Conclusion: The proposed system, which has high performance capability
in addition to increasing the physician speed and accuracy in the diagnosis
of apnea can be used in home systems and the areas where healthcare
facilities are not sufficient.
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INTRODUCTION
Sleep apnea is a disorder in which breathing is
repeatedly interrupted during sleep and starts again
[1]. Each complete stop of breathing for at least 10
seconds in sleep is called sleep apnea and in severe
cases, it can be repeated hundreds of times in one day
[2]. 25% to 50% reduction in airflow during
respiration, associated with a severe reduction in
oxygen saturation, is called hypopnea [3]. This
disorder is manifested as central respiratory failure
in 36% of patients, obstructive apnea in 12% of
patients, and a combination of abnormal central and
obstructive breathing in other cases [4]. This

disorder has a high prevalence in males, elderly
people, people who have high waist-to-hip ratio, high
neck circumference, and high body mass index, and
cigarette smokers [5-8]. Untreated obstructive sleep
apnea can increase hypertension [9], heart failure
[10], kidney failure [11], and stroke [12]. Obstructive
sleep apnea disrupts glucose metabolism and
increases the chance of developing type 2 diabetes,
impaired glucose tolerance, and insulin resistance
[13]. Polysomnography (PSG) is the standard tool for
the diagnosis of apnea at the present time. In this
method, sensitive receptors that are attached to the
patient's body are monitored and provide important
information by recording various activities such as

Copyright© 2021, Published by Frontiers in Health Informatics. This is an open-access article distributed under the terms of the Creative Commons Attribution 4.0
International (CC BY) License (http://creativecommons.org/).

Designing an intelligent system for diagnosing type of sleep apnea and determining its severity

electroencephalogram,
electrooculogram,
electromyography, electrocardiogram, oximetry,
airflow and respiratory activities [14-16]. Based on
analysis of these signals and examining the body's
function for each patient, the Apnea–Hypopnea Index
(AHI), which indicates the number of respiratory
interruptions and poor respiratory interruptions,
divided by the total sleep time (based on time), are
calculated. This index is used to determine the
severity of the disease [17]. In general, the American
Academy of Medicine for Sleep Disorders, the range
of AHI < 5 is considered to be normal, while the
ranges (5 ≥AHI≥14), (15≥AHI≥ 30) and (AHI >30,
respectively, indicate mild, moderate, and severe
forms of the disease [18]. PSG is a very expensive and
time-consuming diagnostic test because it requires
patient’s hospitalization for one night in sleep
laboratory and the presence of specialist for
diagnosis and its performing is not possible
anywhere [19]. In the last 20 years, many efforts have
been made to diagnose the disease using fewer
signals compared to PSG. Alvarez et al used
electroencephalographic spectroscopy and oxygen
saturation signal analyses using linear regression
(LR) method to diagnose obstructive apnea [20].
Khandoker et al extracted the RR intevals and ECGderived respiration (EDR) features from 125 ECG
recordings and used support vector machine (SVM)
technique for diagnosis of apnea [21]. Koley et al used
Spo2 signal and binary classifier to diagnose apneahypopnea events online [22]. Wenming Yang used
the long short-term memory (LSTM) neural network
based on airflow signals to diagnose apnea-hypopnea
events [23]. The aim of the present study was to
design and develop an intelligent system using
airflow and ECG signals that determine types of
apnea and the AHI value. It was done at a lower cost
compared to PSG method and did not have its
disadvantages. Simple features that have less
computational load were also used. For this purpose,
a series of features were extracted from discrete
wavelet transform coefficients that were inputs of
random forest algorithm to diagnose apnea types and
also to calculate its severity.

MATERIAL AND METHODS
The type of study is descriptive-developmental. This
section describes the various steps of the proposed
algorithm to diagnose apnea. Fig 1 illustrates the
methodology of the proposed method.
A. Data
In the present study, the data recorded in sleep clinic
of Imam Khomeini Hospital in Tehran were used. 50
recorded ECG and airflow signals including 34 males
and 16 females with (32≤ age ≤ 64) and (24≤ BMI ≤
35), their sleep duration between 7 and 9 hours, 100Hz signal recording and 16-bit resolution, which their
Volume 10 | Article 79 | Jun 2021
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results were predetermined. Out of 50 cases, 10 were
normal (AHI <5), 13 were mild (5≥AHI < 5), 17 were
moderate (15≥AHI<30) and 9 were severe (AHI ≤30).

Fig 1: The methodology of the proposed method

B. Preprocessing
Preprocessing was performed on the signals. First,
the noisy points were manually noted and then
removed. Then, to remove the automatic noise of
signals, the urban electricity and baseline deviation
noises were filtered using Chebyshev Type II and
Butterworth band-pass [24].
Pan-Tompkins method was used to diagnose R peaks.
This algorithm acts based on the analysis of slope and
width of the QRS complex. The most important part
of the QRS complex is the R peaks. The R wave slope
is used to find the QRS complex. This algorithm first
passes the signal through the filter block. Block filters
include band-pass filter, low-pass filter, high-pass
filter, derivative function, squaring function and
integral of a moving window [25]. The distance
between R (RR-interval) peaks was calculated based
on the following formula:
𝑅𝑅(𝑖) = 𝑅(𝑖 + 1) − 𝑅(𝑖)

i= 1, …, n

(1)

According to the definition of apnea, the windows
were selected for 10 seconds so that the end of each
window was the beginning of the apnea. Then, onesecond shift was applied to the window to increase
accuracy and analysis of the whole signal, and the
shift continued until the beginning of the window to
fit the end of apnea. Since apnea has different lengths,
we consider a 30-second window on average for each
apnea window with a frequency of 100. To calculate
the number of normal windows, the number of
apneas was multiplied by 1000. Accordingly, total
number of windows that should be assigned to
appropriate classifier was determined.
C. Discrete wavelet transform
DWT, used widely in engineering and medicine, is an
adaptive signal processing tool. Different frequency
bands with different resolutions analyze signal
within the information approximately and partially.
The DWT uses two sets of functions called scaling and
wavelet functions, which are dependent on the lowpass and high-pass filters, respectively. Signal is
analyzed within different frequency bands from lowPage 2 of 8
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pass and high-pass filtering in the signal time domain.
The method of analyzing several signal resolutions x
[n] is summarized in Fig 2.
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approximate coefficients A1 are further analyzed and
the process continues [26-28].
D. Feature extraction

Fig 2: DWT frequency sub-bands: h[n]: high-pass filter and
g[n]: low-pass filter

Each stage of this project consists of two digital filters
and two blocks of second order sampling rate
reduction. The first filter h[.] is the discrete mother
wavelet, which is inherently high-pass filter and the
second is the G[.], which is inherently low-pass filter.
The outputs of the sampling rate reducer of first highpass and low-pass filters are partial coefficients D1
and the approximate A1, respectively. The first

Given the non-stationary nature of ECG and airflow
signals, the use of discrete wavelet transforms to
identify the mentioned patterns seems to be more
appropriate. Thus, in this algorithm, partial
coefficients of the 8th step of the smelt wavelet
transform with the Daubechies mother function were
extracted from the 10-second periods of disease state
and normal state. It should be noted that different
types of mother wavelet and approximate and partial
surfaces were studied and finally the wavelet
transform and the analysis level were obtained
experimentally via trial and error as the optimal
mother wavelet transform and analysis level. The
result of this step was10 coefficients, which included
valuable information on ECG and airflow signal
patterns that 10 coefficients (4 approximate
coefficients and one detail coefficient for airflow and
4 approximate coefficients and one detail coefficient
for ECG) then 8 features nonlinear were extracted for
wavelet coefficients that 𝑥 is the wavelet coefficients,
as shown in Table 1.

Table 1: Features extracted from wavelet coefficients
Feature

Math formula

Feature

Math formula

𝑛

Mean

𝑥̅ =

1
∑ 𝑥𝑖
𝑛

Skewness

S=

𝐸(𝑥− 𝑥̅ )3

K=

𝐸(𝑥− 𝑥̅ )4

𝜎3

𝑖=1

Standard
deviation

𝑛

1
√
∑(𝑥𝑖 − 𝑥̅ )2
𝑛−1

Kurtosis

𝑖=1

𝑛

Geometric
mean

𝑚 = (∏ 𝑥𝑖 )𝑛

Ampl

Ampl= Max (𝑥) - Min(𝑥)

1

𝑖=1

For the RR intervals, 10 features were extracted, as
shown in Table 2 [29]. After the extraction of features,
a t-test with a significance level of α=0.05 was applied
to determine the differentiation of the extracted
features.
E. Random Forest (RF) Algorithm
Random forest is a combination of learning trees that
each tree in the forest is made from a random vector
called Q. The Qk vector describes the way of making K
tree. Each tree made with h (x, Qk) is displayed. For
the input classifier x, this vector is given to all trees as
input, and the final class is the class that most trees
have been assigned to it. If X is a random vector
derived from the training data and Y is its output
vector and h1(x), ... , and hk (x) are some classifiers,
the margin function of this set of classifiers will be
Volume 10 | Article 79 | Jun 2021

𝜎4

Mean absolute
deviation

MAD= mean(|𝑥 − 𝑚𝑒𝑎𝑛(𝑥)|)

Sub-band
Energy

𝐸𝑞 = ∑ 𝑥𝑖 2 < ∞

𝑛

1=1

defined as follows:
∑𝑘
𝑛=1 𝐼(ℎ𝑘 ( x )=𝑦)

mg(X,Y)=

𝑘

-max [

∑𝑘
𝑛=1 𝐼(ℎ𝑘 ( x )=𝐽)

𝐽≠𝑌

𝑘

]

(2)

Where, the function I (.) is marker.
If mg (X, Y) > 0, the set of classifiers has been correctly
classified. If mg (X, Y) <0, the classification has been
done incorrectly [30].
The algorithm for making a RF with T tree from a
dataset with n observations and variable P is as
follows [31, 32]:
i) Using a bootstrap method, a random sample with n
observations is selected.
ii) For the selected bootstrap sample, a classifier tree
is grown using the recursive partition algorithm. In
each node, partitioning is done based on random
Page 3 of 8

Designing an intelligent system for diagnosing type of sleep apnea and determining its severity

Zeinab Kohzadi et al.

sample of m of predictive variable of p.

each observation), without the tree being pruned.

iii) The recursive partition algorithm continues until
the tree reaches its largest size (i.e., a final node for

iv) Steps (i) to (iii) T are repeated so that a RF is made.

Table 2: Features extracted from RR intervals [29]
RR(m) = {𝑟𝑟𝑖 }𝑚
𝑖=1

RR(m)

1

Feature
Count

Mean: the sum of all data values divided by the number of data values

𝜇𝑟𝑟 = E[𝑟𝑟𝑖 ]=

∑𝑚
𝑖=1 𝑟𝑟𝑖

1

standard deviation RR-interval

SD = √𝐸[(𝑟𝑟𝑖 − 𝜇𝑟𝑟 )2 ]

1

number of pairs of adjacent RR intervals where the first
RR interval exceeds the second RR intervals by more than 50ms

𝑚

𝑚

NN50 (Variant 1) =

∑ 𝑢𝑛𝑖𝑡 [|𝑟𝑟𝑖 − 𝑟𝑟𝑖+1 | − 50𝑚𝑠]
𝑖=2

number of pairs of adjacent RR intervals where the second
RR-interval exceeds the first RR interval by more than 50ms

𝑚

1

NN50 (Variant 2) =

∑ 𝑢𝑛𝑖𝑡 [|𝑟𝑟𝑖+1 − 𝑟𝑟𝑖 | − 50𝑚𝑠]

1

𝑖=2

Ratio of NN50v1 to segment length

PNN50v1 =

Ratio of NN50v2 to segment length

PNN50v2 =

standard deviation of the differences between adjacent RR intervals

1

Inter-quartile range: difference between 75 (Q4) and 25 (Q1)
percentiles of the RR intervals value distribution

1. It provides access to all users with the least training
2. It does not contain additional and misleading
elements
3. The software is independent and designed to
reduce complexity of work.
4. It provides automatically a complete report of the
types of apnea, its severity, and the time and length of
the apnea.
5. The user enjoys working with it. In other words, it
is user friendly.

RESULTS
Among the matrix data obtained in the previous step,
Volume 10 | Article 79 | Jun 2021

1

RMSSD = E[𝑟𝑑𝑖 2 ]
MAD =

∑𝑚
𝑖=1|𝑟𝑟𝑖 − 𝜇𝑟𝑟 |
𝑚

IQR = Q4 – Q1

th

The GUI is a program interface that consists of
interactive components such as icons and other
graphical objects. It helps user interact with
computer software such as the operating system. It
also allows users move around a computer or device
and complete actions through visual indicators and
graphic icons [33]. For the GUI test, the results of its
execution are compared with the expected results.
This test can be manual or automatic [34]. In this
research, using MatLab 2018, the GUI was designed
with the following features:

𝑚

1

1

Mean absolute deviation values: subtraction of the mean RR intervals values
from all the RR-interval values in an epoch

F. Design of graphical user interface (GUI)

𝑚
NN50v2

SDSD = √𝐸[(𝑟𝑑𝑖 − 𝜇𝑟𝑑 )2 ]
𝑟𝑑𝑖 = 𝑟𝑟𝑖+1 − 𝑟𝑟𝑖 and 𝜇𝑟𝑑 = E[𝑟𝑑𝑖 ]

square root of the mean of the sum of the squares of differences between
adjacent RR-intervals

th

NN50v1

1
1

70% were selected for training and 30% were
selected for testing random forest algorithm. First,
using the training data, random data were trained.
Then, using the Bagging method, the data were
divided into 10 equal bags and randomly 4 bags were
assigned to the trees (50,100,500,000) each time and
finally the class of each window was determined via
voting for the test data. Finally, the appropriate forest
was selected using trial and error method. It should
be noted that the accuracy of diagnosis does not
always increase with increasing the number of trees
because other parameters such as the number of
variables selected in each node also have a
determining effect on the model’s diagnostic
accuracy. Table 3 illustrates a sample of performing
different forests with tree number, depth, and shift
per second, and mean accuracy.
An appropriate random forest includes 100 trees, 9
depths and 5 sub-branches. The classification matrix
of the results obtained from the random forest
algorithm in which the rows are the real number and
the columns are diagnosed number of the algorithm
is as follows (Table 4).
The following formulas were used to evaluate the
performance of the system. The results are shown in
the Table 5.
Accuracy=

TP+TN
TP+TN+FP+FN

(3)
Page 4 of 8
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Specificity=
Sensitivity=

TN

(4)

TN+FP
TP

(5)

TP+FN

Table 3: A sample of performing different forests with tree
number, depth, shift per second, and mean accuracy.
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4
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8
3

●
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3

87.2

5

5

84.5

●

9

4

91.4

●

4

8

88.1

5

5

93.5

4

9

90.1

6

4

85.4

3

5

82.9

9

8

83.8

5

9

81.4

●
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●

4

Average accuracy

Depth

1000

500

100

50
●

1

Variable number

Shifts to seconds

Sub-branches

Tree number

●
●
●
●

Table 4: Classification matrix

Normal

Obstructive

Central

Mixed

Hypopnea

Normal
Obstructive
Central
Mixed
Hypopnea

13012
104
8
2
223

228
1460
2
1
12

39
15
151
1
9

18
6
0
93
6

233
13
0
0
2414
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closed. If the yes button is pressed, it will go to the
next page. If the patient is new, it will be saved first,
and then, one of the two mentioned states will occur.
Fig 3 illustrates a sample of the executing of the first
page of GUI.

Fig 3: First run GUI

The second page, as shown in Fig 4, contains several
parts. In the Brose .edf file part, the address of the file
that is to be analyzed is inserted and in the start time
of sleep part, the patient's start time of sleep,
including hours, minutes and seconds should be
recorded. In the window time shifting, window shifts
are determined. Shifts are from 1 to 5 seconds. In the
smaller size shifts, the diagnosis accuracy is higher
and the execution speed is lower. In the larger size
shifts, the diagnosis accuracy is lower and the
execution rate is higher. After these settings, with
pressing the Analyze button, the results of the signal
analysis including the number of apnea types
(obstructive, central, mixed) and hypopnea, their
sum, AHI value, and the type of apnea severity (mild,
moderate, severe, normal) are displayed.

Where, the correct diagnoses of TN and TP, FN and FP
are the wrong diagnoses for each class, the evaluation
results were calculated.
Table 5: Confusion matrix

Normal

Obstructive

Central

Mixed

Hypopnea

Average

Scale
evaluation
Accuracy
Specificity
Sensitivity

95.30
92.54
96.23

97.92
98.62
90.85

99.60
99.65
93.78

99.77
99.80
94.84

97.29
98.37
91.02

97.98
97.80
93.34

After executing the algorithm and making the
inference engine, the GUI system was designed in
three pages. On the first page, there are two boxes
and one button. In the first box, the patient's national
code is first entered, then the search button is
pressed, and in the next box, if the patient has a
history of apnea and polysomnography, the patient
will be asked if he or she wants to perform a signal
analysis, if the NO button is selected, the page will be
Volume 10 | Article 79 | Jun 2021

Fig 4: Second run GUI

A full report of the patient's signal analysis result can
be found by pressing View Analysis Results button on
the next page of the GUI (Fig 5). This page is a 4-sheet
Excel file. The first sheet (Num) displays apnea
number, the second sheet displays apnea start time,
the third sheet (end) displays apnea end time, and the
fourth sheet displays type of apnea.

Page 5 of 8
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used to create system interface. Automatic sleep
apnea diagnosis was performed in 3 stages (preprocessing, feature extraction and classification) and
the idea of second-to-second signal analysis
improved classification performance. The results
showed that the best structure for random forest
classification had 100 trees, 9 depths and 5 features.
Accuracy evaluation for normal, obstructive, central
and mixed apnea was obtained at 95.3%, 97.92%,
99.60%, and 97.29%, respectively, and evaluation of
accuracy for normal, mild, moderate and severe
apnea was obtained 96%, 94%, 94%, and 96%
respectively.

Fig 5: Third run GUI

To evaluate the usability of the system, its main goal
was
evaluated.
Usability
was
evaluated
retrospectively by using medical file information of
the patients who had undergone polysomnography
and their polysomnographic response was
determined. For this purpose, 50 medical records of
patients in the database were randomly selected and
provided to processing core of apnea severity
diagnosis system. In Table 6, the classification matrix
indicates the frequency and accuracy of the
predictions, rows are physician’s diagnosis, and
columns are diagnosis of the designed system.
Table 6: Classification matrix

Normal
Mild
Moderate
Severe

Normal

Mild

Moderate

Severe

10
0
0
0

1
12
0
0

0
1
16
1

0
0
1
8

The confusion matrix of the evaluation has been
calculated and recorded in Table 7.
Table 7: Confusion matrix

Scale
evaluation
Accuracy
Specificity
Sensitivity

Normal

Mild

Moderate

Severe

96
100
90.90

94
97.29
92.93

94
93.93
94.11

96
97.56
88.88

Accuracy for normal, mild, moderate and severe
apnea was obtained 96%, 94%, 94%, 96%
respectively.

DISCUSSION
In this study, due to the necessity of early diagnosis of
sleep apnea, a system was designed to diagnose this
disease. Random forest algorithm was used for
system inference engine and MatLab 2016 GUI was
Volume 10 | Article 79 | Jun 2021

To separate apnea-hypopnea events, Gutierrez-tobal
et al extracted spectral and nonlinear features from
airflow signals from 317 individuals. First, the
correlation method was used to optimize the features
and analyze their correlation and redundancy. Then,
these features were applied to combination of the
LDA model and the regression trees. Accuracy
evaluation of AHI=5, 15, 30 was obtained 83.3%, 81%
and 83.3%, respectively [35]. To classify normal and
abnormal windows, Hassan et al analyzed parts of
ECG signals using a data-compatible signal analysis
design, that is, Tunable Q-Factor Wavelet Transform
(TQWT). Three statistical features were extracted
from TQWT sub-bands and its training and testing
matrices were formed. The general performance of
the RUSBoost algorithm was evaluated for different
values of TQWT parameters and the optimal values
of these parameters were evaluated and determined.
Then, using the statistical properties extracted from
each of the sub-bands, they classified normal and
abnormal windows with an accuracy of 88.88% [36].
Lakhan et al evaluated airflow signals of 520 patients
from the MrOS sleep database to classify the severity
of apnea-hypopnea. They used the proposed design
of DL to extract 17 features of airflow. These features
were deep neural network inputs. Then, using the 10fold validation technique, the accuracy for AHI=5, 15,
30 was obtained at 82.38%, 84.15%, and 92.14%,
respectively [37]. In the present study, the designed
system has an advantage of automatic diagnosis of
AHI index.
In the first stage, the researcher collected, preprocessed, normalized and adjusted the data. In the
second stage, the combination of the two ECG and
airflow signals was used simultaneously in model
design. In the third stage, the signals were analyzed
in seconds for the first time in this study and types of
apnea were determined and the AHI index was
calculated. In the fourth stage, the designed system
of Gui allows physicians, technicians, and even
patients at home use it practically. The accuracy of
the simulation was higher in terms of statistical
evaluation criteria compared to previous studies. The
results of the studies are promising and show that the
random forest (RF) algorithm is suitable for modeling
sleep apnea diagnosis. However, this study has some
Page 6 of 8
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limitations. Lower number of patients was used to
train and evaluate the model and the ECG signals
were noisy due to shaking and moving during sleep
or coughing. It is recommended for future studies to
use more patients and a combination of other signals
(such as EEG, EOG, blood oxygen saturation, etc.),
apply other classification algorithms and
combination of them and to compare their results. It
is also recommended to design GUI using other
programming languages such as Java, web-based and
mobile-based systems.

CONCLUSION
Sleep apnea is a common disease, but it has not been
highly recognized and treated, because the majority
of patients do not report any daily symptoms such as
excessive sleepiness. The aim of this study was
designing a sleep apnea diagnosis system using ECG
and air flow signals and high reliability was obtained
for this system by using the mentioned method and
second-to-second analyzing of the signal. Given the

low cost, extensive access, and easy use of this
system, it can be used in healthcare centers to help
the physician increase the speed and accuracy of the
diagnosis of apnea and its severity, in home systems
that require algorithms with low computations and
the areas where health services are not sufficient.

AUTHOR’S CONTRIBUTION
All authors contributed to the literature review,
design, data collection and analysis, drafting the
manuscript, read and approved the final manuscript.

CONFLICTS OF INTEREST
The authors declare no conflicts of interest regarding
the publication of this study.

FINANCIAL DISCLOSURE
No financial interests related to the material of this
manuscript have been declared.

19:
111-7.
PMID:
23403781
10.12659/MSM.883776 [PubMed]

REFERENCES
1.

Bradley TD, Logan AG, Kimoff RJ, Sériès F, Morrison D,
Ferguson K, et al. Continuous positive airway
pressure for central sleep apnea and heart failure. N
Engl J Med. 2005; 353(19): 2025-33. PMID: 16282177
DOI: 10.1056/NEJMoa051001 [PubMed]

2.

Gillberg M, Kecklund G, Åkerstedt T. Relations
between performance and subjective ratings of
sleepiness during a night awake. Sleep. 1994; 17(3):
236-41.
PMID:
7939123
DOI:
10.1093/sleep/17.3.236 [PubMed]

3.

Chung KF. Use of the epworth sleepiness scale in
Chinese patients with obstructive sleep apnea and
normal hospital employees. J Psychosom Res. 2000;
49(5): 367-72. PMID: 11164062 DOI: 10.1016/s00223999(00)00186-0 [PubMed]

4.

Quan SF, Gillin JC, Littner MR, Shepard JW. Sleeprelated
breathing
disorders
in
adults:
Recommendations for syndrome definition and
measurement techniques in clinical research. Sleep.
1999; 22(5): 662-89. PMID: 10450601[PubMed]

5.

6.

7.

Mirrakhimov AE, Sooronbaev T, Mirrakhimov EM.
Prevalence of obstructive sleep apnea in Asian adults:
A systematic review of the literature. BMC Pulm Med.
2013; 13(1): 10. PMID: 23433391 DOI:
10.1186/1471-2466-13-10 [PubMed]
Degache F, Sforza E, Dauphinot V, Celle S, Garcin A,
Collet P, et al. Relation of central fat mass to
obstructive sleep apnea in the elderly. Sleep. 2013;
36(4):
501-7.
PMID:
23564997
DOI:
10.5665/sleep.2532 [PubMed]
Ahbab S, Ataoğlu HE, Tuna M, Karasulu L, Çetin F,
Temiz LÜ, et al. Neck circumference, metabolic
syndrome and obstructive sleep apnea syndrome;
evaluation of possible linkage. Med Sci Monit. 2013;

Volume 10 | Article 79 | Jun 2021

Zeinab Kohzadi et al.

DOI:

8.

Lin YN, Li QY, Zhang XJ. Interaction between smoking
and obstructive sleep apnea: Not just participants.
Chin Med J (Engl). 2012; 125(17): 3150-6. PMID:
22932197 [PubMed]

9.

Peppard PE, Young T, Palta M, Skatrud J. Prospective
study of the association between sleep-disordered
breathing and hypertension. N Engl J Med. 2000; 342:
1378-84.
PMID:
10805822
DOI:
10.1056/NEJM200005113421901 [PubMed]

10. Gottlieb DJ, Yenokyan G, Newman AB, O'Connor GT,
Punjabi NM, Quan SF, et al. Prospective study of
obstructive sleep apnea and incident coronary heart
disease and heart failure: The sleep heart health
study. Circulation. 2010; 122(4): 352-60. PMID:
20625114
DOI:
10.1161/CIRCULATIONAHA.109.901801 [PubMed]
11. Chou YT, Lee PH, Yang CT, Lin CL, Veasey S, Chuang LP,
et al. Obstructive sleep apnea: A stand-alone risk
factor for chronic kidney disease. Nephrol Dial
Transplant. 2011; 26(7): 2244-50. PMID: 21317406
DOI: 10.1093/ndt/gfq821 [PubMed]
12. Yaggi H, Mohsenin V. Sleep-disordered breathing and
stroke. Clinics in Chest Medicine. 2003; 24(2): 223-37.
13. Botros N, Concato J, Mohsenin V, Selim B, Doctor K,
Yaggi HK. Obstructive sleep apnea as a risk factor for
type 2 diabetes. Am J Med. 2009; 122(12): 1122-7.
PMID:
19958890
DOI:
10.1016/j.amjmed.2009.04.026 [PubMed]
14. McEvoy RD, Antic NA, Heeley E, Luo Y, Ou Q, Zhang X,
et al. CPAP for prevention of cardiovascular events in
obstructive sleep apnea. N Engl J Med. 2016; 375(10):
919-31.
PMID:
27571048
DOI:
10.1056/NEJMoa1606599 [PubMed]
15. Korcarz CE, Benca R, Barnet J, Stein J. Treatment of
Page 7 of 8

Designing an intelligent system for diagnosing type of sleep apnea and determining its severity

sleep apnea rapidly reduces arterial tone, improves
endothelial function and left ventricular diastolic
function in normotensive adults. Journal of the
American College of Cardiology. 2016; 67(13S): 1941.
16. Bloch KE. Polysomnography: A systematic review.
Technol Health Care. 1997; 5(4): 285-305. PMID:
9429270 [PubMed]
17. Douglas NJ. Clinicians' guide to sleep medicine.
Arnold; 2002.
18. Quan SF, Gillin JC, Littner MR, Shepard JW. Sleeprelated
breathing
disorders
in
adults:
Recommendations for syndrome definition and
measurement techniques in clinical research. Sleep.
1999; 22(5): 667-89. PMID: 10450601 [PubMed]
19. Varon C, Van Huffel S. Complexity and nonlinearities
in cardiorespiratory signals in sleep and sleep apnea.
In: Barbieri R, Scilingo EP, Valenza G (Eds.).
Complexity and nonlinearity in cardiovascular
signals. Springer, Cham; 2017.
20. Khandoker AH, Palaniswami M, Karmakar CK.
Support vector machines for automated recognition
of obstructive sleep apnea syndrome from ECG
recordings. IEEE Trans Inf Technol Biomed. 2009;
13(1):
37-48.
PMID:
19129022
DOI:
10.1109/TITB.2008.2004495 [PubMed]
21. Alvarez D, Hornero R, Marcos JV, Del Campo F, Lopez
M. Spectral analysis of electroencephalogram and
oximetric signals in obstructive sleep apnea diagnosis.
International Conference of Engineering in Medicine
and Biology. IEEE; 2009.
22. Koley BL, Dey D. On-line detection of apnea/hypopnea
events using SpO2 signal: A rule-based approach
employing binary classifier models. IEEE J Biomed
Health Inform. 2013; 18(1): 231-9. PMID: 24403421
DOI: 10.1109/JBHI.2013.2266279 [PubMed]
23. Yang W, Fan J, Wang X, Liao Q. Sleep apnea and
hypopnea events detection based on airflow signals
using LSTM network. International Conference of
Engineering in Medicine and Biology. IEEE; 2019.
24. Travieso CM, Alonso JB, del Pozo-Baños M, TicayRivas JR, Lopez-de-Ipiña K. Automatic apnea
identification by transformation of the cepstral
domain. Cognitive Computation. 2013; 5(4): 558-65.
25. Pan J, Tompkins WJ. A real-time QRS detection
algorithm. IEEE Trans Biomed Eng. 1985; 32(3): 2306. PMID: 3997178 DOI: 10.1109/TBME.1985.325532
[PubMed]

Volume 10 | Article 79 | Jun 2021

Zeinab Kohzadi et al.

26. Selesnick IW, Baraniuk RG, Kingsbury NC. The dualtree complex wavelet transform. IEEE Signal
Processing Magazine. 2005; 22(6): 123-51.
27. Mendez MO, Ruini DD, Villantieri OP, Matteucci M,
Penzel T, Cerutti S, et al. Detection of sleep apnea from
surface ECG based on features extracted by an
autoregressive model. International Conference of
Engineering in Medicine and Biology. IEEE; 2007.
28. Subasi A. EEG signal classification using wavelet
feature extraction and a mixture of expert model.
Expert Systems with Applications. 2007; 32(4): 108493.
29. de Chazal P, Penzel T, Heneghan C. Automated
detection of obstructive sleep apnoea at different time
scales using the electrocardiogram. Physiol Meas.
2004; 25(4): 967-83. PMID: 15382835 DOI:
10.1088/0967-3334/25/4/015 [PubMed]
30. Breiman L. Random forests. Machine Learning. 2001;
45(1): 5-32.
31. Genuer R, Poggi JM, Tuleau-Malot C. Variable selection
using random forests. Pattern Recognition Letters.
2010; 31(14): 2225-36.
32. Verikas A, Gelzinis A, Bacauskiene M. Mining data with
random forests: A survey and results of new tests.
Pattern Recognition. 2011; 44(2): 330-49.
33. Yuan X, Cohen MB, Memon AM. GUI interaction
testing: Incorporating event context. IEEE
Transactions on Software Engineering. 2010; 37(4):
559-74.
34. Farooq U, Lam CP, Li H. Towards automated test
sequence generation. Australian Conference on
Software Engineering. IEEE; 2008.
35. Gutiérrez-Tobal GC, Álvarez D, Del Campo F, Hornero
R. Utility of adaboost to detect sleep apnea-hypopnea
syndrome from single-channel airflow. IEEE Trans
Biomed Eng. 2016; 63(3): 636-46. PMID: 26276985
DOI: 10.1109/TBME.2015.2467188 [PubMed]
36. Hassan AR, Haque MA. An expert system for
automated identification of obstructive sleep apnea
from single-lead ECG using random under sampling
boosting. Neurocomputing. 2017; 235: 122-30.
37. Lakhan P, Ditthapron A, Banluesombatkul N,
Wilaiprasitporn T. Deep neural networks with
weighted averaged overnight airflow features for
sleep apnea-hypopnea severity classification. IEEE
Region Conference. IEEE; 2018.

Page 8 of 8

