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OZET

Uyku apnesi yaygin olarak goriilen ve yasamsal risk olusturabilen bir hastaliktir. Hastaligin tedavisi
kadar teshisi de oldukca Onemlidir. Toplum bilincinin yilikselmesi ve hekimler tarafindan fark
edilme oraninin artmasi ile teshis edilmis hasta sayisinda dikkat c¢ekici bir artis gézlenmektedir.
Uyku apnesi teshisinde yararlanilan polisomnografi 6l¢limleri, hasta i¢in rahatsiz edici ve birden
fazla fizyolojik veri toplanmasini gerektirmektedir. Bu gibi problemler sebebiyle yeni analiz
yontemleri arastirilmaktadir. Lempel-Ziv hizli ve dogrusal olmayan bir sinyal isleme metodu
oldugundan, fizyolojik verilerin islenmesinde ¢ok uygundur. Lempel-Ziv komplekslik metodu
kullanilarak daha az zaman ve daha az veriyle hastaliin teshis edilmesi hedeflenmektedir. Bu hedef
dogrultusunda tedavi siirecinin 6ne ¢ekilmesi de saglanmis olacaktir. Physionet.org veri tabanindan
alman EKG ve solunum datalarindan yararlanilarak hastalik tespit calismalar1 yapilmastir.

Analizler sonucunda EKG, go6giis solunum (Resp C) ve abdominal solunum (Resp A) verilerinden
apneli zaman araliklarinda anlaml bir fark oldugu gézlemlenmistir. Bu yontemle EKG, Resp C ve
Resp A icin uyku apnesi teshis edilebilmektedir.

Anahtar Kelimeler: Obstruktif uyku apne sendromu, Lempel-Ziv komplekslik yontemi, EKG,
Respirasyon

ABSTRACT

Sleep apnea is a common and life-threatening disease. Diagnosis of the disease is as important as its
treatment. A remarkable increase is observed in the number of diagnosed patients with the increase
in public awareness and the increase in the rate of being noticed by physicians. Polysomnography
measurements used in the diagnosis of sleep apnea disturb the patient and require more than one
physiological data collection. Due to such problems, new analysis methods are being investigated.
Since Lempel-Ziv is a fast and non-linear signal processing method, it is very suitable for
processing physiological data. By using the Lempel-Ziv complexity method, it is aimed to diagnose
the disease with less time and less data. In line with this goal, the treatment process will also be
brought forward. Disease detection studies were carried out by using ECG and respiratory data from
the Physionet.org database.

As a result of the analyzes, it was observed that there was a significant difference in the time
intervals with apnea from the ECG, chest respiration (Resp C) and abdominal respiration (Resp A)
data. With this method, sleep apnea can be diagnosed for EKG, Resp C and Resp A.

Keywords: Obstructive sleep apnea syndrome, Lempel-Ziv complexity method, ECG, Respiration
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1. INTRODUCTION

Sleep-respiratory disorders, or upper respiratory tract sleep disorders; It is classified as simple
snoring, upper respiratory tract resistance syndrome, sleep-apnea syndrome and hypopnea. Snoring
can be a common symptom of these syndromes, or it can be seen alone (Kurtulmus, 2007).

Obstructive sleep apnea syndrome, one of the most common sleep disorders, is estimated to affect
38% of the population (Korkalainen, et al., 2020).

Obstructive sleep apnea syndrome (OSAS) is a sleep disorder that causes the need for excessive
daytime sleepiness and a decrease in daytime wakefulness (Pitkédnen, et al., 2022). It is one of the
most prominent symptoms of obstructive sleep apnea syndrome (OSAS). Snoring is caused by the
vibration of the soft tissues in the area due to the increased airflow depending on narrowing of the
upper airways. Snoring is seen in every OSAS patient, but not every snoring patient can be
diagnosed with obstructive sleep apnea syndrome (A.Sahin, 1993). As a result of intermittent
cessation of irregular snoring that occurs with recurrent apneas, breathing stops and another
syndrome called witnessed apnea occurs. Sleep is frequently interrupted due to recurrent apnea
attacks; quality rest cannot be provided, and excessive daytime sleepiness syndrome occurs. This
syndrome can be mild or severe, and its degree is related to factors such as the frequency and
duration of apnea periods (Aykent & Ozdere, 2015).

Sleep apnea syndromes greatly affect people's quality of life (Dvir, et al., 2020). An unhealthy sleep
can cause forgetfulness during the day, and this situation leads to a weakening of memory over
time. A person who does not trust his memory and has forgetfulness begins to have difficulty in
making decisions and choices. Thus, there is a decrease in decision-making ability. Insomnia and
inability to fulfill old abilities cause personality and behavioral changes. There may be difficulties
in adapting to the environment and depression (Shoib, et al., 2022).

Atypical chest pain is seen during apnea when the continued strong breathing effort puts strain on
the rib cage and organs. This strong breathlessness creates the syndrome of suffocation in sleep and
causes patients to wake up (Ulukavak Cift¢i, 2012). Since the expected decrease in blood pressure
does not occur during sleep, high blood pressure is observed. Over time, this high blood pressure
spreads throughout the day, causing hypertension (Diker, et al., 2007). It prepares not only
hypertension but also various cardiovascular diseases (Dua, et al., 2022).

OSAS may cause consequences that may endanger both the baby's health and their own health in
pregnant individuals (Felder, et al., 2022).

The definitive diagnosis of sleep apnea is made in a sleep laboratory using cardiorespiratory
polysomnography (Korkalainen, et al., 2020). This procedure monitors sleep stages, oronasal
airflow, chest wall and abdominal wall movements, respiratory effort, and the effect of breathing
(Force, 1999). Thus, oxygen saturation requires additional recording of electroencephalography
(EEG), electrooculography (EOG), and electromyography (EMG) signals to determine the ECG for
heart rate monitoring and crude arrhythmia detection (Lin, et al., 2022).

There are many studies on sleep apnea. In the literature, there are various studies on the detection of
sleep apnea according to respiratory parameter (Varady, et al., 2002), sleep sound recording
analysis (Kang, et al., 2017), heart sound analysis (Yildiz, 2017), nasal pressure signal (Séri¢s,
1999), EEG signal (Sezgin & Tagluk, 2011), SPO2 signal (Almazayde, et al., 2012), ECG signal
(Quiceno-Manrique, et al., 2009) properties. The main purpose of these studies is to improve the
diagnosis and treatment of sleep apnea.

Lempel-Ziv complexity (LZC) has proven to be a powerful measure of complexity in a variety of
biomedical applications (Rivolta, et al., 2014). LZC has been obtained from literature studies that it
is a viable method for classification of sleep respiratory disorders (Pregowska, et al., 2019),
diagnosis of sleep apnea from EEG data (Taran, Bajaj, Sinha, & Polat, 2021), and evaluation of
ECG signal quality (Zhang, et al., 2016)
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Some of the studies include electrical connections and apparatus that may disturb the patient during
measurement. Prolonged measurement processes also cause adverse effects on the patient (Zhuang,
et al., 2022). Considering all these parameters, it becomes difficult to get accurate measurements
from the patient. There is a need for a system where healthy measurements can be made from the
patient with less time and less data.

In this study, sleep apnea diagnosis was made by applying LZC method to ECG and Respiration
signals in line with this need. This paper is organized as follows: the programs and data sets used in
this study are introduced and detailed in Section 2, the data, Graphics, Tables and findings obtained
from the analyzes made in the study are presented in Section 3, finally the results of the study and
the conclusion are given in Section 4.

2. MATERIALS and METHODS

The Lempel-Ziv complex method was used as the analysis method. After the data was loaded into
Matlab, the code written for Lempel-Ziv complexity analysis was applied to the data set. Values
obtained as a result of Lempel-Ziv were prepared in Microsoft Excel program and statistical
analysis was performed with ANOVA in R Studio environment.

2.1. Data Set

For the diagnosis of sleep apnea from ECG and respiration signals with the Lempel-Ziv method, the
data of healthy and sleep apnea individuals whose ECG and respiration were measured during sleep
were obtained from physionet.org.

The downloaded data set belongs to 8 different people, 3 healthy and 5 diseased. The data set
includes ECG, Respiration A (RespA, abdominal respiration), Respiration C (RespC, chest
respiration), Respiration N (RespN, nasal respiration), and SPO2 data.

The sampling frequency is 100 Hz, and the sampling interval is 0.01 seconds. Each measurement is
2 hours 46 minutes long. Since it is aimed to diagnose sleep apnea from ECG and respiratory
signals with the Lempel-Ziv method, the SPO2 and Resp N measurement value was not used in the
analysis.

The dataset was processed using the 2015 version of the Matlab scripting language and the data is
in the 'erm.mat' format. From the data, diseased people are a0lerm.mat, a02erm.mat, a03erm.mat,
a04erm.mat, bOlerm.mat, while cOlerm.mat, cO2erm.mat, c0O3erm.mat contain the measurement
values obtained from healthy individuals. Measurements taken from each person include 5 rows as
ECG, RespA, RespC, RespN and SPO2 and 1.000.000 columns as measurement values.

The records of the individuals in the data set used and features such as age, gender, height, weight,
apnea minute are detailed in Table 1.
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Table 1. Dataset taken from Physionet

Records Hours Apnea | Hypopne | Apnea- | Age Gender height weight
of (w/apnea) | index AI | a index hypopne (cm) (kg)
patients HI a index
AHI
a0l 9 12,5 57,1 69,6 51 M 175 102
a02 9 57,2 12,3 69,5 38 M 180 120
a03 9 38,4 0,7 39,1 54 M 168 80
a04 9 73,4 4 77,4 52 M 173 121
b01 2 0,12 0,12 0,24 44 F 170 63
c01 0 0 0 0 31 M 184 74
c02 0 0 0 0 37 M 180 83
c03 0 0 0 0 39 M 184 65

2.2. Lempel-Ziv Complexity

Lempel-Ziv complexity (LZC) is a complexity measure used to find the randomness of finite series,
and the LZC measure is calculated over symbolic sequences (Akar, et al., 2015).

After the signal is converted to a finite string of symbols, the LZC measure c¢(n) must be calculated.
For biomedical signal analysis, x(n) signal is typically discrete-time and converted to binary
sequence. When compared with the 7d threshold value as given in Equation (2), signals in the form
of time series are converted into a symbolic sequence in the form of 0-1. This symbolic sequence is
given in Equation (1) and denoted by P (Aboy, et al., 2006).

P =5s(1),s(2),...,5(r) (1)
s(i)={ 0, x(i) <Td 1, otherwise (2)

In Equation (2), the median versus outlier values were used as the 7d threshold (Nagarajan, 2002).
If the amplitude of the signal is greater than 74, it is converted to 1, and if it is small, it is converted
to 0 (Aboy, et al., 2006). To calculate LZC, the string P is scanned from left to right and the
complexity criterion c(n) is increased by one unit when a new string of consecutive characters is
encountered (Daniel Abasolo, 2006).

A complexity measure independent of the array length must be obtained. Therefore c¢(n) must be
normalized. If the length of the array is n and the number of each different symbol in the symbol set
is called a, the upper bound of c¢(n) becomes as given in Equation (3) (Ziv, 1976.).

c(n) < % (3)

Generally, n / (n) is the upper bound of c¢(n) where the base of the logarithm is a and c(n), b(n) as
given in Equation (4) can be normalized with:
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lime(n) = b(n) = === “)

cm) =12 5)

The normalized Lempel-Ziv complexity, C(n), given in Equation (5), reflects the proportion of new
patterns that emerge with the sequence. Thus, it captures the temporal structure of the sequence
(Ziv, 1976.). To eliminate the problem of time series dependence on length, the normalized LZC is
calculated as given in Equation (6) (Akar, et al., 2015):

_m
LZC =+ o (6)

2.3. ANOVA

Analysis of variance is used to test hypotheses about whether the difference between the mean of
two or more groups is significant. ANOVA (ANalyis Of VAriance), a single-factor analysis of
variance, is used to determine whether there is a significant difference between the means of 3 or
more groups-(Ergiin & Aktas, 2009). Among the hypotheses for this purpose, Hy means that there is
no difference between the means, while H, indicates that there is a significant difference between at
least two means (Yigit & Gokpinar, 2010). Another name for ANOVA is the F test and it gives the
F statistics. F compares the amount of systematic variance in the data with the unsystematic
variance.

The test primarily tests the difference of at least one of the groups from the others. If a statistically
significant p value is obtained as a result of the ANOVA test, in other words, if p < 0,05, it means
that there is a difference between the analyzed groups (Field, 2013).

In order to apply the ANOVA test, the data must have a normal distribution in each group, the
variances obtained must be homogeneous, and the individuals within the group must be independent
from each other.

One-way ANOVA was used as a statistical analysis method for the detection of sleep apnea from
ECG and respiratory signals with the LZC method. If the p value is below 0,05, there is no
similarity between the patient and healthy data in the examined time interval. This indicates that the
patient have apnea during the examined time period.

3. SIMULATION RESULTS AND DISCUSSION

ECG and respirations are composed of 1.000.000 columns separately. In order to analyze the data
better, it is necessary to divide it into time intervals. By dividing the 1.000.000 long data into
60.000 time intervals, 16 time intervals were obtained. In the Tables and Figures, these intervals are
expressed as time 1, time 2, time 3, up to time 16. These times correspond to a period of
approximately 10 minutes and 37 seconds.

All ECG and respiratory data for each subject were divided into 16 time intervals. LZC was
performed for each person's ECG, RespA, RespC measurement values. After recording the results
obtained with the LZC method, the graphs of the standard deviations were created. Statistical
analysis was performed with the ANOVA test.

In the ANOVA analysis, if a statistically significant p value was obtained between the healthy a0l,
a02, a03, a04, b01 and patient cO1, c02, c03 data (p < 0,05), it means that there is a significant
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difference between the analysis groups. This indicates that the patient had apnea during the
examined time period. In ANOVA Tables, each p value is shown in white if it is less than 0,05, and
in blue if it is larger.

3.1. ECG Statistical Findings

LZC was applied to all ECG data. The obtained values were recorded by paying attention to the
time intervals of LZC values. The standard deviation (std.) of the LZC values of the patient and
healthy data for each time interval was taken. The graph comparing these standard deviations is
given in Figure 1.

The values of the standard deviations are given on the vertical axis and the time intervals (1 time
interval=10 minutes 37 seconds) on the horizontal axis in the graph in Figure 1. The blue columns
give the ECG standard deviation of the patients, and the red columns are ECG standard deviation of
the healthy subjects.

0,45

0,4

0,35
Q o3
-
w025
S 02
S
S 0,15
a
© 0,1
®©
oo I b 0 Rk
c
20 I I - I I 1 I i s I

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16
time interval
m Diseased ECG std. m Healthy ECG std.

Figure 1. Graph of standard deviation obtained from ECG data with normalized LZC

When the standard deviations obtained using the ECG data are examined, it appears to be a
difference between sick individuals and healthy individuals at all time intervals. The standard
deviation value obtained as a result of the study conducted with sick individuals is higher than the
standard deviation value obtained as a result of the study conducted with healthy individuals.

When Figure 1 is examined, a greater difference is observed between the standard deviation of LZC
values obtained from healthy data at time 9 and time 15 and the standard deviation of LZC values
obtained from diseased data compared to other time intervals.

In time 1, the difference between the standard deviation of LZC values obtained from healthy data
and the standard deviation of LZC values obtained from diseased data is at least. ANOVA analysis
p values applied to LZC values obtained from ECG data in Figure 1 are given in Table 2.

The reason for the observable difference in the time 9 and time 15 intervals in Figure 1 can be
examined from Table 2. The significant difference between the standard deviations at time 9 and
time 15 may be associated with apnea intervals.
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Table 2. ANOVA analysis p values applied to LZC values obtained from ECG data

allecg al2ecg a03ecg aldecg b0lecg
timel 0,61 0,386 0,331 0,307 0,659
time2 0,326 0,852 0,647 0,568 0,329
time3 0,612 0,508 0,762 0,558 0,469
time4 0,829 0,328 0,718 0,714 0,873
time5 0,845 0,365 0,937 0,677 0,86
time6 0,598 0,264 0,72 0,33 0,368
time7 0,66 0,364 0,439 0,256 0,852
time8 0,757 0,495 0,728 0,252 0,545
time9 0,912 0,01 0,0463 0,00314 0,0083
time10 0,951 0,356 0,879 0,293 0,78
timel 1 0,814 0,275 0,609 0,175 0,84
timel2 0,375 0,217 0,709 0,107 0,55
timel3 0,43 0,272 0,732 0,154 0,75
timel4 0,569 0,515 0,862 0,165 0,361
timel5 0,12 0,23 0,216 0,0367 0,145
timel6 0,499 0,652 0,997 0,175 0,79

3.2. Resp A Statistical Findings

LZC was applied to Resp A data. The obtained values were recorded by paying attention to the time
intervals of LZC values. The standard deviation of the LZC values of the patient and healthy data
for each time interval was taken among themselves. The graph comparing these standard deviations
is given in Figure 2.

The values of the standard deviations are given on the vertical axis and the time intervals (1 time
interval=10 minutes 37 seconds) on the horizontal axis in Figure 2. The black columns give the
Resp A standard deviation of the patients, and the yellow columns are the Resp A standard
deviation of the healthy subjects.



0,025
®)

Q 002
—
G

— 0,015
S
B

3 001
a
°

8 0,005
[
8
w

0

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16

time interval

m Diseased RespA std. Healthy RespA std.

Figure 2. Graphs of the mean and standard deviation of the value obtained from the LZC and Resp
A data

When the standard deviations obtained using Resp A data are examined, it is seen that there is a
difference between sick individuals and healthy individuals at all time intervals. The standard
deviation value obtained as a result of the study conducted with sick individuals is higher than the
standard deviation value obtained as a result of the study conducted with healthy individuals.

The difference between the standard deviation values of patients and healthy individuals from time
5 to time 16 is much higher. The p values obtained from the ANOVA statistical analysis of these
time intervals are given in Table 3 detailly.

When Table 3 is examined, it is seen that p values for Resp A are generally less than 0,05 from time
5 to time 16. This means that individuals generally have sleep apnea.

In time 1, time 2, time 3, time 4 and time 16, it is observed that the difference between the standard
deviation value obtained from the study with sick individuals and the standard deviation value
obtained from the study with healthy individuals is less. When the p values of these time periods in
Table 3 are examined, it is seen that they are greater than 0,05. As a result, time 1, time 2, time 3,
time 4 and time 16 for Resp A mean that no patient has sleep apnea. In addition, patient bO1 has not
apnea at all time intervals

Table 3. p values obtained from Resp A data as a result of ANOVA analysis

a01RespA a02RespA a03RespA a04RespA b01RespA
timel 0,456 0,384 0,591 0,456 0,0649
time2 0,249 0,441 0,406 0,848 0,746
time3 0,112 0,218 0,492 0,709 0,891
time4 0,0638 0,186 0,559 0,66 0,913
time5 0,00562 0,0289 0,123 0,863 0,814
time6 0,000157 0,00112 0,00235 0,27 0,27
time7 0,0172 0,00902 0,723 0,102 0,943
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a01RespA a02RespA a03RespA a04RespA b01RespA
time8 0,0457 0,01 0,767 0,0232 0,681
time9 0,326 0,0216 0,238 0,0537 0,336
timel0 0,83 0,0396 0,333 0,966 0,765
timel 1 0,00415 0,0402 0,932 0,0895 0,403
time12 0,016 0,107 0,278 0,328 0,864
time13 0,0102 0,0126 0,401 0,718 0,529
time14 0,00461 0,0264 0,0154 0,0652 0,268
timel5 0,0195 0,184 0,375 0,815 0,953
timel6 0,0598 0,125 0,652 0,256 0,894

3.3. Resp C Statistical Findings

LZC was applied to Resp C data. The obtained values were recorded by paying attention to the time
intervals of LZC values. The standard deviation of the LZC values of the patient and healthy data
for each time interval was taken among themselves. The graph comparing these standard deviations
is given in Figure 3.

The values of the standard deviations are given on the vertical axis in the graph in Figure 3 and the
time intervals (1 time interval=10 minutes 37 seconds) are given on the horizontal axis. The green
columns give the Resp C standard deviation of the patients, the purple columns are the Resp C
standard deviation of the healthy subjects.

Standard Deviation of LZC

0,045
0,04
0,035
0,03
0,025
0,02
0,015
0,01
0,005

4

5 6

Diseased RespC std.

7 8 9 10
time interval

11 12 13 14

m Healthy RespC std.

15 16

Figure 3. Plots of mean and standard deviation from Resp C data with LZC

When the standard deviations obtained using the Resp C data are examined, it is seen that there is a
difference between sick individuals and healthy individuals at all time intervals.

The standard deviation value obtained as a result of the study conducted with sick individuals is
higher than the standard deviation value obtained as a result of the study conducted with healthy
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individuals. The difference between the standard deviation values of patients and healthy
individuals from time 4 to time 8 and time 14 is much higher.

The p values obtained from the ANOVA statistical analysis of these time intervals are given in
Table 4 detailly. When Table 4 is examined, it is seen that has sleep apnea at time 6, which is
between time 4 and time 8 for Resp C.

In addition, it is seen that patient a0l has apnea at all time intervals. It is seen that patient a03 has
apnea in time 14 and patient b0O1 has not apnea at all time intervals.

Table 4. p values obtained from Resp C data as a result of ANOVA analysis

a01RespC a02RespC a03RespC a04RespC b01RespC

timel 0,0285 0,25 0,694 0,403 0,881
time2 0,0157 0,102 0,68 0,98 0,801
time3 0,0346 0,143 0,365 0,822 0,91

time4 0,0148 0,559 0,372 0,477 0,827
time5 0,0102 0,0905 0,0943 0,781 0,604
time6 0,000273 0,00158 0,002 0,00248 0,529
time7 0,00166 0,0793 0,271 0,971 0,52

time8 0,00507 0,1 0,183 0,585 0,952
time9 0,0193 0,403 0,123 0,274 0,642
time10 0,0149 0,379 0,205 0,347 0,966
timel 1 0,00654 0,0712 0,144 0,459 0,195
time12 0,0228 0,0621 0,143 0,932 0,721
timel3 0,00716 0,238 0,0848 0,0848 0,387
timel4 0,00471 0,0669 0,026 0,0764 0,0831
timel5 0,015 0,145 0,112 0,28 0,86

timel6 0,0157 0,0746 0,309 0,609 0,843

4. CONCLUSION

In this study, Lempel-Ziv complexity method was applied to ECG, Resp A, Resp C data obtained
from patients and healthy individuals. After applying the ANOVA statistical analysis to the values
obtained from the LZC method, it was aimed to obtain a diagnosis of sleep apnea from the ECG,
Resp A, Resp C data. When the result obtained from the ANOVA analysis is examined, the
Lempel-Ziv complexity method from the Resp A and Resp C data, especially in patients with high
number of apneas, can be diagnosed with sleep apnea in more time intervals.

From the ECG data, the diagnosis of sleep apnea with the Lempel-Ziv complexity method could
only be made in two different time intervals. It has been found that deep sleep is more intense,
especially in the first time intervals of sleep, and there is a decrease in LZK values. The aim of the
study was carried out for ECG, Resp A and Resp C data.
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