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Abstract: (1) Background: Alternating interhemispheric slow-wave activity during sleep is
well-established in birds and cetaceans, but its investigation in humans has been largely neglected.
(2) Methods: Fuzzy entropy was used to calculate a laterality index (LI) from C3 and C4 EEG channels.
The subjects were grouped according to an apnoea-hypopnoea index (AHI) for statistical analyses:
Group A AHI < 15 (mild); Group B 15 < AHI < 30 (moderate); Group C AHI > 30 (severe). The LI
distribution was analysed to characterise the brain activity variation in both hemispheres, and the
cross-zero switching rate was given statistical tests to find the correlations with the severity of
obstructive sleep apnea and sleep states, i.e., wake (W), light sleep (LS), deep sleep (DS), and REM.
(3) Results: EEG brain switching activity was observed in all sleep stages, and the LI distribution
shows that, for obstructive sleep apnea patients, the interhemispheric asymmetry of brain activity is
more obvious than healthy people. A one-way ANOVA revealed a significant difference of switching
rate among three groups (F(2,95) = 7.23, p = 0.0012), with Group C shows the least, and also a
significant difference among four sleep stages (F(3,94) = 5.09, p = 0.0026), with REM the highest.
(4) Conclusions: The alternating interhemispheric activity is confirmed ubiquitous for humans during
sleep, and sleep-disordered breathing intends to exacerbate the interhemispheric asymmetry.

Keywords: EEG; brain switching; obstructive sleep apnoea; laterality index; fuzzy entropy

1. Introduction

Sleep apnea is a serious health hazard and even life-threatening [1]. Survey reports that the
prevalence of hypertension in severely snoring patients is as high as 48%, and the prevalence of coronary
heart disease is 3 to 4 times that of ordinary people [2]. Besides, the incidence of cerebrovascular accident
(stroke) is twice that of ordinary people [3]. If a person has more than 20 apneas per hour during sleep,
his 5-year mortality rate will exceed 11%, and the 8-year mortality rate will reach 37% [4]. About 3000
people die every day from sleep apnea syndrome and its related diseases worldwide [5]. There are two
types of sleep apnea: Obstructive sleep apnea (OSA) and Central sleep apnoea, in which OSA is the
most common. It results from a blocked airway, usually when throat muscles intermittently relax and
block your airway during sleep. Signs and symptoms of OSA include high blood pressure, snoring,
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morning headache, observed episodes of breathing cessation during sleep and abrupt awakenings
accompanied by gasping or choking [6].

The apnea-hypopnea index (AHI) is widely used to evaluate the severity of OSA. It records the
average number of apnea or hypopnea events per hour. It is commonly accepted that the AHI values
are categorized as: (i) normal when AHI < 5; (ii) mild sleep apnea when 5 < AHI < 15; (iii) moderate
sleep apnea when 15 < AHI < 30; and (iv) severe sleep apnea when AHI > 30 [7]. The standard approach
to diagnose OSA involves in-laboratory polysomnography (PSG), in which EEG remains the best
technique for the functional imaging of the brain during sleep [8,9]. EEG is the most common tool used
in sleep research [10-16]. Recently, EEG coherence analysis has garnered considerable interests to study
the functional asymmetry of the brain [17-22]. A fundamental left-right brain switching mechanism is
observed across the animal kingdom from invertebrates through to birds and mammals, including.
humans. Reports show that when facing competing motion stimuli on its left and right, Drosophila
would choose one stimulus at a time and then try to rotate toward its direction. This behaviour indicates
that Drosophila has alternating left/right optic lobe local field potential (LFP) activities [23]. Long et al.
revealed that some switching might exist in the control of birdsong timing between the left/right high
vocal centre (HVC) on the timescale of song syllables or long subsyllabic elements [24,25]. For hamsters,
continuous light would separate the daily activities into two parts, with antiphase circadian oscillations
in the left/right suprachiasmatic nuclei (SCNs), namely, splitting of circadian rhythms. In split
hamsters, the right/left SCN oscillate 12 h out of phase with each other, and the twice-daily locomotor
bouts alternately correspond to one or the other [26,27]. Alternating left-right nostril patency in rat,
rabbit, cat, dog, domestic pig, and humans [28-32]. Alternating unihemispheric slow-wave activity
is well-established in birds [33] and aquatic mammals [34]. Existing reports show that alternating
unilateral slow-wave sleep is always the most common sleep pattern for some specific species, such as
marine mammals, birds, and possibly certain reptiles. Unihemispheric sleep, on the one hand, would
help these animals maintain vigilance from the threat of predators even in sleep, and on the other
hand, also assist uninterrupted breathing during sleep in marine mammals. However, its investigation
in humans has been largely neglected. One exception reports their research on oscillation of sleep
EEG dynamics between left/right hemisphere during REM sleep. It reveals that the brain works on an
alternating left/right hemispheric in dominance and this dominance would fluctuate approximately
every minute [35]. Independent studies have shown in individuals with obstructive sleep apnoea that
apnoea/hypopnoea events are associated with asymmetric hemisphere EEG activity [20,23]; the latter
report used three measures of interhemispheric symmetry (i.e., magnitude of squared coherence,
phase lag index, nonlinear synchronization index).

In the current study, we sought to: (i) characterise inter-individual variation in brain switching
activity in an adult sample with sleep-disordered breathing; (ii) examine the relationship between
such switching activity and subjects” apnoea-hypopnoea index (AHI), which indicates the severity of
sleep apnoea by the number of apnoea and hypopnoea events per hour of sleep; and (iii) explore the
differences in brain switching in subjects with sleep-disordered breathing during different sleep states.

2. Materials and Methods

2.1. Materials

The experimental data used in this paper are obtained from the University College Dublin
Sleep Apnea Database (UCDDB). It contains 25 (4 females and 21 males; mean age = 49.96 years;
range: 28-68) full overnight polysomnograms (PSGs) with simultaneous three-channel Holter
ECG. The polysomnogram records were obtained by utilizing the Jaeger-Toennies system, and a
10-20 electrode placement system was used to describe the locations of scalp electrodes. Each record in
the database consisted of 2 EEG channels (C3-A2 and C4-A1), 2 EOG channels, and 1 EMG channel,
with the sampling frequency at 128 Hz. According to the R&K criteria, each EEG signal was divided
into segments of 30 s (3000 data points), with each segment corresponding to a single sleep stage
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including AWA, REM, 51, S2, S3, S4, Artifact, and Indeterminate. In order to delete artifacts like body
movements or arousals, EEG signals labelled Artifact and Indeterminate were filtered and removed.

Subjects in this database were diagnosed with possible obstructive sleep apnea, central sleep
apnea or primary snoring: (i) mean PSG recording = 6.9 h; range: 5.9-7.7; (ii) mean AHI = 24;
range = 2-91 [36]. These subjects are grouped according to the severity of the sleep breathing-disorder
which is evaluated by the apnoea-hypopnoea index (AHI) for statistical analyses: Group A (n = 11)
AHI < 15 (mild); Group B (n = 8) AHI 15 < AHI < 30 (moderate); Group C (1 = 6) AHI > 30 (severe).
Detailed information of the grouped subjects is presented in Table 1, and Figure 1 gives examples of
30 s epoch C3-A2 and C4-A1 EEG for three Groups.

Table 1. Polysomnograms results of the grouped subjects in UCDDB database.

(a) Group A (AHI < 15)

X Sleep PSG Percentage (%)
SubjectID Age Sex AHI Efficiency (%) Duration (s) W LS DS REM
ucddb005 65 M 13 83 24798 3741 4116 6.30 15.13
ucddb007 47 M 12 90 24405 1033  57.81 15.62 16.24
ucddb008 63 F 5 64 23041 3474 4993  10.96 4.36
ucddb009 52 M 12 80 27759 20.54 5459 1524 9.62
ucddb011 51 M 8 60 27030 39.56 42,67 13.11 4.67
ucddb015 28 M 6 77 27488 2271 5393 1594 7.42
ucddb017 53 M 12 87 23684 13.05  54.25 8.24 24.46
ucddb018 35 M 2 60 24685 3990 4112 16.67 2.31
ucddb021 41 F 13 82 27409 18.18 53.89 1391 14.02
ucddb022 34 M 7 58 23640 4155  36.21 16.65 5.59
ucddb026 49 M 14 87 25160 13.37 4069  16.59 29.36

(b) Group B (15 < AHI < 30)

. Sleep PSG Percentage (%)
SubjectID A . .
ubjec ge Sex AHI Efficiency (%) Duration (s) W LS DS REM
ucddb002 54 M 23 84 22470 16.18 5147  11.63 20.72
ucddb012 51 M 25 85 25941 1493 4572 1690 2245
ucddb013 62 F 16 61 24333 39.09 3896  13.69 8.26
ucddb019 49 M 16 92 25573 8.33 46.83  23.00 21.83
ucddb020 52 M 15 78 22586 2247 4827 8.51 20.74
ucddb024 54 M 24 83 27250 1715  49.12  15.15 18.58
(c) Group C (AHI > 30)
. Sleep PSG Percentage (%)
SubjectID A . .

ubjec ge Sex AHI Efﬁc1ency (%) Duration (s) W LS DS REM
ucddb003 48 M 51 81 26478 19.05 4082 1859 21.54
ucddb006 52 M 31 89 24267 1139 3416  30.69 23.76
ucddb010 38 M 34 92 27211 8.16 64.50 8.71 18.63
ucddb014 56 M 36 79 23239 21.32  68.09 0 10.59
ucddb023 68 F 39 67 25850 3275 5261 8.01 6.62
ucddb025 52 M 91 77 21350 2293  69.34 1.27 6.47
ucddb027 45 M 55 86 26791 1422 66.29 3.92 15.57
ucddb028 50 M 46 68 21660 31.62  47.85 7.21 13.31
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Figure 1. Illustration of 30 s epoch C3-A2 and C4-A1 EEG signals for Group A, B, and C.
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As an information measure, entropy determines the uniformity of proportion distribution [37].
Given a time series, the greater the probability of generating new patterns means the greater its
irregularity, and entropy has been widely used in evaluating the degree of randomness (or inversely,
the degree of orderliness) of a time series [38]. Reports have proved that entropy can measure the
irregularity of a signal, and the higher the irregularity of a signal the greater its corresponding entropy
will be [39]. Specifically, fuzzy entropy (FuzzyEn) can be a measure of time series complexity in
EEG signals—smaller values indicate greater sequence self-similarity, while larger values indicate
more complex signal sequences. In this paper, fuzzy entropy was extracted from both C3-A2 and
C4-A1 EEG channels to calculate the laterality index (LI) between left- and right-hemisphere neural
activity. The regional differences in the stability of sleep across the hemispheres can be approximately
determined by the LI distribution. Furthermore, the cross-zero switching frequency of LI was calculated
to evaluate the interhemispheric brain switching. In this paper, we mainly explore the correlations of LI
distribution and cross-zero switching rate with the severity of OSA and the corresponding sleep states.
The block diagram of the method is illustrated in Figure 2, and the data is shown for a 52 year-old male
(ucddb006) with an AHI of 31.
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Figure 2. Block diagram of the method. EEG signals from both C3-A2 and C4-A1 channels are acquired,
and the fuzzy entropy is calculated to indicate the unilateral brain activity. To reflect the activity
difference or asymmetry between both hemispheres, the laterality index is calculated from the fuzzy
entropy features. Then the LI distribution and brain switching could be clearly shown along with the
sleep states.

2.1.1. Fuzzy Entropy

Fuzzy entropy (FuzzyEn) measures the probability of the new model, representing the information
of uncertainty for a series. Since FuzzyEn contains vagueness and ambiguity un-certainties, it is
quite different from the classical Shannon entropy because no probabilistic concept is needed to
define it, while Shannon entropy contains the randomness uncertainty (probabilistic). The FuzzyEn is
defined using the concept of membership degree, and its calculation procedure is explained in [39].
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The FuzzyEn statistic, given input value for embedding dimension, fuzzy power, and tolerance
threshold, is defined as:

FuzzyEn(m,n,1,N) = In¢™ (n,7) = In¢p" 1 (n,r) (1)
where
. 1 W 1 = "
¢"(n,r) = N Z NE— Z (exp(—(di]-) /1’)) ()
i=1 j=1,j#i

in which 4! = d[x;ﬂ, X;.”] _ kefgﬁ)ﬁl)“x(i 1K) —x0(i) = (x(j + k) = x0()))
distance between two local sequence segments X' and X;ﬁ, X" = {x(i),x(i+1),...,x(i + m=1)} =xo(i),

}, indicating the maximum

1 <i,j < N—m. While xy(i) indicates the mean value of the sequence {x(i),x(i+1),...,x(i + m—1)}.

2.1.2. Laterality Index and Its Distribution

Generally, the Laterality index (LI) value is computed using the following classic formula [40,41]:

Fcz —Fey

H=2 Fes+Fea )
where Fc3 and Fy represent the fuzzy entropy values calculated for channel C3-A2 and C4-Al,
respectively. The factor A is a scaling factor that defines the range of LI values. Usually, different A
values, like 1, —1 [42], 100, or 200 [43], have been used for different meanings. In this study, A is held
to 1, and LI varies continuously from —1 for pure right hemisphere dominance to +1 for pure left
hemisphere dominance. Figure 3 shows the 3-dimensional numerical distribution of LI along with F3
and Fcy. LI is symmetric about the red line which indicates LI = 0, and if LI falls on the lower left side
of the red line, it means that the right hemisphere dominates the main activity of the brain; on the
contrary, if LI falls on the upper right side of the red line, the left brain hemisphere is the dominance.

0.8
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0.4

0
c3 -1
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Figure 3. LI as a function of Fc3 and Fcy (with A = 1). The X-axis and Y-axis represent Fc3 and Fy
respectively, and the Z-axis indicates LI.

3. Results

To explore the correlations of LI distribution and switching rate with the severity of OSA and sleep
states, a set of experiments are conducted using MATLAB 2015a on a Dell computer with a 3.40 GHz
Intel Core i7-2600 CPU and 16.0 GB RAM. This section consists of three main parts: fuzzy entropy
extraction, laterality index distribution, and a statistical test of EEG switching rate. The experiments
and results of each part are given as follows.
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3.1. Fuzzy Entropy Extraction

Since the sleep stages are annotated every 30s, both EEG channels were segmented into epochs
every 30s. Following the data preprocessing, FuzzyEn is calculated for each epoch of both channels.
For parameter selection, the embedding dimension m is chosen as the default value 2, and different
choices of tolerance threshold r = 7/ X SD (SD is the standard deviation of each 30 s epoch) and fuzzy
power n influence the standard deviation of the calculated entropy. It is worth noting that n and r are

the gradient and width of the boundary of the fuzzy function u(d;?]?, n, r), respectively. We test different

" values from 0.05 to 0.2 and different n values from 1 to 5, and for a comprehensive consideration of a
steady standard deviation of the calculated entropy and a small computation, we set the tolerance
threshold r = 0.15 X SD and fuzzy power n = 2. In addition, the time lag tau is set to the default value
1. The parameter selection in this study refers to the suggestions in existing papers [44,45]. The box
plots of the fuzzy entropy of both channels is given in Figure 4.

1.0 F
0.8 |-

0.6 -

C3
T

04

&
o
+ 4
0.2%%
o

o

L

& F F F F FF QPP F F P
QCJb be Q‘Qb 006 be Q'Qb QOb CJ5 \\Ob 006 Qbh er 006
1.0 o | |
E | |
o | |
o
L ® | |
8 | |
061 0 o 3 o ° o I
<+ L o o | 2 ) I
&) [}
<3 | C) |
0.4 - & 8 o | © ° o ¢ I
. e 8
(- |
[ | |
02 F ) ' '
| |
r | |
ol | |
1 1 1 1 1 1 1 1 | 1 1 | L 1 1 1 1 1 | 1 1 1 1 1 1 1 1
& & L& SIS U S PP
F F §F F §F § F
QCJ ch QO QCJ Q(z Q{J \Q QO QCJ QQ QO QO
Group (A) Group (B) Group (C)

Figure 4. Box plots of the Fuzzy entropy features. The fuzzy entropy of channel C3-A2 is given in
the above figure, and that of channel C4-A1 is illustrated in the below one. Red box plots represent
Group A, blue represents Group B, and green represents Group C separately.

3.2. Laterality Index Distribution

Figure 5 illustrates the LI distributions along with Fc3 and Fcy4 for three groups. The two axes
represent Fc3 and Fcy, respectively, and the pixels in each subfigure indicate the corresponding LI.
If LI locates in the upper right corner, i.e., Fc3 approaches 1 and Fc4 approaches 0, the main brain
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activity is concentrated in the left hemisphere. On the contrary, if LI locates in the lower left corner, i.e.,
Fc3 approaches 0 and Fcy approaches 1, the main brain activity is concentrated in the right hemisphere.
It is noted that the LI distribution is symmetrical in respect to the diagonal for healthy people in
group A. However, OSA patients show a significant asymmetrical distribution of LI in Group B and
C, as illustrated in subfigures B1-C2. The symmetry respect to the diagonal signifies that Fc3 and
Fc4 are similar which indicates that both hemispheres would have a similar activity intensity during
sleep for healthy people. However, the asymmetry in respect to the diagonal means that Fc3 or Fcy is
much bigger than the other, which implies that the brain activity intends to concentrate on left or right
hemisphere during sleep for OSA patients.

(A1)
1

0.9
0.8
0.7
0.6

LCos

Group A

0.4

Group B

Group C

c4 c4

Figure 5. LI distribution for three groups. Group A: (Al) ucddb015, (A2) ucddb022. Group B: (B1)
ucddb002, (B2) ucddb013. Group C: (C1) ucddb025, (C2) ucddb028.

At the same time, Figure 6 is also given to show the LI distribution regarding different sleep
stages. It is worth noting that the LI distribution shows a significant difference among wake, light
sleep, deep sleep, and REM. The red dots which correspond to wake locate in the centre of the entire
LI map while the other three colours distribute in the lower right corner of the LI map with a clear
separation between each other. It implies that the fuzzy entropy features for both C3 and C4 channels
during wake stage are much bigger than the other three sleep stages, which is reasonable because the
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brain for both hemispheres during wake is much more active than the other sleep stages. Also, deep
sleep shows the smallest fuzzy entropy for both channels, while REM is also smaller than that of light
sleep. This means that the fuzzy entropy feature could be applied to classify different sleep stages,
which agrees with our previous work in [39].

Figure 6. LI distribution for different sleep states.

3.3. Statistical Test of EEG Switching Rate

As previously discussed, EEG switching rate is calculated from LI, and the cross-zero frequency of
Ll is regarded as the switching rate. In this section, we first present the switching rate of three groups
among different sleep stages. Then the ANOVA test is also presented to show the statistical significance.

Table 2 shows the mean value of switching rate and its corresponding variance for three groups
among wake (W), light sleep (LS), deep sleep (DS), and REM, respectively. We can observe that the
mean switching rate shows a degressive trend from Group A, B to C for all sleep stages. This signifies
that the inter-hemispheric switching is more frequent than OSA patients, and the switching rate
intends to decrease with the severity of sleep-disordered breathing. This conclusion agrees with the
LI distribution in Figure 5, in which the symmetric distribution for healthy people means a more
frequent switching between both hemispheres. However, the brain activity for OSA patients intends to
concentrate on one unilateral hemisphere. Thus, the inter-hemispheric switching rate is smaller.

Table 2. Mean Values + Variance of Switching Rate in Three Groups.

Wake Light Sleep Deep Sleep REM Sleep

Group A 0.2497 £0.0041  0.3009 + 0.0041  0.2316 + 0.0198 0.3537 + 0.0077
GroupB  0.2093 +0.0024  0.2319 +0.0035  0.1785 + 0.0178 0.3293 + 0.0086
GroupC  0.1505+0.0049  0.1800 + 0.0081  0.1541 + 0.0232 0.2267 + 0.0180

3.3.1. ANOVA Test

In this section, the one-way ANOVA test was given to analyse the difference of inter-hemispheric
switching in three groups.

1. Test of data normality and variance homogeneity In order to perform the ANOVA test,
two conditions need to be satisfied: (1) data normality and (2) variance homogeneity. Thus,
we reported the test results of these two conditions for Groups and Sleep Stages, respectively.
For normality test, p-value is the probability of observing a test statistic as extreme as, or more
extreme than, the observed value under the null hypothesis. Small values of p cast doubt on the
validity of the null hypothesis. Also, h = 1 indicates the rejection of the null hypothesis, i.e., the
data in vector x comes from a distribution in the normal family, while h = 0 means a failure to
reject the null hypothesis. Our experiments reported that the switching rate for both Groups and
Sleep Stages are normally distributed, with h = 0 and p > 0.05 for both considerations. Besides,
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since the p-value for homogeneity test is also bigger than 0.05, with p = 0.9896 for Groups test and
p = 0.2204 for Sleep Stages test, it also reveals that the data satisfies variance homogeneity.

2. ANOVA test Based on the test results of data normality and variance homogeneity, the ANOVA
test for three groups and four sleep stages were given in this section. First of all, the one-way
ANOVA test was given to test the inter-differences among groups or sleep stages. Results showed
that the p-values for both tests were 0.0012 (p1 < 0.05) and 0.0026 (p2 < 0 .05), respectively, which
indicates that the differences among groups or sleep stages were significant. Figure 7 illustrates
the boxplot of data distributions for Figure 7a Groups and Figure 7b Sleep Stages. It also clearly
reveals the inter-differences in each subfigure. Also, since we were considering two factors, i.e.,
groups (AHI) and sleep stages that may affect the switching rate, we also performed the two-way
ANOVA to give a more comprehensive difference test for both factors. The results were given in
Table 3. The p-values for both factors also agrees with the previous one-way ANOVA test, but it
also reveals that there is no evidence of an interaction effect of the two.
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Figure 7. Boxplot of switching rate for three Groups.

Table 3. Test of two-way ANOVA.

Factors P
Sleep Stages 0.0012
Groups 0.0006
Sleep Stages * Groups 0.1106

3.3.2. Independent Samples t-Test

To further test the differences between every possible pair, the independent samples t-test is
performed for three groups and four sleep stages. The results are given in Table 4, and it is noted that
the p-values in bold are no more than 0.05, indicating that the differences between group A and C,
wake and REM, light sleep and REM, and deep sleep and REM were significant.

Table 4. Independent samples t-test of every possible pair.

1
Pairs Groups Pairs Sleep Stages
A-B  A-C BC W-LS W-DS W-REM LS-DS LS-REM DS-REM
4 0.135 0.000 0.063 p 0.129 0.582  0.000 0.612 0.010 0.017

4. Discussion and Conclusions

In the work of this paper, we investigated the statistical properties of the overnight EEG data in
obstructive apnea patients. One of the main findings is that the brain activity asymmetry intends to
get worse with the severity of sleep-disordered breathing for obstructive sleep apnea patients. Some
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interpretations of this finding include that sleep-disordered breathing is always accompanied by neural
injuries, and this kind of damage is preferentially unilateral. Injured structures include brain regions
involved in hormone release and major neurotransmitter activity. This damage is reflected in a series of
structural magnetic resonance procedures and also as a functional distortion of the evoked activity in
the brain that regulates important autonomic and respiratory functions [46]. Besides, another finding
implies that the fuzzy entropy features during wake state are much bigger than the other three sleep
stages, and deep sleep shows the smallest fuzzy entropy while light sleep is only smaller than that
of wake state. In addition, in terms of the four sleep stages, REM shows the highest mean switching
rate while deep sleep shows the lowest. Existing work reported that the REM stage showed close
coordination of the electrical manifestations of activity of the two hemispheres [47]. The REM stage is a
kind of heterogeneous sleep because it is very similar to the wake state. Although the body is paralyzed,
the brain is somewhat awake in some respects. EEG during the REM stage often shows faster neural
oscillations that are different from Delta waves in deep sleep, more similar to patterns in wake state.
During the REM stage, the neuronal state of the cerebral cortex and thalamus is more depolarized
than other sleep stages, which means that it is more likely to be excited. As a result, the switching
between the left and right hemispheres of the brain during REM sleep will be more. Similar study
was presented in [48], they reported that switching was found in all sleep stages, and variation in
left-right switch rate (Hz) was observed during W (0.076-0.084), light sleep (0.073-0.088), deep sleep
(0.082-0.094) and REM sleep (0.082-0.090). In comparison, our results showed more distinct differences
among sleep stages and thus could be used for stage scoring.

At the same time, we should also point out the main limitation of this study, which we will focus
on improving in the future. Since there is only 1 healthy subject (ucddb018, AHI = 2) in the applied
database, we simply included it in group A, i.e., mild obstructive sleep apnea, and thus there is no
control group in this study. Still, the current conclusions were still trustworthy because we mainly
focus on interhemispheric switching correlates with the severity of sleep-disordered breathing which
gets worse from Group A to Group C. In our future work, on the one hand, we would include a control
group of adequate healthy subjects, and on the other hand, bipolar montage C3/C4 would be applied
instead of unipolar C3 and C4, since relative changes may provide better reliability for characterizing
the differences, and laterality analysis.

As a conclusion, alternating interhemispheric brain activity during sleep is investigated for
obstructive sleep apnea patients. Our main work focuses on characterising inter-individual variation
in brain switching activity, examining the relationship between such switching activity and subjects’
apnoea-hypopnoea index (AHI), and exploring the differences in brain switching in subjects with
sleep-disordered breathing during different sleep states. In order to address that, the fuzzy entropy is
calculated for both C3 and C4 EEG channels, from which the laterality index (LI) is applied to illustrate
the interhemispheric variations in brain activities. The distributions of LI in the positive or negative
side reflect the brain activities in the left or right hemisphere. In addition, the cross-zero switching rate
of Ll is calculated and analysed to characterise the brain switching in both hemispheres. Extensive
experiments are performed on the UCDDB database, in which most subjects have varying degrees of
obstructive sleep apnea. Results show that EEG brain switching activity was observed in all sleep stages
with a wide range of individual variation. The LI distribution shows an obvious interhemispheric
asymmetry of brain activity for OSA patients, and it also reveals a significant difference among sleep
states, i.e., wake, light sleep, deep sleep, and REM.

Furthermore, statistical tests are given to find the correlations of switching rate with the severity
of OSA. The one-way ANOVA revealed a significant difference of switching rate among three groups
(p = 0.0012), with Group C showing the least, and also a significant difference among four sleep stages
(p = 0.0026), with REM the highest. The two-way ANOVA also confirms this result, but an interaction
effect of the two is still not evident, possibly due to an underpowered subsample. The independent
samples t-test further tests the differences between every possible pair, which reveals a significance
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between group A and C, wake and REM, light sleep and REM, and deep sleep and REM; however,
the others do not.
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