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Abstract
Obstructive sleep apnea (OSA) is a common sleep respiratory disease. Previous studies have found that the
wakefulness electroencephalogram (EEG) of OSA patients has changed, such as increased EEG power.
However, whether the microstate re�ecting the transient state of the brain is abnormal is unclear during sleep
apnea or hypopnea. We investigated the microstates of sleep EEG in 30 OSA patients and in 10 healthy
control volunteers. Then correlation analysis was carried out between microstate parameters and EEG
markers of sleep disturbance, such as power spectrum, sample entropy and detrended �uctuation analysis
(DFA). We observed that there was an additional �fth microstate E during apnea or hypopnea in N1 and N3
stages in OSA patients. And the microstate E was correlated with the power spectrum of delta, theta and
alpha bands, not correlated with sample entropy, but correlated with DFA in N1-OA/OH stage. Moreover,
Global Explained Variance, Mean Duration, Time Coverage and Segment Density of microstate E were
positively correlated with DFA. We can interpret that the abnormal transition of brain active areas of OSA
patients in N1-OA/OH stages leads to an extra microstate E, which might be related to the change of alpha
activity in the cortex. And the generation of microstate E is not correlated with the decrease of EEG
complexity, but correlated with the stronger self-similar regularity of EEG signals in OSA patients. These
�ndings indicate that the microstate has the potential as a biomarker of EEG and has potential application
value in OSA diagnosis.

Introduction
Obstructive sleep apnea (OSA) is a common sleep disorder. With the increase of obesity rate, its prevalence is
also increasing1. It is a chronic multisystem disease, which may lead to a variety of acute clinical problems at
the same time, including hypertension, cardio cerebral stroke, mechanical infarction, etc.2 OSA causes
repeated air�ow interruption and/or reduction due to stenosis of the upper airway during sleep, resulting in
fragmentation of sleep and hypoxemia3. These affect the neurobehavioral function of OSA patients, for
example, the risk of car accident in OSA patients increases by 2–10 times4.

Despite the prevalence of OSA, its underlying neurophysiological process is unclear. Current research results
all support that its pathogenesis is multifactorial, such as oxidative stress leading to vascular endothelial cell
damage and atherosclerosis, which is related to cardiovascular and cerebrovascular diseases, metabolic
diseases, sudden death and other multi-system damage. The damage also aggravates OSA, forming a
vicious circle and disease progression. Clinical studies have shown that the EEG of OSA patients has
changed, such as changes in power spectrum and energy5, 6. Zhou et al. found that the sample entropy of
sleep apnea syndrome patients was lower than healthy controls in each sleep stage7. Grenèche et al. found
that the power of wakefulness EEG in OSA patients after 24 hours of sleep deprivation was higher than
healthy controls8. D’Rozario et al. found that the wakefulness EEG power spectrum and detrended �uctuation
analysis (DFA) of OSA patients were related to simulated driving performance, and the scale index α of DFA
can be used as an indicator of simulated driving performance9, 10. Kim et al. used DFA to analyze the sleep
onset period (SOP) of narcolepsy patients, and found that the SOP of narcolepsy patients was signi�cantly
larger compared with healthy controls11.
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These studies provide a window for us to understand OSA patients’ EEG. However, such studies are relatively
few and focus on the difference of neurobehavioral ability (such as simulated driving) of OSA patients and
healthy subjects8, 9, 10. To the best of our knowledge, there have been no reports of studying the EEG of OSA
patients from the perspective of microstate. EEG microstate employs the information of the entire time and
space of EEG to characterize the rapid spontaneous change of scalp potential with time12. Such this
approach can provide a more informative framework and global interpretability without any type of a priori
hypothesis13, in contrast with other EEG analysis techniques, which evaluate the brain’s electrical �eld in a
speci�c location (for example by a priori choice of electrodes of interest) or at determinate time intervals or in
speci�c frequency bands14. According to the microstate theory, EEG signals are composed of a series of
topographic maps with two remarkable properties12, 15: (1) EEG signals are composed of a large number of
topographic maps, but most EEG signals can be expressed with a small amount of topographic maps; (2)
before the transition from one topographic map to another, a single topographic map dominates with a
duration of about 80 to 120 milliseconds. These metastable states are microstates, which are described as
the basic components or "thought atoms" of human information processing. Therefore, the microstate
analysis method is more used to study human's cognition and thinking, as well as psychotic disorders15.
However, few researchers use it to study sleep, only the healthy subjects’ and narcolepsy patients’ sleep16, 17.
Brodbeck et al. found that healthy subjects had 4 microstates during the wakefulness and NREM sleep
stages16. Kuhn et al. found that narcoleptic patients in early NREM sleep had an additional microstate E
during the N3 phase17. Dose the microstates of EEG in OSA patients change? If the microstates change, is
there any correlation between microstate parameters and EEG markers such as power spectrum5, 6, 8, 9,
sample entropy7, 18, and DFA9, 10, 11?

Therefore, we hypothesized that there were abnormal microstates in OSA patients during sleep obstructive
apnea or obstructive hypopnea, and the microstate parameters were correlated with power spectrum, sample
entropy and DFA.

Results

OSA of sleep stages
OSA may occur at any time in the sleep cycle, and the number of OH/OA occurrences in 4 sleep stages in 30
OSA patients in Subgroup_I was counted, as shown in Table 1. OH/OA occurs more frequently in N1, N2 and
R stages, less in N3 stage, and least in W stages in Table 1. Patients with more OH/OA in N1 and N2 stages
also have more OH/OA in R stages, such as Sub61 and Sub80. However, patients with more OH/OA in R
stages may not have more OH/OA in N1 and N2 stages, such as Sub45, Sub73, Sub87, Sub96, and Sub97.
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Table 1
The number of OSA occurrences during each sleep stage of 30 OSA patients
Patient ID Number of OSA occurrences during each sleep stage

W-OH/OA N1-OH/OA N2-OH/OA N3-OH/OA R-OH/OA

Sub13 7 50 4 0 0

Sub15 1 8 13 14 3

Sub16 2 31 6 3 8

Sub17 0 16 23 9 13

Sub18 0 8 5 3 0

Sub21 0 41 35 0 0

Sub33 0 1 17 0 7

Sub37 0 23 18 0 4

Sub39 0 3 0 0 10

Sub45 0 6 6 1 43

Sub53 0 0 0 0 0

Sub58 0 4 0 0 9

Sub59 0 0 0 0 15

Sub61 0 34 51 5 52

Sub69 0 0 7 1 18

Sub72 0 1 1 0 0

Sub73 0 14 10 2 52

Sub74 0 12 16 0 31

Sub77 0 13 12 11 9

Sub78 0 1 2 0 2

Sub79 0 11 10 2 0

Sub80 3 66 54 1 49

Sub81 0 6 20 0 4

Sub87 0 3 7 0 56

Sub89 1 12 50 4 14

Sub90 0 2 0 0 11

Sub91 0 3 2 2 14
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Patient ID Number of OSA occurrences during each sleep stage

W-OH/OA N1-OH/OA N2-OH/OA N3-OH/OA R-OH/OA

Sub96 1 2 9 0 48

Sub97 1 13 7 6 29

Sub99 0 0 0 0 7

Sub100 0 12 11 0 9

Total 16 396 396 63 517

OSA Microstates
The microstate parameters of two groups are shown in Figs. 1 ~ 3 and Tables 2 ~ 3, and the p-value
corresponding to the independent sample t test is performed. Because there were additional microstates E in
N1-OH/OA and N3-OH/OA stages in OSA patients, and there was no corresponding microstate in healthy
controls, microstate E did not participate in independent sample t test. The statistical results showed that
except for Mean Duration of microstate C and D in N1-OH/OA stage (p = 0.029; p = 0.033) and Mean Duration
of microstate D in N3-OH/OA stage (p = 0.038) and Global Explained Variance of microstate A in R stage (p = 
0.028), there was no signi�cant difference in the remaining microstates.

The healthy controls have four similar microstates A, B, C and D in N1, N2, N3 and R stages (ignoring the
polarity of microstates19, 20, as shown in Fig. 1, which is similar to the previously reported microstate of sleep
EEG16, 17. The microstates of OSA patients are shown in Fig. 2. It could be seen that there are four microstates
similar to normal sleep stages, but the �fth microstate E (ignoring the polarity of microstate) appears in N1
and N3 stages. After �tting the microstates A, B, C, D and E back to the original EEG data, the microstate E
only exists in N1-OH/OA of sub13, sub18, sub21, sub39, sub61 and sub77, and N3-OH/OA of sub15, sub16
and sub17.

The calculated microstate parameters include: Global Explained Variance (GEV), Mean Duration (MeanDur),
Time Coverage (TimeCov), Segment Density (SegDensity) and Transition Probability (TP), as shown in
Table 2 ~ 3 and Fig. 3.

As can be seen from Tables 2 ~ 3, GEV of the microstates A, B, C and D in OSA patients is between
22.8%~26.0%, and GEV of microstate E is relatively low, only 2.3%~2.5%. The MeanDur of microstates A, B, C
and D is about 100 ~ 118 ms, while that of microstate E is 22.2 ~ 22.3 ms. Similarly, TimeCov and SegDensity
of microstates A, B, C and D are between 22.2 ~ 27.8%, respectively, while those of microstate E are
2.3%~2.9%. This shows that microstate E appears for a shorter time and accounts for a lower proportion of
EEG signals.

Except for extra microstate E in N1-OH/OA phase, MeanDur of microstates C and D in OSA patients are longer
than healthy controls (OSA vs. Control: 118.5 ± 38.9 vs. 110.0 ± 30.0; 112.6 ± 41.2 vs. 100.0 ± 0.0). And
MeanDur of microstate D in OSA patients was also longer than healthy controls in N3-OH/OA phase (OSA vs.
control: 118.1 ± 47.4 vs. 100.0 ± 0.0).
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From Fig. 3, in N1/N1-OH/OA stage, the transition probability of microstate C and D in healthy controls is
higher, while that of microstate A, B and E of OSA patients is higher, and the probability of transition from
microstate C to E in OSA patients is the smallest. In N2/N2-OH/OA stage, most of the curves in two groups
coincided, and the probability of transition from microstate B to C in healthy controls was the lowest, while
that in OSA patients was the largest. In N3/N3-OH/OA stage, the transition probability of microstate B, C and
D in healthy controls was higher, while the transition probability of microstate C, D and E in OSA patients was
higher, and the probability of transition from microstate B to E in OSA patients was the higher. In the R/R-
OH/OA stage, the curves of the two groups almost overlapped.

Table 2
Microstate parameters of healthy controls in each sleep stage

  Gev   MeanDur   TimeCov   SegDensity

Average S.D. Average S.D. Average S.D. Average S.D.

N1 A 23.7 2.3   100.0 0.0   24.0 2.0   24.0 2.0

B 23.5. 2.6 100.0 0.0 24.0 2.0 24.0 2.0

C 25.2 3.7   110.0 30.0   26.0 4.9   24.0 2.0

D 25.7 4.2   100.0 0.0   26.0 4.9   26.0 4.9

N2 A 24.8 0.4   100.0 0.0   25.4 1.1   25.3 1.1

B 24.8 0.3 110.0 30.0 25.4 1.1 23.9 3.2

C 25.1 0.5   110.0 30.0   25.4 1.1   23.9 3.2

D 23.7 3.2   100.0 0.0   23.9 3.2   23.9 3.2

N3 A 24.8 0.4   100.0 0.0   25.0 0.0   25.0 0.0

B 24.9 0.1   100.0 0.0   25.0 0.0   25.0 0.0

C 24.8 0.1   100.0 0.0   25.0 0.0   25.0 0.0

D 25.0 0.0   100.0 0.0   25.0 0.0   25.0 0.0

R A 25.9 3.0   111.1 31.4   26.7 4.7   24.4 1.6

B 24.2 1.9   100.0 0.0   24.4 1.2   24.4 1.6

C 24.1 2.0 100.0 0.0 24.4 1.2 24.4 1.6

D 24.4 1.6 100.0 0.0 24.4 1.2 24.4 1.6
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Table 3
Microstate parameters of OSA patients in each sleep stage. OSA patients have an additional microstate E in

N1-OH/OA and N3-OH/OA stages. Compared with microstates A, B, C and D, microstate E has lower GEV,
MeanDur, TimeCov, and SegDensity, only 2.3 ~ 2.5%, 22.2 ~ 22.3 ms and 2.3 ~ 2.9%.

  Gev   MeanDur   TimeCov   SegDensity

Average S.D. Average S.D. Average S.D. Average S.D.

N1-OH/OA A 23.2 3.0   100.0 0.0   23.9 2.9   23.9 2.9

B 22.8 4.0   100.0 0.0   23.5 3.8   23.5 3.8

C 24.0 3.3   118.5* 38.9   25.1 3.6   22.5 4.6

D 24.1 5.1 112.6* 41.2 24.5 5.7 22.5 4.6

E 2.5 4.8   22.2 41.2   2.9 5.4   2.9 5.3

N2-OH/OA A 24.1 2.3   103.6 18.6   24.7 2.7   24.1 2.6

B 25.0 3.6   105.1 19.8   25.9 4.6   24.7 1.9

C 24.0 2.1   100.0 0.0   24.7 1.9   24.7 1.9

D 24.6 2.5   103.6 18.6   24.7 2.7   24.1 2.6

N3-OH/OA A 24.9 0.3   100.0 0.0   25.3 1.0   25.3 1.0

B 23.6 3.0 100.0 0.0 24.0 3.1 24.0 3.1

C 24.0 3.1   100.0 0.0   24.0 3.1   24.0 3.1

D 26.0 3.6   118.1* 47.4   26.6 5.1   24.0 3.1

E 2.3 4.6   22.3 42.3   2.3 5.8   2.7 5.5

R-OH/OA A 26.7* 2.8   100.0 0.0   27.8 7.9   27.8 7.9

B 22.8 4.7 100.0 0.0 22.2 7.9 22.2 7.9

C 26.0 1.0   100.0 0.0   25.0 0.0   25.0 0.0

D 25.0 1.0   100.0 0.0   25.0 0.0   25.0 0.0

Stars represent signi�cant difference in �ve frequency bands between the two groups (Bonferroni
corrected: P* < 0.05, P** < 0.05).

Power spectrum, sample entropy and DFA of OSA patients
Through independent sample t-test, there is signi�cant difference between power spectrum of two groups in
beta band in N1 phase (P < 0.026), in sigma band in N2 phase (P < 0.02), in delta, theta and alpha band in N3
phase (P < 0.021; P < 0.047; P < 0.007), and in beta band in R phase (P < 0.021). And there are signi�cant
differences between sample entropy (p < 0.015; p < 0.045; p < 0.035; p < 0.036) and FDA (p < 0.005; p < 0.001; p 
< 0.005; p < 0.005) of OSA patients and healthy controls in four sleep stages.
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The power spectrum of two groups in the delta, theta, alpha, sigma and beta band in four stages is shown in
Fig. 4. It can be seen that the delta power spectrum of the two groups exceeds 50% in the range of 0.5 ~ 
32 Hz, but signi�cant difference only in N3-OH/OA phase (P < 0.021). Stars indicate p-values of the
independent sample t-test below the threshold for signi�cance (Bonferroni corrected, *p < 0.05, **p < 0.005) in
�ve bands of two groups in Fig. 4.

The sample entropy of two groups in four stages is shown in Fig. 5 (a). In the NREM stage, the sample
entropy of two groups from N1 to N2 to N3 decreases continuously, but increases in R phase. And the sample
entropy of OSA patients is lower than that of healthy controls (OSA vs. Control: 1.2 ± 0.01 vs. 1.4 ± 0.02 (N1);
1.03 ± 0.02 vs. 1.12 ± 0.01 (N2); 0.72 ± 0.02 vs. 0.81 ± 0.01 (N3); 0.91 ± 0.01 vs. 1.04 ± 0.01 (R)).

The scale index α of two groups in four stages is shown in Fig. 5(b), and its scale index is 0.5 < α < 1.0,
indicating that there is a long-range power-law correlation (with self-similarity of fractal dimension) in
segmented time series. The scale index α of OSA patients is higher than healthy controls in four sleep stages
(OSA vs. control: 0.90 ± 0.02 vs. 0.73 ± 0.02 (N1); 0.81 ± 0.01 vs. 0.74 ± 0.02 (N2); 0.90 ± 0.01 vs. 0.72 ± 0.02
(N3); 0.86 ± 0.01 vs. 0.80 ± 0.02(R)), and the scale index α of OSA patients in N1-OH/OA and N3-OH/OA
stages is higher than that in N2-OH/OA and R-OH/OA stages.

Figure 5 The sample entropy and scale index α of two groups in four stages. In the NREM stage, the sample
entropy of two groups from N1 to N2 to N3 decreases continuously, but increases in R phase. The sample
entropy of OSA patients is lower than that of healthy controls. The scale index α of OSA patients is higher
than healthy controls in four sleep stages, and the scale index α of OSA patients in N1-OH/OA and N3-OH/OA
stages is higher than that in N2-OH/OA and R-OH/OA stages. Stars represent signi�cant difference of two
groups (Bonferroni corrected: P* < 0.05, P** < 0.05).

Correlation between microstate parameters and power
spectrum, sample entropy and DFA of OSA patients
Using Pearson’s correlation analysis, the correlation between microstate parameters and power spectrum in
alpha band in OSA patients is shown in Table 4. It can be seen that only in N1-OH/OA stage, microstate E is
related to alpha power spectrum, and MeanDur of microstate E are negatively correlated (r=-0.430, p = 0.028).
In N1-OH/OA stage, microstate E is also related to delta and theta power spectrum, shown in Appendix A and
B. All microstate parameters in OSA patients are not related to sigma and beta power spectrum.

The microstate parameters in OSA patients are not correlated with sample entropy in four sleep stages, and
their p values are shown in Table 5.

The correlation between microstate parameters and DFA in OSA patients is shown in Table 6. Only in N1-
OH/OA stage, microstate C, D and E are related to DFA, SegDensity of microstate C and D are negatively
correlated (r=-0.425,p = 0.021; r=-0.425,p = 0.021), and GEV, MeanDur, TimeCov and SegDensity of microstate
E are all positively correlated (r = 0.394,p = 0.046; r = 0.396,p = 0.045;r = 0.416,p = 0.045; r = 0.416,p = 0.045).
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Table 4
The correlation between microstate parameters and alpha power spectrum in OSA patients. Only in N1-

OH/OA stage, MeanDur of microstate E is related to alpha power spectrum.
  Gev MeanDur TimeCov SegDensity

Correlation
coe�cient

p-
Value

Correlation
coe�cient

p-
Value

Correlation
coe�cient

p-
Value

Correlation
coe�cient

p-
Value

N1-
OH/OA

A -0.337 0.092 -0.359 0.072 -0.332 0.097 -0.332 0.097

B 0.096 0.64 .a .a 0.021 0.919 0.021 0.919

C 0.165 0.421 .a .a 0.113 0.583 0.113 0.583

D 0.37 0.063 0.054 0.792 0.328 0.101 0.38 0.056

E -0.042 0.840 -0.430* 0.028 -0.164 0.424 0.38 0.056

N2-
OH/OA

A 0.023 0.914 -0.066 0.753 0.009 0.965 0.089 0.672

B 0.005 0.982 -0.066 0.753 0.009 0.965 0.089 0.672

C 0.032 0.879 0.024 0.91 -0.007 0.975 -0.010 0.961

D -0.02 0.926 .a .a -0.010 0.961 -0.010 0.961

N3-
OH/OA

A -0.417 0.177 0.202 0.529 -0.143 0.658 -0.308 0.330

B -0.400 0.198 -0.394 0.205 -0.353 0.260 0.426 0.167

C 0.160 0.619 .a .a 0.143 0.658 0.143 0.658

D 0.141 0.662 .a .a 0.143 0.658 0.143 0.658

E 0.202 0.529 0.202 0.529 0.202 0.529 0.202 0.529

R-
OH/OA

A 0.023 0.914 -0.066 0.753 0.009 0.965 0.089 0.672

B -0.058 0.781 .a .a -0.121 0.565 -0.160 0.436

C 0.154 0.463 .a .a 0.143 0.496 0.143 0.496

D 0.141 0.662 .a .a 0.143 0.658 0.143 0.658

* There was signi�cant correlation at 0.05 level (bilateral).

.a Cannot be evaluated because at least one variable is constant.
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Table 5
The correlation between microstate parameters and sample entropy in OSA patients. The microstate

parameters are not correlated with sample entropy in four sleep stages.
  Gev MeanDur TimeCov SegDensity

Correlation
coe�cient

p-
Value

Correlation
coe�cient

p-
Value

Correlation
coe�cient

p-
Value

Correlation
coe�cient

p-
Value

N1-
OH/OA

A 0.021 0.917 -0.009 0.965 -0.003 0.987 -0.003 0.987

B 0.099 0.631 .a .a 0.071 0.729 0.071 0.729

C 0.105 0.611 .a .a 0.102 0.619 0.102 0.619

D 0.031 0.879 0.061 0.937 0.020 0.921 0.023 0.913

E -0.118 0.566 -0.099 0.63 -0.19 0.352 0.023 0.913

N2-
OH/OA

A 0.125 0.551 0.093 0.659 0.131 0.533 0.027 0.899

B 0.092 0.660 0.093 0.659 0.131 0.533 0.027 0.899

C -0.132 0.53 -0.049 0.818 -0.111 0.598 -0.105 0.616

D -0.131 0.533 .a .a -0.105 0.616 -0.105 0.616

N3-
OH/OA

A -0.218 0.496 0.182 0.572 -0.067 0.837 -0.252 0.430

B -0.273 0.391 -0.272 0.393 -0.235 0.463 0.307 0.332

C 0.097 0.764 .a .a 0.067 0.837 0.067 0.837

D 0.063 0.846 .a .a 0.067 0.837 0.067 0.837

E 0.182 0.572 0.182 0.572 0.182 0.572 0.182 0.572

R-
OH/OA

A -0.132 0.53 .a .a 0.067 0.837 0.067 0.837

B 0.097 0.764 .a .a -0.121 0.565 -0.160 0.436

C 0.154 0.463 .a .a 0.143 0.496 0.143 0.496

D -0.131 0.533 .a .a 0.061 0.859 0.061 0.859

.a Cannot be evaluated because at least one variable is constant.
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Table 6
The correlation between microstate parameters and FDA in OSA patients. Only in N1-OH/OA stage, microstate

C, D and E are related to DFA.
  Gev MeanDur TimeCov SegDensity

Correlation
coe�cient

p-
Value

Correlation
coe�cient

p-
Value

Correlation
coe�cient

p-
Value

Correlation
coe�cient

p-
Value

N1-
OH/OA

A -0.205 0.315 .a .a -0.213 0.297 -0.213 0.297

B -0.160 0.436 .a .a -0.081 0.693 -0.081 0.693

C -0.366 0.066 0.24 0.237 -0.295 0.143 -0.452* 0.021

D -0.066 0.749 0.332 0.098 -0.038 0.853 -0.452* 0.021

E 0.394* 0.046 0.396* 0.045 0.416* 0.035 0.416* 0.035

N2-
OH/OA

A 0.163 0.437 0.081 0.701 0.143 0.496 0.054 0.799

B -0.121 0.565 -0.113 0.591 -0.145 0.49 -0.058 0.781

C 0.002 0.991 .a .a -0.058 0.781 -0.058 0.781

D 0.154 0.463 0.081 0.701 0.143 0.496 0.054 0.799

N3-
OH/OA

A -0.717 0.614 .a .a -0.061 0.859 -0.061 0.859

B 0.116 0.735 .a .a 0.061 0.859 0.061 0.859

C 0.061 0.859 .a .a 0.061 0.859 0.061 0.859

D -0.042 0.903 -0.061 0.859 -0.061 0.859 0.061 0.859

E 0.006 0.748 0.332 0.087 0.143 0.496 0.054 0.799

R-
OH/OA

A 0.163 0.437 .a .a 0.154 0.463 0.154 0.463

B -0.058 0.781 .a .a -0.121 0.565 -0.160 0.436

C 0.154 0.463 .a .a 0.143 0.496 0.143 0.496

D 0.116 0.735 .a .a 0.061 0.859 0.061 0.859

* There was signi�cant correlation at 0.05 level (bilateral).

.a Cannot be evaluated because at least one variable is constant.

Discussion
We compared the microstate, power spectrum, sample entropy and DFA in four sleep stages between OSA
patients and healthy controls. We found that OSA patients had an additional �fth microstate E in N1-OH/OA
and N3-OH/OA stages, and microstate E was related to delta, theta and alpha power spectrum and DFA in N1-
OH/OA stage.
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As shown in Table 1, OSA may occur in any stage of sleep cycle, but the number of OH/OA occurrences in N1
and N2 stages is more than that in N3 stage. The pathogenesis of OSA is upper airway stenosis and
obstruction3. Breathing can stop temporarily for ten seconds or even several minutes, and it can happen
hundreds of times a night, leading to hypooxia, which makes the patient wake up suddenly and is di�cult to
enter deep sleep. Therefore, because the frequent occurrence of OH/OA causes the patient to repeatedly
switch between light sleep stage (N1, N2) and wakefulness, it is di�cult to enter the deep sleep stage (N3).

Microstate re�ects the instantaneous state of the brain, and can identify discontinuous and nonlinear
changes of global functional brain state under very high temporal resolution12, 15. It has been found that four
canonical microstates A, B, C and D are related to the activities of the posterior cingulate cortex21. Combined
fMRI-EEG imaging studies have shown that the neural components that generate microstates overlap with the
resting-state network independently recognized by fMRI22, 23, 24. Brodbeck et al. investigated wakefulness and
NREM sleep of healthy subjects, and found that microstate C was dominant in W, N1 and N3 stages, while
microstate B was dominant in N2 stage. With the increase of sleep depth, the parameter GEV of microstate D
gradually decreased16. Kuhn et al. investigated early NREM sleep of narcoleptic patients, and found that
microstate C and D were dominant in N1 stage, microstate D was still dominant in N2 and N3 stages, and an
extra microstate E appeared in N3 stage17. The authors thought that the occurrence of extra microstate E in
N3 stage indicated that the corresponding neural network activity was unstable and led to fragmented sleep
structure17.

Through the microstate analysis in four sleep stages in OSA patients and healthy controls, we found that OSA
patients had an additional �fth microstate E in N1-OH/OA and N3-OH/OA stages, and the duration of
microstate C and D was longer. The possible reason is that due to the frequent occurrence of OH/OA, the
activity of the neural network that generates microstates C and D is unstable or has changed in N1-OH/OA
and N3-OH/OA stages, which in turn splits the microstate E. The GEV of microstate E is low, only 2.3 ~ 2.5%,
and MeanDur is also short, 22.2 ~ 22.3 ms. After �tting the microstates A, B, C, D and E back to the original
EEG signals, we found that the microstate E only existed on a few patients' EEG signals. This shows that the
probability of occurrence of microstate E is lower and the variability is relatively large among different
subjects. In addition, we found that OSA patients had an additional microstate E in N1-OA/OH and N3-OA/OH
stages, but microstate E in N1-OA/OH stage was related to delta, theta and alpha power spectrum and DFA,
not related in N3-OA/OH stage. The possible reason is that the OSA patients we screened have large
differences among individuals or because our sample size is too small, resulting in insu�cient statistical
power. In future studies, increasing the sample size of OSA patients may be able to further verify this result.

There were previous studies on the difference of wakefulness EEG power between OSA patients and healthy
controls8, 9, but there were few studies on the changes of sleep EEG power in OSA patients. Delta rhythm (0.5 
~ 4.5 Hz) mainly occurs in deep sleep or coma, during which human is di�cult to wake up, and human’s
cortical activities lose sensory input, that is, the separation of cortical activity and thalamic activity. We found
that the delta band power of OSA patients in N3-OA/OH was higher than healthy controls (P < 0.021).
Grenèche and D’Rozario also found delta band power increased in OSA patients in wakefulness state8, 9.
These studies show that delta power increases in OSA patients both in wakefulness and sleeping states.
Monegro et al. investigated delta power in OSA patients before and/or after therapy with Continuous Positive
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Airway Pressure (CPAP), and found that there was an overall decrease in delta power in patients with a higher
Respiratory Disturbance Index (RDI) after CPAP25. These studies show that hypoxia is related to the changes
of brain delta power. It is known that there is a coupling relationship between neuroelectrophysiology and
hemodynamics, and the cerebral blood �ow and intracranial pressure increase in OSA patients due to a
certain degree of hypoxia, which may cause delta power increase. The cerebral hypoxia is relieved after CPAP,
and the relief effect is more obvious for patients with higher RDI. In addition to hypoxia, EEG changes are also
related to age, including increased slow wave and lower alpha power26, so the slower EEG in OSA patients
may not only be caused by sleep disorders, but may also be related to age9. In our study, the age information
of 10 healthy subjects is missing in the ISRUC-Sleep data set, so further analysis of age factors is not
possible.

Beta rhythm (the frequency range of beta rhythm in some literatures is 13 ~ 30 Hz, which is divided into
sigma (12 ~ 15 Hz) and beta (15 ~ 32 Hz) in this study) mainly appears in the active state of brain such as
active thinking. In the late stage of light sleep (N1), low-amplitude beta waves may appear. In our study, the
beta power of OSA patients was lower than healthy controls in N1-OA/OH stage (P < 0.026), and sigma power
of OSA patients was lower than healthy controls in N2-OA/OH stage. Grenèche et al. found that the beta
power of wakefulness EEG in OSA patients was higher than healthy subjects, but in their study, OSA patients
were during resting state and did not move or imagine movement8. D’Rozario et al. did not report beta band
power 9. Previous studies show that beta rhythms decrease (i.e., event-related desynchronization (ERD))
during movement imagery, movement preparation and movement execution27. We infer that OSA patients
during the N1 and N2 stages with frequent apneas, by changing their body posture to relieve the discomfort
caused by apneas, and thus show a decrease in beta power.

Through Pearson correlation analysis, microstate E was related to delta, theta and alpha power in N1-OH/OA
stage, and the sigma and beta power were independent of all microstates in all sleep stages. Previous studies
revealed no conclusive results concerning the association of the four EEG microstate classes with speci�c
power spectral distributions22, 23. However, Milz et al. investigated head-surface localization- or source-
dependent power effects on the occurrence of the EEG microstate classes, and found that the EEG microstate
topography was predominantly determined by intracortical sources in the alpha band28. Croce et al.
investigated EEG microstates associated with intra- and inter-subject alpha variability, and observed an
increase in the metrics of microstate B, with the level of intra-subject amplitude alpha oscillations, together
with lower coverage of microstate D and a higher frequency of microstate C29. Although their study found the
relationship between alpha power and microstate metrics, the authors also pointed out that there was no
speci�city for alpha power. The modulation effect on microstate metrics is not unique to the alpha band. It
may be caused by �uctuations in other frequency bands29. Therefore, we can infer that when apnea occurred
in N1 and N3 stages, the intensity and spatial distribution of alpha activity in the cortex changed, which
induced microstate E. Or because of the mediation by alpha band and the dynamic interaction with other
bands (such as delta, theta bands), the original scalp potential distribution is changed, and an additional
microstate E is generated.

Sample entropy is an improved method for measuring the complexity of time series, and it has applications in
evaluating the complexity of physiological time series and diagnosing pathological state18, 30, 31. Zhou et al.
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found that the sample entropy of sleep apnea syndrome patients was lower than that of healthy controls in
each sleep stage7. We found that the sample entropy of OSA patients was lower than healthy controls in four
sleep stages (P < 0.05). According to the dynamic theory of entropy, the greater the entropy is, the higher the
complexity of the sequence. Low entropy indicates that the data is highly predictable and regular, while high
entropy indicates that the data is chaotic and unpredictable. Meaningful and complex data have intermediate
entropy. When human is awake, the brain receives information from the outside world and is still carrying out
complex thinking activities, and the neurons are active, therefore EEG signals present complex randomness.
With the deepening of sleep, the activity of neurons in the brain gradually decreases and the synchronization
orderly increases. The EEG signals show more regular characteristics of self-regulation, of which the
complexity decreases. In REM stage, along with physiological activities such as dream and eye rotation, the
brain nerve activity increases and the EEG complexity increases7. Therefore, the change of sample entropy
re�ects the physiological mechanism of sleep, as shown in Fig. 5 (a). The sample entropy of OSA patients is
lower than healthy controls. The possible reason is that brain hypoxia or other pathological conditions
caused by OSA have a signi�cant impact on brain nerve activity, resulting in a signi�cant decrease in the
activity and complexity of brain cells7.

Through Pearson correlation analysis, our results showed that the microstate parameters GEV, MeanDur,
TimeCov and SegDensity in OSA patients were not correlated with the sample entropy in four sleep stages,
and their p values are shown in Table 5. Murphy et al. employed sample entropy to calculate the complexity
of the microstate sequence over the entire template length in subjects with psychotic disorders18. They
thought that the transition of microstate was independent of the duration of microstate, so they deleted the
information of microstate duration. In this way, the microstate sequence was compressed. Their results
showed that there was no correlation between sequence length and entropy in psychiatric patients and
healthy controls, and there was no statistically signi�cant correlation between entropy and microstate
duration at any pattern length of sample entropy18. While our study showed that sample entropy was not only
independent of the duration of microstates, but also irrelevant to GEV, TimeCov and SegDensity of
microstates. The difference was that Murphy et al. calculated the sample entropy on the compressed
microstate sequence with template length m = 3 ~ 10, while we calculated the sample entropy on the
preprocessed EEG signal with template length m = 2. Although these studies differ in details, they all show
that the microstate sequence has nothing to do with the complexity of EEG signals.

EEG signal has a long-term correlation of dynamic oscillation characteristics32, 33. Detrended �uctuation
analysis (DFA) quanti�es the time-domain �uctuation of time series by power-law method, and describes the
scaling behavior or long-range correlation of time series with scale index, which is suitable for studying the
correlation of long-range power-law functions of various unstable time series. Our study showed that the
scale index of OSA patients and healthy controls was 0.5 < α < 1.0, which indicated that there was a long-
range power-law continuous correlation of EEG signal (with self -similarity of fractal dimension). The scale
index α of OSA patients was higher than healthy controls in four sleep stages, and the scale index α of OSA
patients in N1-OH/OA and N3-OH/OA was higher than that of N2-OH/OA and R-OH/OA, as shown in Fig. 5 (b).
D’Rozario et al. found that the DFA of the OSA patients was higher than healthy controls with eyes opening
and closing, and the DFA of the two groups with eyes opening was higher than that with eyes closing9. Our
study results were basically consistent with theirs. From the fractal dynamics, when the scale index α is
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between 0.5 and 1, the larger the value is, the stronger the self-similarity regularity of the signal is, which
means that the information entropy is lower (when the value is 1, it is 1/f noise); conversely, the smaller the
value is, the stronger the randomness of the signal is, which means that the information entropy is higher
(when the value is 0.5, it appears as white noise) 34. This indicates that the EEG signals of OSA patients have
stronger self-similar regularity than healthy controls, especially in N1-OH/OA and N3-OH/OA stages. The
oscillation mode is smoother, which may be caused by abnormal changes of brain activity conversion in OSA
patients in these two stages. The reasons for the differences in the long-range power function correlations of
EEG signals in different populations and in different physiological and pathological states have not been fully
clari�ed. Some studies have speculated that this was related to the special mechanism of neural oscillation.
The differences in scale behavior or long-range correlation re�ect that neuronal oscillations may be affected
by special mechanisms related to their origin33.

Through Pearson correlation analysis, our results showed that microstate C, D and E were correlated with DFA
in OSA patients in N1-OH/OA stage, and GEV, MeanDur, TimeCov and SegDensity of microstate E were
positively correlated with DFA. Previous studies have shown that the microstate of healthy subjects exhibit
scale-free and self-similar dynamic characteristics 35. Murphy et al. carried out fractal analysis on the
microstate of psychiatric patients, and found that the microstate sequence has a long-term time-dependent18.
This shows that the microstate is the same as the scale index α, which re�ects the self-similarity of EEG
signals.

At present, there is no simple and effective EEG biomarker that can re�ect the negative impact of OSA on the
brain, although D’Rozario et al. have shown that the DFA scale index has the potential as an EEG biomarker of
neurobehavioral damage9. However, their study only compared DFA and power spectrum, and lacked
comparative analysis with other EEG biomarkers (such as sample entropy, microstate, etc.). In addition, they
only considered the single scene of simulated driving, and lacked the research on sleep EEG and its
prognostic value. In our study, the sleep EEG of OSA patients was analyzed by the microstate method and the
correlation analysis with power spectrum, sample entropy and DFA was carried out, and the additional
microstate E was found, which was related to the power spectrum of delta, theta and alpha bands and DFA.
This shows that the microstate also has the potential as a biomarker of OSA EEG. Zappasodi el al.
investigated prognostic value of EEG microstates in acute stroke, and found that a preserved microstate B in
acute phase correlated with a better effective recovery36. Therefore, whether there is a correlation between
microstate and OSA score and whether it has prognostic value for OSA patients is our next research work.

Finally, fewer EEG channels were emplyed for the microstate analysis in our study, only 6 channels37, but
previous studies have demonstrated that canonical microstate topographic maps are not limited by low
spatial sampling18, 38. In the past 20 years, researchers have conducted many studies using microstate
analysis, exploring the topography, duration, frequency and transition probability of microstates. But the
interpretation of these studies is complicated by the small sample size and the differences in analytical
techniques. Even in the study of canonical four microstates, there are major differences regarding the
microstate topographic maps, especially for microstates C and D39. Michel et al. considered that the number
of topographic map should not be a �xed value (for example, 4), but the optimal number of topographic map
should be estimated according to the speci�c situation of data sets39. Therefore, the results of microstate
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analysis, especially the number of microstates generated, should be treated with caution. The limitation of
this study is that the sample size is limited. OSA patients with other complications and taking drugs were
excluded in our study. Whether these two types of patients affect the conclusion of this paper needs further
study.

Methods

Data sources
The polysomnography (PSG) recordings come from an open-access sleep dataset, ISRUC-Sleep
(http://sleeptight.isr.uc.pt/ ISRUC_Sleep). The data were obtained from healthy subjects, subjects with sleep
disorders, and subjects under the effect of sleep medication (i.e., Subgroup_I, Subgroup_II, Subgroup_III), from
all-night PSG records, each with duration around 8 h, which were acquired by the Sleep Medicine Centre of the
Hospital of Coimbra University (CHUC)37. All EEG, EOG, and EMG (chin) recordings were performed with a
sampling rate of 200 Hz and stored into computer �les using the standard EDF data format. The PSG
recordings were composed by signals from 19 channels, of which EEG signal had 6 channels (F3, C3, O1, F4,
C4 and O2). All recordings were segmented into epochs of 30 s and visually labeled by two experts according
to the guidelines of AASM40, with the stages: awake (W), NREM (including N1, N2 and N3) and REM
(abbreviated as R) sleep. Our dataset came from 30 OSA patients (excluding patients with other
complications and taking medications) form Subgroup_I and 10 healthy subjects form Subgroup_III.

EEG data pre-processing
EEG signals were pre-processed with the EEGLAB toolbox for MATLAB, which were re-referenced to the
common average reference, high-pass �ltered with a 0.1 Hz zero-phase FIR �lter, low-pass �ltered with a
45 Hz zero-phase FIR �lter, and down-sampled to 100 Hz. EEG signals were inspected for artifacts with a
procedure based on Independent Components (ICs) using ADJUST plug-in41. IC scalp maps and frequency
spectra were inspected, and ICs that displayed features indicative of artifacts were removed42.

For OSA patients, EEG epochs were extracted for each patient when labeled OH (Obstructive Hypopnea) or OA
(Obstructive Apnea). For healthy controls, epochs were extracted from each healthy subject in each sleep
stage (W, N1, N2, N3 and R). An epoch lasted for 30 s, and 10 epochs were extracted in each sleep stage.

Microstate analysis
Microstates re�ect the instantaneous state of the brain, and can identify global functional brain states at very
high temporal resolution. EEG microstates were extracted from each subject with the CARTOOL software19 by
using a polarity-insensitive K-means algorithm in each epoch. The optimal number of microstates was
determined by means of a combination of cross-validation and the Krzanovski-Lai criteria13. The same
number of microstates was retained for each subject. The microstate maps of each subject were then
submitted to a second cluster analysis in order to identify the dominant maps across the subjects43.
Statistical smoothing was applied to remove temporally isolated topographic maps with low explanatory
power. Clusters that correlated above 90% were merged, and segments shorter than 10 ms were rejected. The
reference maps were selected as those that highly spatially correlated with the other maps in the same
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cluster. The microstate maps of each subject were matched with the reference maps showing the higher
spatial correlation.

Power spectral analysis
Previous research has shown that power spectrum analysis of wakefulness EEG is helpful to detect human's
alertness44, 45, 46. Greneche et al. have compared the power spectrum of wakefulness EEG between OSA
patients and healthy controls8, but we focused on the power spectrum of sleep EEG between OSA patients
and healthy controls. After artefactual epochs were rejected, power spectrum was obtained using a standard
fast Fourier transform (FFT) with a rectangular weighting window47, for each non-overlapping 5 s epoch of
EEG, i.e., 500 data points 9, 10. Absolute power spectra was calculated in the delta, theta, alpha, sigma and
beta bands in each frequency ranges of 0.5 ~ 4.5, 4.5 ~ 8, 8 ~ 12, 12 ~ 15 and 15 ~ 32 Hz. Power spectrum in
each sleep-staged 30 s epoch was calculated by averaging data from 6 5 s epochs. Absolute power spectrum
was used to calculate to power density. For example, delta power density is equal to absolute power in the
0.5 ~ 4.5 Hz frequency range divided by the sum of absolute powers in 0.5 ~ 32 Hz frequency ranges.

Sample entropy analysis
Sample entropy is a method to measure the complexity of time series, which has been successfully applied in
the analysis of physiological signals, such as heart rate, blood pressure, EEG, etc.. Its calculation results are
related to the selection of parameters m, r and n48. (1) The embedding dimension m represents the length of
the sequence. Generally, m is set to 1 or 2, because when m > 2, the amount of data n is required to be more
than several thousand points48. (2) The physical meaning of threshold r is the radius of super ball with
dimension m, which is a parameter to measure the similarity of time series, which can be set according to the
needs of speci�c problems. Pincus believed that when r was set to (0.1 ~ 0.25) × SD (SD was the standard
deviation), and the effective statistical characteristics could be obtained48. (3) The input data point n is set to
100 ~ 5000 in order to get effective statistical characteristics and small pseudo error for the given data.
Therefore, in our study, we took m = 2, r = 0.2SD and n = 1000.

Detrended �uctuation analysis
Detrended �uctuation analysis (DFA) is widely used to analyze the long-range correlation of various unsteady
signals, such as ECG, EEG, DNA sequence, weather signal, turbulence velocity and temperature �eld. DFA is an
improved root mean square analysis method, which has two advantages over the commonly used fractal
analysis methods: (1) it can detect the self-similarity of time series signal that seems to be unstable but is
inherently self-similarity; (2) it can avoid the obvious self-similarity trend caused by external factors49.

The function relationship curve of the DFA wave function F(s) and the interval length s is drawn in double
logarithmic coordinates, then the slope of the curve by linear �tting is calculated, which is the scale index α.
The scale index α provides a quantitative index for the correlation of the long-range power function. If α < 0.5,
it means that the segmented time series are independent of each other; if 0.5 < α < 1.0, it means that the
segmented time series have continuous correlation in the form of long-range power rate (with self-similarity
of fractal dimension); if α = 1, it indicates that the segmented time series �uctuate in the form of 1/f noise; if
1.0 < α < 1.5, it means that the segmented time series do not have long-range correlation; if α = 1.5, it indicates
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that the segmented time series are Brownian noise, that is, they are random independent. In our study, we took
the data length n = 1000, and divided the sequence into 80 non-overlapping segments, and the corresponding
data lengths were 10, 15, 20, …, 405 34

Statistical analysis
In order to compare the difference of EEG signals between OSA patients and healthy controls, independent
sample t test was conducted on the signi�cance level of microstate parameters, power, sample entropy and
FDA between the two groups, and Bonferroni corrected. In addition, Pearson correlation test was used to
verify the correlation between microstate parameters and power, sample entropy and FDA. All statistical
analyses were performed using IBM SPSS statistics, version 21 (IBM Corp., Armonk, NY, USA), and P < 0.05
was considered statistically signi�cant.
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Figure 1

Microstates of normal W, N1, N2, N3 and R sleep stages. Healthy controls have four similar microstates A, B,
C and D in four sleep stages.
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Figure 2

Microstates of OSA patients in sleep stages of N1-OH/OA, N2-OH/OA, N3-OH/OA, R-OH/OA. OSA patients
have four microstates similar to healthy controls, but there is an additional microstate E in N1-OH/OA and N3-
OH/OA stages.
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Figure 3

Transition probabilities (TPs) in two groups. For the maps given at the top of a column the transition
probability to each of the maps at the bottom is given on the ordinate axis (healthy controls in blue for N1, N2,
N3 and R stages, OSA patients in red for N1-OH/OA, N2-OH/OA, N3-OH/OA and R -OH/OA stages).
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Figure 4

The power spectrum of two groups in the delta, theta, alpha, sigma and beta band in four sleep stages. Stars
represent signi�cant difference in �ve bands of two groups (Bonferroni corrected: P* < 0.05, P** < 0.05).
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Figure 5

The sample entropy and scale index α of two groups in four stages. In the NREM stage, the sample entropy of
two groups from N1 to N2 to N3 decreases continuously, but increases in R phase. The sample entropy of
OSA patients is lower than that of healthy controls. The scale index α of OSA patients is higher than healthy
controls in four sleep stages, and the scale index α of OSA patients in N1-OH/OA and N3-OH/OA stages is
higher than that in N2-OH/OA and R-OH/OA stages. Stars represent signi�cant difference of two groups
(Bonferroni corrected: P* < 0.05, P** < 0.05).
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