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Abstract The study of sleep has continued to garner
increased attention. However, most studies assume sta-
tionarity of sleep electroencephalogram (EEG) signals,
whereas they are typically nonlinear and nonstation-
ary. Little work has focused on the time irreversibility
of sleep EEG signals. Hence, the aim of this work is
to reveal the temporally irreversible structures of rapid-
eye-movement (REM) and non-REM sleep using a vis-
ibility algorithm, which is robust to nonstationarity and
finite-size effect. Results show that the temporal struc-
ture of non-REM sleep is more irreversible than that
of REM sleep. The degree of irreversibility is highest
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in slow-wave sleep. Moreover, statistical analysis sug-
gests that aging is the major factor that affects the irre-
versibility of sleep signals, while gender and bodymass
index contribute insignificantly. The dominant role of
slow oscillations on the irreversible structures of the
sleep signals is also indicated.

Keywords Visibility graph · Time irreversibility ·
EEG · Sleep stage · Empirical mode decomposition ·
NARMA

1 Introduction

A stationary process xt is said to be statistically time
reversible if for any N , the time series {xt1 , xt2 , . . . , xtN }
has the same joint probability distribution to its time
reversed series {xtN , xtN−1 , . . . , xt1} [1,2]. Therefore,
time reversibility usually implies stationarity and lin-
earity, while time irreversibility indicates the presence
of nonlinearity in the underlying dynamics. Nonsta-
tionary processes are infinitely time irreversible by def-
inition. Nevertheless, in reality, the concept of time
reversibility reduces to the equivalence between for-
ward and backward statistics. Hence, irreversibility is
often used as a synonym for asymmetry.

Time irreversibility analysis detects nonlinear
dynamics that is characterized by a temporal asym-
metry [3]. In statistical physics, time irreversibility is a
fundamental property of nonequilibrium systems [4,5].
It provides an effective way to detect the complexity
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of nonequilibrium systems. In last decades, a number
of works investigated the irreversibility of time series
fromdifferent perspectives [6–17].However, the fulfill-
ment of stationarity is required in every case, which has
further stimulated the propose of algorithms to quan-
tify the degrees of irreversibility in nonstationary pro-
cesses. The visibility graph (VG), which maps a time
series into a graph, has been introduced as en efficient
measure of quantifying the degree of time irreversibil-
ity of a nonstationary series [18–21].More importantly,
the VG takes into account global information and mul-
tiple scales, which enables its practical application in
complex finite-size signals from the real world. So far,
it has been applied to the irreversibility analysis of
financial data, heartbeat dynamics analysis and auto-
matic discrimination of sleep stages, etc [22–31]. In this
work, the VG approach is utilized to analyze the time
irreversibility of sleep electroencephalograms (EEGs).

In the early days, sleep stagingwas scored according
to the rules of Rechtschaffen and Kales (R&K), which
discretized every consecutive 30s of sleep EEGs into
three main sleep states, i.e., wakefulness, rapid-eye-
movement (REM) sleep and non-rapid-eye-movement
(non-REM) sleep, with non-REM sleep further divided
into four stages from the lightest stage 1 to the deep-
est stage 4 (N1–N4) [32]. Stages N3 and N4 are usu-
ally termed as slow-wave sleep (SWS) [33]. Recently,
the ability to accurately describe the highly structured
dynamics of sleep EEGs has become a major goal in
bothmedical and theoretical areas [34].However, to the
best of our knowledge, while there are lots of studies on
sleep, only a few have focused on the nonlinear dynam-
ics of sleep EEGs [35–51]. More importantly, the time
irreversibility analysis of sleep EEGs has largely been
ignored. Hence, in this work, we aim to reveal the irre-
versible structures of sleep EEG signals across differ-
ent sleep states using the VG approach, in an effort
to try to properly characterize the nonlinear dynam-
ics of sleep signals. Obtained results suggest that stage
SWShas the highest degree of irreversibility among the
R&K sleep stages. The degree of irreversibility signif-
icantly decreases with aging. The signals are further
decomposed to find the components dominating the
irreversible structures. It turns out that slow oscilla-
tions that fall into the low-frequency band are of great
importance.

The remaining part of this work is organized as fol-
lows. Section 2 briefly introduces the methodology.
In Sect. 3, the results for the irreversibility analysis

of sleep EEGs are presented. Section 4 gives the dis-
cussion and conclusion. In “Appendix”, the nonlinear
autoregressivemoving averagemodel is applied to esti-
mate the nonlinear degree of sleep EEG signals.

2 Methods

2.1 Visibility graph

Let S = {x1, . . . , xN } be a real-valued time series of N
data points. A visibility graph (VG) [20,21] is a graph
of N nodes, where each node i ∈ [1, N ] is labeled by
the time order of its corresponding datum xi . Hence, a
VG is obtained from the mapping of a time series into a
network according to the following visibility criterion:
two arbitrary nodes i , j (assume i < j without the loss
of generality)will have visibility, and consequentlywill
become two connected nodes of the associated graph,
if and only if

xk < xi + (x j − xi )
k − i

j − i
, ∀k : i < k < j. (1)

A link between i and j generates an outgoing link for
i and an ingoing link for j . Thus, the degree sequence
{k(t)}Nt=1, where k(t) is the degree of the node i =
t , is split into an ingoing degree sequence {kin(t)}Nt=1
and an outgoing degree sequence {kout(t)}Nt=1, such that
k(t) = kin(t) + kout(t). Correspondingly, the ingoing
and outgoing degree distributions of a directed VG can
be defined as the probability distributions of kin and kout
of the graph, i.e., Pin(k) ≡ P(kin = k) and Pout(k) ≡
P(kout = k), respectively. A time series S is said to be
VG reversible if and only if, for large N ,

Pin(k1, k2, . . . , kp) = Pout(k1, k2, . . . , kp), (2)

which implies that the statistics of the degree sequences
are statistically invariant under time reversal.

2.2 Quantification of time irreversibility

Kullback–Leibler divergence (KLD) was introduced in
information theory as ameasure to distinguish between
two probability distributions [19,52]. For two proba-
bility mass functions p = (p1, p2, . . . , pn) and q =
(q1, q2, . . . , qn), the KLD between them is defined as

D(p‖q) =
n∑

i=1

pi log
pi
qi

, (3)
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which is zero if and only if probability distributions p
and q are identical and it is positive otherwise. There-
fore, the more distinguishable p and q are, the larger
D(p‖q) is. Note that D(p‖q) is defined for p and q
only if qi > 0 for all i and if there is a one-to-one
correspondence between the elements of p and q; oth-
erwise, it diverges. Hence, a small biasing procedure
that prevents any of the probabilities from being zero
is usually adopted in practice [53].

In statistical physics, a remarkable identity has been
found between statistical reversibility and physical dis-
sipation via the KLD [53,54]. Therefore, under the def-
inition of VG irreversibility, the time irreversibility of
series is quantified by the KLD between the ingoing
and outgoing degree distributions D(Pin‖Pout). ForVG
reversible processes, D(Pin‖Pout) will tend to zero as
the data length n → ∞, whereas for truly irreversible
processes, D(Pin‖Pout) will converge to a finite value
[18–20]. Themore D(Pin‖Pout) deviates from zero, the
stronger the time irreversibility of the series. Note that
finite-size time series always yield finite D(Pin‖Pout),
which can be used in practice to classify different types
of time series or to compare the degree of irreversibil-
ity for finite samples [20]. Moreover, the presence of
irreversibility can be verified by comparing finite irre-
versibility values with those of reversible surrogates
[15,16,18]. Here, irreversibility refers to finite-size
irreversibility.

2.3 Empirical mode decomposition

Empirical mode decomposition (EMD) is a data-driven
technique, which can efficiently decompose nonsta-
tionary and nonlinear data into a finite number of intrin-
sic mode functions (IMFs) and a residual [55]. Namely,
the series x can be represented as x = ∑k

i=1 ci + r ,
where k is the total number of extracted IMFs, ci
denotes the i th IMF and r is the residual. The first IMF
has the fastest oscillations and highest frequency, and
so forth. Moreover, the decomposition is local, com-
plete and practically orthogonal. Thus, it is usually
used to detrend, denoise and extract influential infor-
mation from the signal through the oscillations of IMFs
[56–58]. It is generally believed that IMFs with higher
energy (Euclidean norm of c) contain more influential
information of the original data [56]. Hence, we uti-
lize EMD to decompose sleep EEGs, in an attempt to
find the components that dominate the temporal irre-
versibility of the time series.

2.4 Statistical tests

The Kruskal–Wallis (KW) test is a nonparametric ver-
sion of classical one-way analysis of variance, and an
extension of the Wilcoxon rank-sum (WRS) test to
more than two groups [59]. They do not require the
assumption of normal distributions and use ranks of
the data to compare the medians of the groups to deter-
mine whether the samples come from the same pop-
ulation. The null hypothesis is that the medians of all
groups are equal, and the alternative hypothesis is that
not all medians are equal. Here, the KW test is used
to determine whether there are any differences among
the median degrees of irreversibility of sleep stages,
with multiple comparison tests as a post hoc procedure
for detecting which pairs of medians are significantly
different at the 5% significance level. Bonferroni cor-
rection is used for multiple comparisons [60]. Also,
between-groups comparisons are tested by the WRS
test under the 5% level of significance.

3 Irreversibility in sleep signals

3.1 Data description

The sleep recordings are from the sleep heart health
study (SHHS), which is a multi-center cohort study
implemented by the National Heart Lung and Blood
Institute [61–63]. The dataset used here includes the
sleep EEG signals (C4/A1 derivation) of 295 healthy
people (aged 39years and older, with no history of
treatment of sleep apnea or sleep disorder), recorded
with a sampling rate of 125Hz. Sleep stages were char-
acterized by R&K criteria [32]. The data are filtered
by a bandpass filter to reduce the impacts of artifacts
and noises. Based on sleep EEG characteristics, the
frequency band from 0.5 to 35Hz is filtered out and
used in this study [32,64,65]. Also, epochs with obvi-
ously abnormal fluctuations are removed. Only REM
and non-REM (N1, N2 and SWS) sleep is considered
here for further analysis. Table 1 presents a detailed
description of the dataset.

3.2 Results

Figure 1 shows an example of one-epoch of the EEG
signals fromREMand non-REM sleep, and Fig. 2 plots
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Table 1 Data description

Group Subjects Agec Number of 30 s epochs

N1 N2 SWS REM

Agea

Middle-aged 171 50.5 ± 6.0 (52) 4657 62,380 22,800 25,338

Elderly 124 69.0 ± 6.3 (68) 4284 44,418 16,345 17,251

Gender

Men 59 60.2 ± 11.3 (59) 2038 23,942 6128 8606

Women 236 57.8 ± 10.9 (57) 6903 82,856 33,017 33,983

BMIb

Normal 134 57.0 ± 11.0 (56) 3930 48,212 18,476 19,358

Ow/Ob 161 59.4 ± 10.9 (58) 5011 58,586 20,669 23,231

a Subjects chronologically aged over 60years are considered as elderly, and middle-aged otherwise [66].
b People having BMI (i.e., body mass index) from 18.5 to 24.9 are normal weighted, and Ow/Ob stands for those who are overweight
(BMI: 25–29.9) or obese (BMI: 30 and above) [66].
c Data are given as mean ± standard deviation (s.d.) (median) in year

N1

N2

REM

SWS

Fig. 1 30 s epoch EEG signals from different sleep stages of a
52year and normal-weighted woman

the corresponding hypnogram and obtained KLDs for
all epochs of the considered subject. Furthermore, it can
be seen from Fig. 3 that the KLD generally increases
as sleep gets deeper and reaches its maximum at stage
SWS. The KW and its follow-up multiple comparison
tests suggest that the differences among the medians of
the four stages (N1, N2, SWS and REM) are signifi-
cant (KW test, p < 0.05). Between-stages differences
are significant, but it cannot reject that stages N1 and
REM have equal medians (p = 0.167). As the EEG
signal is intrinsically nonstationary, it is infinitely time
irreversible. The original data are randomly shuffled
to destroy their temporally irreversible structures. As
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Fig. 2 The hypnogram (a) and its corresponding KLDs (b) of
a healthy subject. Generally, the KLD increases as sleep moves
toward slow-wave stages (N2 and SWS)

illustrated in Fig. 3, the significant existence of time
irreversibility in each stage is supported by comparing
the KLDs of the original and shuffled data (WRS test,
p < 0.05). Therefore, it can be concluded that stage
SWS has the highest degree of time irreversibility, fol-
lowed byN2 andN1. StagesN1 andREMpresent simi-
lar behavior of temporal irreversibility, with themedian
value for REM sleep lying between those for stages N1
and N2.

To determinewhether there are correlations between
the irreversibility of sleep signals and age, gender or
body mass index (BMI) of subjects, the multiple lin-
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Fig. 3 The KLDs (mean ± s.d.) of the original and randomly
reshuffleddata from295healthy subjects. TheKWand its follow-
up multiple comparison tests suggest that stages N1 and REM
have similar irreversible properties. * indicates a significant dif-
ference between the original and shuffled data in the correspond-
ing stage (WRS test, p < 0.05)

Table 2 p values of the multiple linear regression tests

N1 N2 SWS REM

Age 0.2811 0.0000 0.0030 0.0016

Gender 0.2606 0.2360 0.2619 0.1784

BMI 0.4022 0.2308 0.7597 0.5091

ear regression analysis is, respectively, applied to the
irreversibility at each stage by including the three fac-
tors [67]. Results suggest that there is no significant
evidence that gender or BMI affects the irreversibility
of any stage, whereas age is a confounding factor for
stageN2, SWSandREMat the 5%significant level (see
Table 2).Moreover, as plotted inFig. 4, themiddle-aged
subjects show generally higher KLDs in REMand non-
REM sleep than elderly people, implying the loss of
time irreversibilitywith aging. The differences between
the two groups are significant in stages N2, SWS and
REM (WRS test, p < 0.05), respectively. Never-
theless, there are no significant differences between
women and men nor between normal-weighted and
Ow/Ob people in any sleep states. Therefore, it can be
concluded that age is the major factor that affects the
time irreversible structures of sleep signals. The degree
of irreversibility significantly decreases with aging.

Furthermore, considering the importance of slow-
wave sleep to sleep efficiency and brain restorations,
we decompose the epochs in stage SWS with EMD,

Fig. 4 TheKLDs (mean± s.d.) of REM and non-REM sleep for
the two subgroups based on the age (a), gender (b) andBMI (c) of
subjects, respectively. Regression analyses show that there is no
significant relationship between the gender or BMI and the time
irreversibility of all sleep stages. Only age has a significant effect
on stages N2, SWS and REM. * indicates a significant between-
groups difference in the corresponding stage (WRS test, p<0.05)
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Fig. 5 The first seven IMFs (c1–c7) extracted from the SWS
sleep signal (xt ) as shown in Fig. 1. For over 95% of subjects,
the three most energetic IMFs are the third to fifth modes, which
fall into the delta band (0.5–4Hz)

trying to find out which IMFs are most dominant in the
irreversible properties of the signals. Figure 5 shows
an example of the EMD sifting process of a 30 s epoch
signal from stage SWS. As a result, the third to fifth
IMFs are the three most energetic modes for over 95%
of subjects (283 out of 295 subjects). Intriguingly, these
IMFs mainly fall into the slow-frequency band (delta
band, 0.5–4Hz), which is greatly related to the activ-
ity of slow-wave sleep [34]. Thus, the third to fifth
IMFs of these subjects are recombined, and denoted as
A = c3 + c4 + c5. Accordingly, the remaining part of
the original data x is denoted as B = x − A. Obtained
results are illustrated in Table 3. It can be seen that
the degree of irreversibility of the recombined IMFs A
is much higher, whereas the remaining part B shows
a little lower degree of irreversibility than that of the
original data. The significant differences between any
pairs of medians are suggested by the KW test and
multiple comparisons (KW test, p < 0.05). Addition-

ally, for the significant impact of age, the irreversibil-
ity of recombined IMFs A between middle-aged and
elderly subjects is compared. As expected, the middle-
aged show significantly higher degree of irreversibility
than the elderly (WRS test, p < 0.05). However, for
the recombined signal B, there is no significant differ-
ence between the two groups (WRS test, p = 0.1160),
implying the importance of slow oscillations to the irre-
versible structures of the signals. The significant dif-
ference for the original data between the two groups is
indicated in Fig. 4a. In general, slow oscillations show
dominance in the irreversibility of stage SWS, which
might account for it having the highest degree of time
irreversibility among the four sleep states.

To sum up, gender and BMI do not show significant
impacts on the irreversibility of sleep signals. Never-
theless, the loss of time irreversibility with aging is
significant in REM and non-REM sleep. The impor-
tance of slow oscillations to the temporally irreversible
structures of sleep signals is suggested.

4 Discussion and conclusion

Why would slow-wave stages (stages N2 and SWS)
have higher levels of time irreversibility when brain
function becomes stable and less active? We specu-
late that it is due to the large amount of slow waves
in the two stages. As shown in Table 3, slow oscilla-
tions are of great importance to the irreversible proper-
ties of sleep EEG signals. Compared to sleep EEGs in
other stages, EEGs in the SWS stage contain the largest
amount of slow waves [32], which might account for
the stage SWS having the highest level of irreversibil-
ity.Moreover, for different age groups, themiddle-aged
show significantly higher degree of irreversibility than
the elderly regarding the recombined slow oscillations,
whereas there is no significance after slow oscillations

Table 3 The comparison of the KLDs of the original and recombined data from stage SWS. 283 subjects is considered here

Original x* Recombined IMFs A* Remaining part B

All subjects (283) 0.1844 ± 0.0220 (0.1844) 0.4233 ± 0.0465 (0.4207) 0.1561 ± 0.0163 (0.1555)

Age

Middle-aged (166) 0.1869 ± 0.0228 (0.1855) 0.4330 ± 0.0453 (0.4320) 0.1576 ± 0.0168 (0.1561)

Elderly (117) 0.1808 ± 0.0204 (0.1813) 0.4096 ± 0.0448 (0.4116) 0.1540 ± 0.0153 (0.1548)

Results are given as mean ± s.d. (median)
*The significant difference between the middle-aged and elderly in the corresponding data class (WRS test, p < 0.05)
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are removed from the signals. It implies that the irre-
versible structure of slow oscillations in sleep EEG sig-
nals changes with aging. The decrease in irreversibility
with aging might be due to the decrease in irreversibil-
ity in slow oscillations.

Time irreversibility implies nonlinearity. However,
a high degree of time irreversibility does not neces-
sarily correspond to a high degree of nonlinearity, and
vice versa (see details in “Appendix”). Different non-
linear measures quantify different features of nonlinear
dynamics. The relation between the degree of time irre-
versibility and the degree of nonlinearity is not known
for sure, which is worth more attention and further
explore. This work explores the irreversibility of sleep
EEG signals, and onlymiddle-aged and elderly healthy
subjects are considered here for the chosen database.
Though it is believed that the complexity of signals
from living systems decreases with aging and pathol-
ogy, how the irreversibility of sleep EEGs changes with
pathology is not addressed here, nor is the irreversible
structures for wider age groups (children, teenager and
young adult, etc). These could be studied comprehen-
sively in future.

To conclude, in this work, we evaluate the time irre-
versibility of REM and non-REM sleep based on the
visibility graph, finding that the degree of time irre-
versibility generally increases as sleep gets deeper.
Moreover, the results indicate the significant loss of
time irreversibility with aging and the importance of
slow oscillations to the temporally irreversible struc-
tures of sleep signals. In physiology, the loss of time
irreversibility provides an indicator of the loss of func-
tionality and adaptability of living systems [6]. For the
loss of time irreversibility of sleep EEGs, it may imply
the loss of functionality of human brains. So far, not
much attention has been put on the analyses of nonlin-
ear properties of sleep EEGs. To the best of our knowl-
edge, this is the first study that focuses on the time
irreversible dynamics of sleep staging EEGs. It pro-
vides an efficient way of characterizing the nonlinear
dynamics of sleep signals. We believe that this work
helps to shed light on the dynamical changes of REM
and non-REM sleep, and could be of significance to
both scientific and clinical potentials, e.g,. the degree
of irreversibility could be used as an important feature
in the automatic classification of sleep stages.
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Appendix

This section explores the relation of degree of time irre-
versibility and degree of nonlinearity, taking the EEG
data shown in Fig. 1 as an example. The degree of non-
linearity is computed based on the nonlinear autore-
gressive moving average (NARMA) model.

TheNARMA[68–72] utilizes past output values and
residuals to predict future values of a time series,

y(t) = f l [y(t − 1), y(t − 2), . . . , y(t − ny),

ε(t − 1), ε(t − 2), . . . , ε(t − nε)] + ε(t),

(4)

where ny and nε are the maximum lags for the out-
put y and residual ε, respectively. f l [·] is a nonlinear
function, and l is the nonlinearity degree. A polynomial
expansion of f l [·] in Eq. 4 can be represented as

y(t) = θ0 +
n∑

i1=1

θi1 xi1 (t)
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Fig. 6 Percentage of false nearest neighbors for the sleep EEG
from stage SWS. m = 4 is considered as an optimal choice
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Fig. 7 Results of the NARMA identification for the sleep EEG from stages N1 (a), N2 (b), SWS (c), and REM (d). In each subplot,
the upper plot shows the comparison between actual and identified model, and the lower plot shows the residual ACF

+
n∑

i1=1

n∑

i2=i1

θi1i2 xi1 (t)xi2 (t) + · · ·

+
n∑

i1=1

. . .

n∑

il=il−1

θi1i2...il xi1 (t)xi2 (t) . . . xil (t) + ε(t),

(5)

where θ[·] is the model coefficient, and xm(t) = y(t −
m) if 1 � m � ny and xm(t) = ε(t − (m − ny)) if
ny + 1 � m � ny + nε . In this case, the nonlinearity
degree l is the maximum order of the monomials in the
model.

Here, the false nearest neighbors (FNN) method is
used to decide an appropriate lag for each sleep stage

[73], and Fig. 6 shows an example for stage SWS. Cor-
respondingly, the maximum lag for the outputs is cho-
sen to ny = 4, and nε = ny . The model structure
and parameters are automatically chosen by the for-
ward regression orthogonal least squares algorithm (see
details in [68,69]). Model validation test is performed
by calculating the autocorrelation function (ACF) of
residuals. The performance of model output is evalu-
ated by the root-mean-squared error (RMSE) between
the real y and estimated ŷ,

RMSE =
√√√√ 1

N

N∑

t=1

[y(t) − ˆy(t)]2. (6)
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Table 4 The KLD, and the results of the NARMA identification
for the sleep EEG

N1 N2 SWS REM

RMSE 0.0431 0.0493 0.0184 0.0470

l 2 1 2 2

KLD 0.1275 0.1833 0.2314 0.1507

In themodel identification, the set of candidate terms
is built with all possible combinations of y(t) and ε(t)
up to the ninth order polynomial (l = 9). As a result,
the identified models are, respectively,

y(t) = 1.1860840y(t − 1) − 0.34245033y(t −
2)y(t−2)+1.2140050ε(t−1)−0.036557753ε(t−2)
for stage N1,

y(t) = 1.4846124y(t − 1) − 0.49621750y(t −
2) + 1.2267412ε(t − 1) − 0.15427155ε(t − 2) +
0.55969870ε(t − 3) for stage N2,

y(t) = 1.7761026y(t −1)−0.77746880y(t −2)+
1.1013098ε(t − 1) − 0.51310687y(t − 1)ε(t − 2) +
0.22701806y(t − 2)ε(t − 3) for stage SWS, and

y(t) = 1.4071632y(t −1)−0.41139002y(t −2)−
0.39128327y(t −3)ε(t −3)+0.85626726ε(t −1) for
stage REM.

Figure 7 presents the comparison between actual
and identified outputs, and the residual ACF for each
sleep stage. The validation tests show that the results
are acceptable. Moreover, the RMSEs in Table 4 sug-
gest the high accuracy and good performance of all
identified models. Thus, in this case, a polynomial with
nonlinearity degree l = 2 is enough to model the sleep
EEGs. For stagewith higher level of time irreversibility
(see KLD in Table 4), it does not show a higher degree
of nonlinearity. Though time irreversibility indicates
nonlinearity, there might be no necessary correlation
between the two types of nonlinear measures.
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