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a b s t r a c t

Synchronization is an important mechanism that helps in understanding information processing in
a normal or abnormal brain. In this paper, we propose a new method to estimate the genuine and
random synchronization indexes in multivariate neural series, denoted as GSI (genuine synchronization
index) and RSI (random synchronization index), by means of a correlation matrix analysis and surrogate
technique. The performance of the method is evaluated by using a multi-channel neural mass model
(MNMM), including the effects of different coupling coefficients, signal to noise ratios (SNRs) and time-
window widths on the estimation of the GSI and RSI. Results show that the GSI and the RSI are
superior in description of the synchronization in multivariate neural series compared to the S-estimator.
Furthermore, the proposed method is applied to analyze a 21-channel scalp electroencephalographic
recording of a 35 year-old male who suffers from mesial temporal lobe epilepsy. The GSI and the RSI at
different frequency bands during the epileptic seizure are estimated. The present results could be helpful
for us to understand the synchronization mechanism of epileptic seizures.

© 2010 Elsevier Ltd. All rights reserved.
1. Introduction

In neurological studies, synchronization is recognized as a
key feature to indicate the information process in a normal or
abnormal brain (e.g. Buzsáki, 2004; Buzsáki & Draguhn, 2004; Fell
et al., 2001; Varela, Lachaux, Rodriguez, & Martinerie, 2001). The
estimated synchronization of the experimental and clinical data,
for instance multivariate neural signals, become the signatures
of brain pathologies, or brain functions, or the early diagnosis
and monitoring of brain disorder. (Aarabi, Wallois, & Grebe, 2008;
Carmeli, Knyazeva, Innocenti, & De Feo, 2005; Darvas, Ojemann,
& Sorensen, 2009; Knyazeva et al., 2008; Rudrauf et al., 2005;
Stam, Jones, Nolte, Breakspear, & Scheltens, 2007). In order to
investigate synchronization in the brain, multiple electrodes are
oftenused to record theneural signals in different areas of the brain
simultaneously. Therefore, how to estimate the synchronization
index of multivariate neural signals has become a crucial issue in
neural signal processing.
Some methods have been developed to estimate the synchro-

nization index (or correlation coefficient) between two neural
series, for instance cross-correlation, spectrum-based coherence,
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synchronization likelihood, mutual information, nonlinear inter-
dependence, phase synchronization, correntropy coefficient, event
synchronization, and so on (Arnhold, Lehnertz, Grassberger, & El-
ger, 1999; Brown & Kocarev, 2000; Bruns, 2004; Carter, 1987;
Lachaux, Rodriguez,Martinerie, &Varela, 1999; LeVanQuyen et al.,
2005; Quian Quiroga, Kraskov, Kreuz, & Grassberger, 2002; Quian
Quiroga, Kreuz, & Grassberger, 2002; Stam & van Dijk, 2002; Xu,
Bakardjian, Cichocki, & Principe, 2008). To analyze multivariate
neural series, we may repetitively use bivariate measure methods
to obtain the synchronization index among neural series. How-
ever, how to obtain a golden synchronization index in multivari-
ate neural signals is still a bottleneck problem (Allefeld & Kurths,
2004; Pereda, Quian Quiroga, & Bhattacharya, 2005). Recently,
an S-estimator has been developed to estimate the synchroniza-
tion in multi-channel EEG series (Carmeli et al., 2005). In this
method, the quantified synchronization is inversely proportional
to the embedding dimension of the dynamical system, and is inde-
pendent of the total power and the time dimension of the neural
signals. The disadvantage of the S-estimator is that the estimated
synchronization index includes random and/or artifact compo-
nents, because the synchronization is often estimated over finite-
length data, so the estimated synchronization includes, to some
extent, randomand/or artifact information (Müller, Baier, Rummel,
& Schindler, 2008; Plerou et al., 2002). In a recent study, a con-
cept of genuine synchronization was proposed for the first time by
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Müller et al. (2008) to remove the random (and/or artifact) com-
ponents in multivariate neural signals. In this method, the genuine
cross-correlation strength (TCS) was estimated by means of the
significant deviation of the eigenvalues (or partial eigenvalues) of
the linear zero-lag cross-correlation matrix. However, all of eigen-
values contain rich information (Kwapień, Drożdż, & Oświeçimka,
2006), so this information should be used.
In this paper, we propose a method to estimate the GSI and

the RSI in multivariate neural signals. To test the performance of
the method, a multi-channel neural mass model (MNMM) (Cui,
Li, & Gu, 2009) is applied to generate multivariate neural signals.
The effects of different coupling coefficients, signal to noise ratios
(SNRs) and time-window widths on the method are investigated.
Application of the method to the multivariate long-term EEG
recording of a 35 year-old male suffering from mesial temporal
lobe epilepsy is demonstrated as well.

2. Methods

2.1. Correlation matrix analysis

Equal-time correlation is a simple method to measure the syn-
chronization between two series. Consider multivariate neuronal
data Z = {zi(n)}, i = 1, . . . ,M , n = 1, . . . , T , where M is the
channel number and n is the number of data points in time win-
dow T . To provide the same scale for all the neuronal population
activities, the normalized data X = {xi (n)} are first calculated by
xi (n) = (zi (n)− 〈Zi〉) /σi, where 〈Zi〉 andσi are themean and stan-
dard deviation of zi (n), respectively. Then the equal-time correla-
tion matrix can be constructed as

C =
1
T
XX ′, (1)

where the superscript denotes transposition. It is noted that we
can also select other correlation methods to construct the correla-
tionmatrix C, such as phase synchronization, synchronization like-
lihood, mutual information, nonlinear interdependency and event
synchronization. The selection of the method depends on the na-
ture of the data being analyzed.
The eigenvalue decomposition of C is

Cvi = λivi, (2)

where eigenvalues λ1 ≤ λ 2 ≤ · · · ≤ λM are in increasing order
and vi, i = 1, . . . ,M are the corresponding eigenvectors. As C
is a real symmetric matrix, all eigenvalues are real numbers, and
the trace of C is equal to the number of series M . When all the
time series are correlated perfectly, the entries of matrix C are
all equal to 1. The maximum eigenvalue is M and the others are
zeros. However, in practice, even though all the time series are
uncorrelated completely, the computed correlation coefficients are
not zeros due to the effect of the length of the data, and they
follow a bell-shaped distribution (i.e. they are random correlations
or artifact information). More universal properties of random
matrices can be found in (Allefeld, Müller, & Kurths, 2007; Müller
& Baier, 2005; Plerou et al., 2002; Seba, 2003; Wilcox & Gebbie,
2007).

2.2. Surrogate

When the multivariate time series are derived from an
independent linear stochastic process, the ideal correlations
between time series are zeros. Unfortunately, due to the effect
of the algorithm and the length of the data, the calculated
correlations exhibit a little bias, and are not purely zero. In this
paper, a surrogate method is used to reduce the ‘bias’ (i.e. random
correlations or artifact information) in practical time series. The
surrogate method proposed by Andrzejak, Kraskov, Stögbauer,
Mormann, and Kreuz (2003) is employed, which iteratively
permutes the original sample values of each series. Details can be
found in the Appendix. The randomizedmultivariate data have the
same size (channel number M and the number of data points n in
timewindow T ) and in particular the samepower spectrumof each
time series as its original time series. Based on the surrogate series,
the equal-time surrogate correlation matrix R can be calculated:
λs1 ≤ λs2 ≤ · · · ≤ λsM are denoted as the eigenvalues of
surrogate matrix R. The distribution of the surrogate eigenvalues
λsi can reflect the random synchronization of the multivariate time
series.

2.3. GSI and RSI estimator

The S-estimator has been proposed to assess synchronization
in multivariate EEG series by means of the distributions of the
eigenvalues of the covariance matrix (Carmeli et al., 2005). The
normalized eigenvalues λ(1)i of the covariance matrix are defined
as follows:

λ
(1)
i =

λi
M∑
i=1
λi

, i = 1, . . . ,M. (3)

For a random multivariate time series, the minimum and
maximum eigenvalues of the random correlation matrix are
λmin,max = 1 + 1

Q ± 2
√
1
Q , Q = T/M . That is to say,

although all the multivariate time series are not correlated, the
eigenvalues range in the bound [λmin, λmax] (Plerou et al., 2002;
Seba, 2003). The calculated S-estimator is a non-zero value for
random multiviate time series (Müller et al., 2008; Plerou et al.,
2002). The S-estimator (total synchronization) is composed of
genuine and random synchronizations. To reduce the effects of the
random components in the total synchronization, the eigenvalues
are divided by the averaged surrogate eigenvalues; that is,

λ
(2)
i =

λi/λ̄
s
i

M∑
i=1
λi/λ̄

s
i

, i = 1, . . . ,M, (4)

where λ̄si is the average eigenvalues of the surrogate series over the
SN realizations.
In a similar manner, the normalized surrogate eigenvalues are

obtained as follows:

λ
(3)
i =

λ̄si
M∑
i=1
λ̄si

, i = 1, . . . ,M. (5)

All the synchronization indexes can be summarized as follows:

SI(k) = 1+

M∑
i=1
λ
(k)
i log

(
λ
(k)
i

)
log (M)

, k = 1, 2, 3. (6)

When k = 1 (Eq. (3)), this is an S-estimator, which is a measure of
the total amount of synchronization (Carmeli et al., 2005); when
k = 2 (Eq. (4)), the eigenvalues of λ(2)i are applied, and the
genuine synchronization index (GSI) is obtained. To understand
how this measure works, two cases should be considered. If
genuine correlation does not exist, the normalized eigenvalues λ(2)i
are all equal to 1/M , so SI(2) = 0; on the other hand, if all the time
series are correlated perfectly, the largest eigenvalue λM = M , and
the others are equal to zero, i.e. the largest normalized eigenvalue
is λ(2)M = 1, and the others are zero, so SI

(2) = 1. The random
synchronization index (RSI) can be obtained when k = 3 (Eq. (5)).
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Fig. 1. Schematic diagram of the multi-channel neural mass model. The coupling
coefficient qjk means the coupling from area j to area k. The weighting parameters
wij , i = 1, 2, . . . ,N adjust the multi-kinetics of the multi-channel neural mass
model.

2.4. MNMM for simulation

A neural mass model (NMM) can generate simulated data
that are very similar to real EEG signals (David, Cosmelli, &
Friston, 2004; Ursino, Zavaglia, Astolfi, & Babiloni, 2007;Wendling,
Bellanger, Bartolomei, & Chauvel, 2000; Zavaglia, Astolfi, Babiloni,
& Ursino, 2008). In this study, a modified multi-channel neural
mass model (MNMM) proposed by Cui et al. (2009) is used
to test whether the GSI and the RSI are able to track the
amount of genuine synchronization and random synchronization
in multivariate neural data. The MNMM can simulate the massive
interactions in neuronal populations with excitatory couplings
among remote cortical areas, and generate similar neural signals.
The performance of these measures can be demonstrated with the
MNMM.
Fig. 1 plots a simple schematic description of the MNMM. In

each area, a multi-kinetics neural mass model is built to generate
a channel of EEG signals (David & Friston, 2003). For a given area j,
the model is composed of N subpopulations (or N linear transfer
functions) in parallel. Each subpopulation has different kinetics.
The relative size of each subpopulation is determinedby theweight
coefficient wij , i = 1, . . . ,N , where w

i
j ∈ [0, 1] and

∑N
i=1w

i
j = 1.

The spectrum of simulated EEG signals is adjusted by the coupling
weight coefficients. qjk (j, k = 1, . . . ,M) denotes the coupling
coefficient from area j to channel k.
The differential equations that govern the MNMM are as

follows:

ẏji0 = y
ji
3

ẏji1 = y
ji
4

ẏji2 = y
ji
5

ẏji3 =
H ie
τ ie
· S

(
N∑
i=1

wijy
ji
1 −

N∑
i=1

wijy
ji
2

)
−
2yji3
τ ie
−
yji0(
τ ie
)2

ẏji4 =
H ie
τ ie
·

[
pj (t)+ C2S

(
C1

N∑
i=1

wijy
ji
0

)

+ RM

(
M∑

k=1,k6=j

qjkS

(
N∑
i=1

wiky
ji
1_τ −

N∑
i=1

wiky
ji
2_τ

))]

−
2yji4
τ ie
−
yji1(
τ ie
)2

ẏji5 =
H ii
τ ii
· C4S

(
C2

N∑
i=1

wijy
ji
0

)
−
2yji5
τ ii
−
yji2(
τ ii
)2 .

(7)

The simulated EEG signals of channel j are

EEGj =
N∑
i=1

wiky
ji
1_τ −

N∑
i=1

wiky
ji
2_τ , (8)

where j = 1, 2, . . . ,M is the channel number; i = 1, 2, . . . ,N
are N parallel subpopulations with different kinetics; He(Hi) is
the average excitatory (or inhibitory) synaptic gain and τe(τi) is
a lumped representation of the sum of the rate constants of the
passive membrane and other spatially distributed delays in the
dendritic tree. A nonlinear function S(v) = 2e0/(1 + er(v0−v))
transforms the average membrane potential of the population
into an average rate of action potentials fired by the neuronal
networks. The connectivity constants C1, C2, C3, C4 are the average
numbers of synaptic connections between the pyramidal cells
and the interneurons. The input of area j is a mixture of a
Gaussian noise pj (t), which contains inputs from the other
uncertain areas; the excitatory feedback from pyramidal cells is
C2S

(
C1
∑N
i=1w

i
jy
ji
0

)
and the coupling signal from the other areas is

RM
(∑M

k=1,k6=j qjkS
(∑N

i=1w
i
ky
ji
1_τ −

∑N
i=1w

i
ky
ji
2_τ

))
. The coupling

signals are delayed with a propagation time, τ , which is indicated
by the subscript in yji1_τ and y

ji
2_τ . To keep the equilibrium of each

population, a function RM (x) = x−mean(x) is used to remove the
mean value of the coupling signals.
In this study, the channel number of the simulated EEG time

series is set as M = 10. Each area has the same dynamics,
composed of N = 3 parallel subpopulations. Each subpopulation
can generate delta, alpha and gamma rhythms by adjusting the
W = [w1j , w

2
j , w

3
j ], j = 1, . . . ,M . The coupling coefficients are

qjk = q (j, k = 1, . . . ,M , j 6= k) for all areas. The extrinsic
inputs pj (t) have the same mean value

〈
pj
〉
= 220 and standard

deviation σpj = 22. The propagation time delay τ is set as 10 ms.
The sampling frequency is 500 Hz. Other specified parameters in
theMNMMcan be found in (Cui et al., 2009; David & Friston, 2003).

2.5. Real EEG data

A long-term EEG recording from a 35 year-old male patient
who suffers from mesial temporal lobe epilepsy is employed to
test the method proposed in this study. The data was collected
from 21 scalp electrodes placed according to the international
10–20 System with additional electrodes T1 and T2 on the
temporal region. The sampling frequency was 250 Hz and an
average reference was applied. The free datasets can be found
and downloaded at the website http://www.cs.tut.fi/∼gomezher/
projects/eeg/databases.htm. The details of the datasets have been
addressed in (De Clercq, Vergult, Vanrumste, Van Paesschen, & Van
Huffel, 2006; Vergult et al., 2007).

3. Results

3.1. Simulation analysis

3.1.1. Simulated multivariate EEG series
Typical simulated EEG series of the 10 channels and corre-

sponding normalized spectra of different coupling coefficients are
shown in Fig. 2. The weight parameter isW = [0.4, 0.3, 0.3]. With
the increase of coupling strength, the spectra of simulated EEG se-
ries vary from multiple frequencies to a single and low frequency.

3.1.2. The effects of frequency band on the S-estimator, the GSI and
the RSI
The uncoupled EEG series are simulated by the MNMM

with three different weight parameters. Fig. 3(a) shows the
simulated 10-channel EEG series over 1 s. Fig. 3(b) shows the
corresponding normalized spectra of one channel. The equal-time
correlation matrices are plotted in Fig. 3(c): the different gray
levels (colors) represent different cross-correlations between two
channels series. Fig. 3(d) shows the mean and standard deviations
of the S-estimator, the GSI and the RSI of three different signals

http://www.cs.tut.fi/~gomezher/projects/eeg/databases.htm
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http://www.cs.tut.fi/~gomezher/projects/eeg/databases.htm
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a

b

Fig. 2. The simulated EEG series and their spectra. (a) Simulated EEG series of the 10 channels with a multi-channel neural mass model. The simulated EEG series
are generated with four different coupling coefficients (qjk = q = [0, 10, 20, 25], j, k = 1, . . . , 10, j 6= k); and the weight coefficient of each area is the same
(W = [0.4, 0.3, 0.3]). (b) The corresponding normalized spectra of the simulated EEG series.
a

b

c

d

Fig. 3. The S-estimator, the GSI and the RSI of the uncoupled EEG series. (a) The 10-channel EEG series without coupling generated by the MNMM with three different
weight coefficients (W = [0.3, 0.3, 0.4],W = [0.5, 0.3, 0.2] andW = [0.1, 0.3, 0.6]). (b) The normalized spectra of an EEG series. (c) The equal-time correlation matrices
constructed by cross-correlation. (d) The mean values and standard deviations of the S-estimator, the GSI and the RSI.
over 50 realizations. In this study, the averages of eigenvalues λ̄si
of surrogated series are computed over SN = 100 realizations for
each interval.
In the left column (W = [0.3, 0.3, 0.4]), the spectrum

bandwidth of the simulated series is broad. The elements of the
correlation matrices are not equal to zeros, namely a random
correlation is involved; the bias is derived from the correlation
computation that is based on a finite series. As shown in Fig. 3(d),
the S-estimator and the RSI are greater than zero; however, the
GSI tends to zero. In the middle column, the main frequencies
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of simulated signals vary from high frequency to low frequency
due to the change of relative size of the three subpopulations
(W = [0.5, 0.3, 0.2]). The correlation matrix increases a little,
which results in an increase of the S-estimator and the RSI, but the
GSI still tends to zero. In the right column (W = [0.1, 0.3, 0.6]),
the frequency band of the simulated signals is narrowand a gamma
rhythm can be seen. The correlationmatrix ismore significant, and
the S-estimator and the RSI both increase, too. However, the GSI is
still close to zero. Therefore, the change of frequency band cannot
result in a big change on the genuine correlation strength. It is
obvious that the GSI is insensitive to this change; thus the GSI is
better in indicating the synchronization of the multi-channel EEG
series than the S-estimator.

3.1.3. The effect of the coupling strength, the SNR and the time-
window width
To evaluate the effect of the coupling coefficients, the SNRs and

the time-window widths to the S-estimator, the GSI and the RSI,
the simulated EEG series of MNMM are analyzed and shown in
Fig. 4. Fig. 4(a) plots the mean and standard deviations (over 50
realizations) of the three synchronization indexes as a function
of the coupling coefficient q: q ranges from 10 to 25 with a step
of 1. The length of the time window for the data analyzed is 1
s. In Fig. 4(a), when the coupling coefficient ranges from 10 to
14 (i.e. weak couplings), the mean of the S-estimator is 0.0204,
0.0210, 0.0239, 0.0244 and 0.0234, respectively. The mean of RSI
is 0.0210, 0.0212, 0.0215, 0.0218, 0.0214 and the mean of the GSI
is 0.0006, 0.0008, 0.0008, 0.0011, 0.0008. The S-estimator and the
RSI are greater than zero, but the GSI is close to zero. Therefore,
the GSI does not contain random and artifact synchronization. This
result is similar to that in Fig. 3. With the increase of the coupling
strength, all of the three synchronization indexes increase. When
the coupling strength, q, is greater than 23, the S-estimator is close
to 1; however the GSI is less than 1, because the effect of the
random component on the GSI is slight. These results demonstrate
that the GSI can reveal a true synchronization in multivariate
neural series.
Fig. 4(b) shows the effects of noise on the S-estimator, the GSI

and the RSI. The three synchronization indexes over different SNRs
are analyzed. The length of the timewindow is 1 s and the coupling
coefficient q is set as 20. By adding white noise with different SNR
(0–40 dB), it can be seen that the white noise of different SNR has
a significant effect on these measures. When the noise is heavy,
the three synchronization indexes are smaller than the real values.
With the increase of the SNR, these measures tend to the real
synchronization values.
The S-estimator, the GSI and the RSI as a function of thewindow

width are analyzed and the result is shown in Fig. 4(c). The coupling
coefficient q is set as 20. The length of the time window varies
from 0.5 to 4 s with a step of 0.5 s. With the increase of the
window width, the RSI decreases. It is obvious that the random
synchronization decreases with the increase of the length of the
data. The S-estimator does not change over different time-window
widths. However, the GSI increases a little because the effect of
random correlations is reduced with the increase of the time-
window width. Thus, the GSI is superior in revealing the true
synchronization value compared with the S-estimator.

3.2. Analysis of epileptic scalp EEG data

Fig. 5 shows the raw 21-channel EEG data and the S-estimator,
theGSI and theRSI over time. Consider thepropagationmechanism
of a partial seizure (the delay between two EEG series at different
channels): the correlation matrix should be constructed by means
of a phase synchronization method. The phase of the time series
is extracted by a Morlet wavelet transform (Quian Quiroga, &
a

b

c

Fig. 4. The S-estimator (dotted lines), theGSI (solid lines) and the RSI (dashed lines)
of the simulated EEG series generated by the MNMM. (a) The effect of the coupling
coefficients on the S-estimator, the GSI and the RSI. (b) The effect of the SNR on the
S-estimator, the GSI and the RSI. (c) The effect of the time-window width on the
S-estimator, the GSI and the RSI.

Kraskov et al., 2002; Quian Quiroga, & Kreuz et al., 2002). Fig. 5(a)
plots the 21-channel EEG recordings over 300 s, including a full
ictal event. A moving window technique (window of 10 s with an
overlap of 5 s) is applied; the three synchronization indexes at the
different frequency bands are computed and shown in Fig. 5(b–d).
The S-estimator, the GSI and the RSI of the EEG data for the
frequency bands 1–12 Hz, 12–30 Hz and 30–80 Hz are plotted,
respectively. In Fig. 5(b) and (c), the S-estimator and the GSI have
a significant increase for the duration of the ictal state. In Fig. 5(b),
due to the effect of random synchronization at the beginning of
the ictal state, the S-estimator is more significant, but it is not a
real synchronization. At the frequency band 12–30 Hz (Fig. 5(c)),
the S-estimator is significant, similar to the GSI, and the random
synchronization at the ictal state is significant. In Fig. 5(d), during
the interictal period the RSI for the frequency band 30–80 Hz is
significant; however it is very weak for the duration of ictal state,
and thus the S-estimator cannot find a real synchronization to
indicate an ictal event. In contrast, the GSI can still track the ictal
event for the frequency band 30–80 Hz because of the removal
of the random component. In short, the GSI is superior to the S-
estimator in estimating the synchronization in multi-channel EEG
recordings.

4. Conclusions

In this paper, the GSI and the RSI are proposed to quantify
a genuine synchronization and a random synchronization in
multivariate neural series bymeans of a correlationmatrix analysis
and the surrogate method. A multi-channel neural mass model is
employed to generate multi-channel neural time series; then the
performance of the proposedmethod is evaluated by the simulated
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a

b

c

d

Fig. 5. The S-estimator, the GSI and the RSI for multi-channel epileptic scalp
EEG recordings. (a) The raw EEG recording from interictal to post-ictal state over
300 s. The shadow region denotes the ictal stage of the epileptic seizure. (b) The
S-estimator, the GSI and the RSI over time for the frequency band 1–12 Hz; (c) The
S-estimator, the GSI and the RSI over time for the frequency band 12–30 Hz; (d) The
S-estimator, the GSI and the RSI over time for the frequency band 30–80 Hz.

EEG series, including the effect of the frequency of EEG signals,
coupling coefficients, SNRs and time-window widths. Finally, the
method is applied to analyze a 21-channel scalp EEG recording
of a patient suffering from mesial temporal lobe epilepsy. Based
on the findings and results, the following conclusions can be
made.
(1) The proposed GSI and RSI can be applied to indicate genuine
and random synchronization in multivariate EEG series at
different frequency bands; in particular, the GSI is insensitive
to the frequency bands.

(2) The proposed GSI is more robust to the coupling strength and
widow width than the S-estimator.

(3) The GSI is better at indicating the synchronization of epileptic
EEG signals at different frequency bands than the S-estimator.

Several methods have been developed to estimate the synchro-
nizations of multivariate neural signals, including phase synchro-
nization cluster analysis (Allefeld & Kurths, 2004), graph theoretic
analysis (Stam et al., 2007), frequency flows and time–frequency
dynamics analysis (Rudrauf et al., 2005) and the mixture-of-
Gaussians analysis (Matsumoto, Okada, Sugase-Miyamoto, Ya-
mane, & Kawano, 2005). These methods can identify the structure
of statistical phase synchronization clusters, or give the charac-
teristic of network connection, or track and characterize the non-
stationary time–frequency dynamics of phase synchrony among
groups or assemblies directly, or reveal the number of clusters
and the elements of each channel, respectively. However, these
methods cannot directly quantify the global synchronization in
multivariate neural signals. Recently, other methods, such as the
S-estimator (Carmeli et al., 2005), multivariate phase synchro-
nization (Boccaletti, Kurths, Osipov, Valladares, & Zhou, 2002;
Knyazeva et al., 2008) and correlation matrix analysis (CMA) (Li
et al., 2007), have been developed to quantify the global synchro-
nization. In this study, we concentrate on the decomposition of
the genuine and random synchronization in multivariate neural
signals. The idea for this method follows the one proposed by
Müller et al. (2008). In themethod proposed byMüller et al. (2008),
the total, genuine and random cross-correlation strengths (TCS,
CCS and RCS) can be estimated. However, these indexes are only
based on the maximal and minimal eigenvalues. In the method
proposed in this paper, all the eigenvalues are used; this is the
main difference between ourmethod and themethod proposed by
Müller et al. (2008).
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Appendix

In this study, a bivariate surrogate technique proposed by
(Andrzejak et al., 2003) is applied. In this surrogate method, all
the nonlinear interdependences are destroyed by a randomization
scheme and the self-linear properties of time series are retained. A
random shuffle of the original sample values xi (n), n = 1, . . . , T ,
x̃i (n) is generated which is used as a seed for the iteration scheme.
The surrogate procedure is as follows. First, the Fourier transform
of seed x̃i (n) is calculated and the Fourier spectrum

{
ãi (k) ejϕ̃ik

}(p)
is obtained; the amplitudes ãi (k) are replaced with the original
amplitudes ai (k) of xi (n), but the randomized phases ϕ̃ik are
remained. Second, the smallest, second smallest, . . ., highest values
of x̃i (n)(p) are replaced by the smallest, second smallest, . . . , highest
value of xi (n), so a new seed x̃i (n)(p+1) can be generated to start
a new iteration step. Repeating the above steps many times, a
surrogate realization x̃i (n)(p+1) is obtained and the amplitudes{
ãi (k)

}(p) converge to ai (k).
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