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bstract

This paper describes the use of a computational tool based on the Morlet wavelet transform to investigate the interaction dynamics between
scillations generated by two anatomically distinct neuronal populations. The tool uses cross wavelet transform, coherence, bi-spectrum/bi-
oherence and phase synchronization.

Using specimen data recorded from the hippocampus of a rat with experimentally induced focal epilepsy, linear and non-linear correlations

etween neuronal oscillations in the CA1 and CA3 regions have been computed.

The results of this real case study show that the computational tool can successfully analyse and quantify the temporal interactions between
euronal oscillators and could be employed to investigate the mechanisms underlying epilepsy.

2006 Elsevier B.V. All rights reserved.
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. Introduction

Neural information processing depends not only on the fir-
ng rate of individual neurons, but also on the dynamic interplay
mong neurons within the local neuronal assembly and on the
ommunication between different and often distant assemblies
f neurons (Engel et al., 2001; Pesaran et al., 2002; Schnitzler
nd Gross, 2005). At the level of individual assemblies, neural
ctivity often shows rhythmic synchronization with a frequency
istribution, which varies according to the task being undertaken
e.g. perception and memory recall), neurophysiological state
e.g. sleep) or pathological activity (e.g. epilepsy) (Traub et al.,
999; Engel et al., 2001; Pesaran et al., 2002). It is also clear that
he interaction between separate sites changes in different neuro-
hysiological activities (Schnitzler and Gross, 2005; Leinekugel
t al., 2002; Wolfgang et al., 1999), but at present, knowledge

bout the mechanisms underlying these interactions is limited.

Currently, measurements of coherence, phase delay and syn-
hronization of neuronal oscillations are widely used when

∗ Corresponding author. Tel.: +44 121 4145142.
E-mail addresses: xiaoli.avh@gmail.com (X. Li), j.g.r.jefferys@bham.ac.uk

J.G. Jefferys).

o
B
d
N
e
2
s
a

165-0270/$ – see front matter © 2006 Elsevier B.V. All rights reserved.
oi:10.1016/j.jneumeth.2006.08.006
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nvestigating the organization and function of the neuronal net-
orks during normal and abnormal cognitive processing. Corre-

ation of EEG activity recorded from two different brain sites is
ften used to describe interaction dynamics (Leinekugel et al.,
002), but the methods are usually based on the assumption that
he data is stationary; spectral coherence (Wolfgang et al., 1999),
or example, is often used to estimate the correlation between
ourier transforms of two simultaneous EEG recordings. The
ain disadvantages of existing methods are that the Fourier

pectrum is limited to stationary signals and temporal interac-
ions are missed or ignored. In particular, the non-linear relations
etween two neural networks have a direct negative effect on the
orrelation estimated with traditional methods (Lachaux et al.,
002).

There is increasing interest in the use of wavelet-based
echniques in processing non-stationary EEG recordings, not
nly with respect to oscillatory behaviour (Klein et al., 2006;
ullock et al., 1997; Li et al., 2005a,b), but also for spike
etection (Senhadji and Wendling, 2002; Latka et al., 2003;
enadic and Burdick, 2005), sleep stage identification (Jobert
t al., 1994; Kiymik et al., 2004), anesthetics (Kochs et al.,
001) and filtering (Glassman, 2005). In addition to providing
pectral statistics similar to those obtained with Fourier
nalysis, wavelet-based methods are capable of detecting
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he short lived temporal interactions, which occur in EEG
ecordings.

In this paper, a computational tool with Morlet wavelet trans-
orm (MWT) is used to detect the temporal interactions between
wo anatomically distinct neuronal populations. Cross wavelet
ransforms, coherence, bicoherence and phase synchronization
re produced and the performance of the computational tool is
onfirmed using a real case study. The results show that linear
nd non-linear correlations between neural oscillations at the
A1 and CA3 regions in the hippocampus can be detected. We

uggest that this is a potential tool for studying the mechanism
f neural information processing and epileptic seizures.

. Methods

Continuous wavelet transform (CWT) can decompose a sig-
al into a set of finite basis functions. The decay of wavelet
unction makes CWT able to uncover transient characteristics
idden in the EEG series. Wavelet coefficients W(s,τ) are pro-
uced through the convolution of a parent wavelet function ψ(t)
ith the analysed signal x(t); it is (Meyer, 1993):

(s, τ) = 1√
s

∫
x(t)ψ∗

(
t − τ

s

)
dt, (1)

here s and τ denote the scale and translation and * denotes
omplex conjugation. By adjusting the scale s, a series of dif-
erent frequency components in the signal can be extracted. The
actor

√
s is for energy normalization across the different scales.

hrough wavelet transforms, the information of the time series
(t) is projected on the two dimension space (scale s and trans-
ation τ).

In this study, Morlet wavelet is employed; it is given by:

0(t) = π−1/4 eiω0t e−1/2t2 (2)

here ω0 is the wavelet central angle frequency, often ω0 ≥ 6,
hich is an optimal value to adjust the time–frequency resolution

Farge, 1992). Morlet wavelet is a Gaussian-windowed com-
lex sinusoid; the Gaussian’s second order exponential decay
f Morlet function gives a good time localization at the time
omain (Torrence and Compo, 1998). Another reason to choose
orlet wavelet is that the complex Morlet wavelet transform

MWT) can obtain the amplitude and phase of neural activ-
ty simultaneously. Therefore, MWT is able to investigate the
oherence/synchronization between neural activities simultane-
usly recorded at two different sites. The complex Paul wavelet
ransform could be also employed to estimate amplitude and
hase, but the Paul function is more sharply defined in time and
s therefore better suited for detecting pulse-like variations than
or analysing neural activity.

Given an EEG time series, X = {xn}, n = 0, . . ., N − 1, with
qual time spacing dt, the continuous wavelet transform of the
iscrete sequence is defined as the convolution of xn with a scaled

nd translated version of ψ0(t); it is given by

(s, τ) =
N−1∑
n′=0

xn′ψ∗
(

(n′ − τ) dt

s

)
(3)

H

S
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here * denotes the complex conjugate. Changing the wavelet
cale s and translating along the localized time index τ, a map
an be constructed to show the amplitude of any feature versus
he scale at a short time. Large values of the map (wavelet coef-
cients) reflect the combined effect of a large fluctuation of the

ime series and of a good matching of shape between the series
nd the wavelet function.

Based on MWT, the wavelet power of a time series X at the
ime scale space is called as scalogram; it is defined as

X = |W(s, τ)|2. (4)

Scalogram describes the variance of this series at the time
cale plane. To depict the covariance between two series, a cross
avelet power is defined. Given a pair of time series, X and Y,
ith their MWT denoted WX and WY, a cross wavelet power
ay be defined to identify correlation between the two time

eries using the product of their wavelet coefficients; the product
s defined as follows:

XY(s, τ) = WX(s, τ)WY
∗(s, τ), (5)

here * means complex conjugation. The plot of |WXY|2 is
alled a coscalogram, which displays the coincident events of
wo series at the time scale plane.

In order to better describe the phase and amplitude corre-
ations from two scalograms, two new measures are proposed
o indicate the essentially intermittent dynamics in two differ-
nt series, instead of the direct method of coscalogram. First,
he wavelet local correlation coefficient (WLCC) (Buresti and
ombardi, 1999), it is defined as follows:

LCC(s, τ) = R[WXY(s, τ)]

|WX(s, τ)||WY(s, τ)| , (6)

here R means the real part of WXY. WLCC is a measure of the
hase correlation between two series at the time-scale domain. A
econd measure is the cross wavelet coherence function (CWCF)
Sello and Bellazzini, 2000) which is defined as follows:

WCF(s, τ) = 2|WXY(s, τ)|2
|WX(s, τ)|4 + |WY(s, τ)|4 . (7)

The CWCF is a measure of the amplitude correlation of two
eries at the time-scale domain, which ranges from 0 (no corre-
ation) to 1 (strong correlation).

To refine the relationship between two neural activities,
avelet coherence is proposed to quantify the first order rela-

ionship. Wavelet coherence derives from the form of the Fourier
ased coherence function, namely the ratio of the cross spectrum
o the product of the auto-spectrum of the two series X(t) and
(t). Wavelet coherence is given by

cW (s, τ))
2 = |SwXY(s, τ)|2

SwXX(s, τ)SwYY(s, τ)
, (8a)
erein, the localized power spectrum above is

w
XY(s, τ) = 1

s
∫
T
WX(s, τ)W∗

Y(s, τ)dτ
, T = [τ −�τ, τ +�τ] .

(8b)
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(b) resample Y through a statistic method such as bootstrap by
N times; a surrogate dataset is obtained, Yi (i = 1, . . ., N);
80 X. Li et al. / Journal of Neurosc

here T is selected based on the time resolution desired in the
oherence map. Auto-spectrum SwXX(s, τ) and SwYY(s, τ) can be
one by Eq. (8b). The integration in Eq. (8b) effectively provides
n ensemble averaging localized in time and reduces the variance
rom noise (8). At the same time, the phase difference of wavelet
oherency can be calculated by cross-spectrum; it is given by

(s, τ) = tan−1
(

R(SwXY(s, τ))

I(SwXY(s, τ))

)
(9)

here R and I are the real and imaginary parts of the cross
pectrum. The phase difference is a function of time and scale.

Although the coscalogram, WLCC, CWCF and wavelet
oherence can reveal an intermittent linear correlation between
he two series, non-linear interactions such as phase coupling
etween the two time series cannot be revealed by these meth-
ds. It has been proved that bicoherence spectrum is a powerful
ool to detect the phase coupling among series. Bicoherence
ased on Fourier transform (FT) has been applied to quantify
hase coupling between a pair of EEG recordings (Bullock et al.,
997); this is based on the principle that the sum and difference
requencies in the non-linear system are generated with a fixed
hase relationship. Calculation of the bicoherence enables us to
uantify the amount of phase coupling and number of indepen-
ent signal sources. Unfortunately, Fourier-based bicoherence
annot detect short-term non-linear interactions. To overcome
his disadvantage of the Fourier method, a wavelet-based bico-
erence has been introduced (van Milligen et al., 1995). Similar
o Fourier-based method, a time-scale wavelet cross-bispectrum
van Milligen et al., 1995) is defined by

W
XXY(s1, s2) =

∫
T

WX(s1, τ)WX(s2, τ)WY(s, τ) dτ (10)

here 1/s = (1/s1) ± (1/s2); this relation is the same as the
requency relation f = f1 ± f2. The calculation of the wavelet
icoherence is below:

bWXXY(s1, s2))
2 = |BWXXY(s1, s2)|2∫

T
|WX(s1, τ)WX(s2, τ)|2 dτ

∫
T
|WY(s, τ)|2 dτ

(11)

avelet bicoherence ranges from 0 to 1; when there is no
oupling, the value is 0; when two series are phase coupled
bsolutely, it is 1. Advantages of wavelet bicoherence are that
t can detect phase coupling over short time intervals and it can
dentify zero bicoherence for two series with no phase coupling;
his differs from results using Fourier methods (simulations can
e found in Chung and Powers, 1998).

Coherence and bicoherence can successfully analyse the lin-
ar and non-linear correlations of EEG activity recorded at two
ifferent sites, however, coherence and bicoherence depend on
mplitude and phase in the time series. The phase relationship
ay be identified independently by measuring phase synchro-

ization. Based on cross spectrum Eq. (8b), the instantaneous

hase φ(t) and instantaneous amplitude A(t) of series x(t) can
e obtained; φ(t) and A(t) only have a clear physical meaning
f x(t) is a narrow–band signal (Rosenblum et al., 2001). If two
eriodic oscillators (φ1, φ2) are weakly coupled, the relation of

(

Methods 160 (2007) 178–185

heir phase dynamics is given by

dφ1(t)

dt
= w1 + εg1(φ1, φ2) (12a)

dφ2(t)

dt
= w2 + εg2(φ2, φ1) (12b)

here w1 and w2 are the frequencies of two oscillators and g1
nd g2 are the coupling terms which are 2-pi period in both
rguments, and ε is the coupling coefficient. The interaction
etween the two oscillators essentially affects the evolution of
heir phases if the frequencyw1 andw2 are in resonance: nw1 ≈
w2 (Rosenblum et al., 2001). The phase difference of two

eries is given by

n,m(t) = nφ1(t) −mφ2(t). (13)

ometimes synchronization can be detected in a straightforward
ay by analysing the generalized phase difference ϕn,m(t). The
hase difference plot can trace transitions between synchronous
nd non-synchronous states that are due to non-stationarities in
nteracting systems and or coupling. In general, the distribution
f the cyclic relative phase ψn,m(t) =ϕn,m(t)mod 2π is analysed
o describe phase synchronization; the presence of a peak in the
istribution of ψn,m(t)indicates the presence of some interac-
ion. In order to trace the variation of the strength of interaction
etween two neural activities, an intensity of the first Fourier
ode of the distribution is given by:

n,m(t) =
√

〈cos(ψn,m(t))〉2 + 〈sin(ψn,m(t))〉2 (14)

here brackets denote the average over time. The measure of
ynchronization strength varies from 0 to 1, called the synchro-
ization index. To simplify the computation, this paper only
onsiders n = m. The details of phase synchronization can be
ound in Rosenblum et al. (2001) and Mormann et al. (2000).

When applying the above methods to neural activities, the sig-
ificance level or confidence limits need to be; this is because (a)
atterns of neural activity vary with time and (b) data collection,
n different experiments, may not be made under identical con-
itions. Since there is no reliable theoretical formula to estimate
he significance level, a statistical method based on surrogate
echniques, also called as resampling, must be employed. This
ives confidence levels and enables acceptance/rejection of a
ull hypothesis. A disadvantage of re-sampling is that it needs
ong computation time. The basic procedure of the surrogate
echnique is given below:

(a) given two neural activities X and Y, a statistic of interest
is computed through the wavelet transform; for instance,
wavelet coherence: θ = WT(X,Y);
(c) for each surrogate set i, the statistic of interest can be com-
puted, for example wavelet coherence θi = WT(X,Yi);

d) from the tails of the θi distribution, a confidence limit for
the statistic of interest may be obtained.
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ig. 1. Neuronal activity recorded from the CA1 and CA3 regions of the hippo
ecording is 12 s, the sampling frequency is 2500 Hz).

In the above procedure, the core is to select a suitable resam-
ling method for the statistic of interest; different statistics of
nterest need different resampling methods. The more details

an be found in Kantz and Schreiber (2003), the program on this
echnique can be obtained at their website. In general, an intuitive
nd simple way is a bootstrap. Bootstraps may be applied, for
xample, when estimating the amplitude relation of two neural

f
m
1
c

ig. 2. Scalogram and coscalogram of the neuronal oscillations in Fig. 1 with Mor
B) The wavelet power of EEG recording in the CA3. (C) Coscalogram of two Neur
scillations occurring at the same time. The black curve line indicates the ‘cone of in
eader is referred to the web version of the article.)
us during the transition from pre-seizure to seizure states (the duration of this

ctivities (e.g. CWCF). When investigating the phase relation of
wo neural activities, however, non-linear resampling should be
onsidered. A typical method is amplitude adjusted fourier trans-

orm (AAFT) (Schreiber and Schmitz, 1996). Another improved
ethod is the iterative AAFT (IAAFT) generator (Theiler et al.,

992). The AAFT is applied in the present study and the pro-
edure is outlined below. The original series is denoted by the

let wavelet transform. (A) The wavelet power of EEG recording in the CA1.
onal oscillations in the CA3 and CA1. The bright highlight indicates the same
fluence’. (For interpretation of the references to color in this figure legend, the
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ector {y(n)}. First, the Fourier spectrum of the vector {y(n)}
s calculated. Then, a random shuffle is applied to adjust the
mplitudes of spectrum. To preserve power spectrum at the
urrogated series, the squared coefficients of the surrogated
eries are replaced by those of the original time series. At the
ame time, the phases in the Fourier spectrum are randomized.
inally, an inverse Fourier transform is applied to construct a
ew series. The new series will have the same power spectrum
s the original series, but the phase is different. The non-linear
esampling method is suitable for estimating the confidence level
or wavelet coherence, bicoherence and phase synchronization
ecause these estimations depend on phase relationships. For
xample, this method may be applied to estimate the confidence
evel of bicoherence between two EEG recordings. Assume that
here is a fixed phase relation between the gamma wave (40 Hz)
n X EEG series and the beta wave (20 Hz) in Y EEG series; the
bove surrogate techniques can generate a new series Z, similar
o the Y EEG series, but with different phase. Since the phase
elation of X series and Z series is not fixed, the bicoherence of
hese two series should be reduced to close to zero. However,
he estimated bicoherence contains the influence of others factor
uch as data size, data lengths and so on. Thus, many surrogated

series can be used to estimate the confidence level of the X
nd Y series through simple statistics.

.1. Data recordings

The recordings used in this study were obtained from earlier

nvestigations into the rat tetanus toxin model of focal epilepsy
Finnerty and Jefferys, 2000, 2002). Methods were described
n the previous reports, but briefly, male Sprague–Dawley rats
ere anaesthetised with halothane, bipolar recording electrodes

t

F
i

ig. 3. (A) Wavelet local correlation, which is a measure of phase correlation between
hich is a measure of amplitude correlation between two signals at the time–frequen
Methods 160 (2007) 178–185

ere placed into CA1 and CA3 of both hippocampi, and 4–5 ng
f tetanus toxin (Wellcome Foundation Research Laboratories,
eckenham, Kent, UK) was injected. The animals were allowed

o recover with free access to food and water and recording
tarted 3–6 days postoperatively. The data were sampled at
.5 kHz (the experiments were carried out in accordance with
he Animal Scientific Procedures Act 1986).

In this study, the Morlet wavelet transform tool was used
o analyse the data shown in Fig. 1. The neuronal oscillations
how a progression from pre-ictal to ictal states, the ictal event
eginning 5 s after the onset of the trace. The analysis which
ollows will focus on the relationship between neural activity
n the CA1 and CA3 regions of the hippocampus, with a view
o identifying the interaction dynamics of two regions. There is
natomical evidence of a projection from CA3 to CA1 (Li et al.,
994).

. Results

Wavelet transforms can be used to analyse non-stationary
ignals (van Milligen et al., 1995; Li et al., 2005a,b) and local-
zed wavelet coefficients are well suited for analysing EEG data
ecause they can indicate transient and evolutionary phenomena
idden in the EEG data (Saab and Gotman, 2005; Lachaux et
l., 1999; Li et al., 2005a,b). In the following section, the appli-
ation of wavelet transform to the real EEG recording in Fig. 1
s described; the aim is to describe the interaction dynamics of

wo neural networks during an epileptic seizure.

The wavelet power of the EEG data in Fig. 1 is plotted in
ig. 2A and B. Outside of the black curve indicates the ‘cone of

nfluence’, which means the region of wavelet spectrum due to

two signals at the time–frequency plane. (B) Cross wavelet coherence function,
cy plane.
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Fig. 4. Wavelet coherence of two neuronal oscillations from the CA3 and CA1 regions. The phase difference of cross spectrum is shown by arrow direction (in-phase:
a eans
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rrow pointing right, means CA3 leads CA1; anti-phase: arrow pointing left, m
ntegrated to describe the first-order relationship between the EEG signals. The
e-sampling of AFFT. (For interpretation of the references to color in this figure

he edge effect. From the wavelet power of neuronal oscillations,
he components that occur at the different time and frequency are
ndicated at the time–frequency domain. The difference between
euronal oscillations at the pre-ictal and ictal stage is clear; dur-
ng the ictal stage there are more high frequency components.
he scalogram displays the frequency content of the EEG data
ver time; in particular, the transients embedded in the EEG
ata can be revealed. As shown in Fig. 1, two EEG data sets are
enoted as CA3 (denoted by X) and CA1 (denoted by Y), and
heir MWT are WX and WY, respectively The plot of |WXY|2
isplays the coincident events at the time–frequency domain in
he two EEG data sets. Fig. 2C plots the coscalogram of the

wo neuronal oscillations in Fig. 1. The highlight points in the
gure identify areas of correlation, which means that there is a
orrelation between neuronal oscillations in the CA3 and CA1
ubfields at the same frequency band. In particular, it is easy

n
u
A
f

ig. 5. The phase synchronization of neuronal oscillations at the CA3 and CA1.
time–frequency). (For interpretation of the references to color in this figure legend, t
CA1 leads CA3). The amplitude and phase information in the EEG signal are
black line nearby the warmest colour (red) is the significant level of 99% with
d, the reader is referred to the web version of the article.)

o identify changes in correlation at the transition from pre-
eizure to seizure state in Fig. 2C; this contrasts with the results
rom traditional correlation techniques, which do not demon-
trate temporal correlation of different frequency components.
ross wavelet power is a measure of the similarity of power, at
ifferent frequency bands, in two separate neuronal oscillators.

Cross wavelet transform is a ‘direct’ measure of correlation
f two neural activities at the time–frequency domain, so the
alues estimated contain bias and noise information, in addi-
ion this method does not reveal the relationship of amplitude
nd phase at two neural activities separately. Often, the phase of
eural activity is more important than its amplitude during the

eural signal processing. To this end, WLCC and CWCF may be
sed, and are plotted in Fig. 3 for the data given in Fig. 1. Fig. 3
shows phase coherence of activity at the two neural sites; it is

ound that the phase coherence decreases during the transition

The bright colour indicates that there is phase synchronization in this area
he reader is referred to the web version of the article.)
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rom interictal to ictal. However, Fig 3B shows that the inten-
ity coherence increases during the transition from interictal to
ctal. This difference may reflect different mechanisms of neural
ynchronization.

Wavelet coherence provides a view of the localized correla-
ion with respect to both the time and frequency. Often, wavelet
oherence is called the first order correlation between the two
eural oscillations. Since the integration in wavelet coherence
educes the bias of correlation, wavelet coherence can give

more accurate localized correlation in the time–frequency
omain. In Fig. 4, a wavelet coherence between the neuronal
scillations from CA1 and CA3 is plotted. It can be seen that,
n the pre-ictal phase, there is a strong correlation in the 1–4 Hz
requency band. By contrast, in the first part of the ictal phase,
he correlation is highest in the frequency band of 4–8 Hz, falling
o 2–4 Hz later in the ictal phase; in addition, correlations at the
requency band of 8–32 Hz can be seen during the ictal stage. In
rief, wavelet coherence can accurately represent the covariance
etween two neuronal oscillations. The phase difference of the
wo neural oscillations is also shown as arrows in Fig. 4 through
ross wavelet spectrum; horizontal arrows pointing from left to
ight signify in-phase signals, whilst horizontal arrows pointing
rom right to left indicate anti-phase. The phase difference of
ross spectrum (arrow direction) is not identical to the wavelet
oherence; at the area of strong wavelet coherence, in-phase
r anti-phase is not found. This finding is similar to CWCL and
WCF in Fig. 3. Also, the wavelet coherence cannot completely
escribe the interaction of two neuronal oscillations, since it
imultaneously contains the amplitude and phase information
f neuronal oscillations.

Fig. 5 shows the phase synchronization between the neu-
al oscillations recorded from CA1 and CA3. The width of the
emporal window is set as 1 s with overlap of 50%, which is a
ompromise between noise reduction and temporal resolution.
t is found the strongest synchronization is in the frequency band
f 1–4 Hz. These low frequency oscillators are coupled by phase.
omparing the pre-ictal and ictal stages, it is found that the high

requency oscillators are only coupled by phase during the ictal
tage.

Above methods may reveal an intermittent linear correla-
ion between two neural oscillations, the non-linear correla-
ion such as phase coupling between two neural oscillations
s not indicated; phase coupling can be estimated by bicoher-
nce/bispectrum based on power spectrum (Bullock et al., 1997;
arnett et al., 1971; Jeffrey and Chamoun, 1994; Johansen and
ebel, 2000).

In the present analysis, wavelet bicoherence can reveal the
igher order correlation and quantify non-linear relationship
etween the neuronal oscillations in the CA3 and CA1 regions.
n Fig. 6, the bicoherence is plotted for the pre-ictal (A), seizure
nset (B) and ictal (C) stages. It can be seen that, during the
ctal stage, phase coupling between CA1 and CA3 is much more

arked than during the pre-ictal phase. This change is especially

emarkable at low oscillation and fast oscillation frequencies.
uring the pre-ictal stage, the phase coupling concentrates on

he oscillations with similar frequency band. The phase cou-
ling reduces at the stage of seizure onset. The modulation of

w
T
s

he contour plot are the significant level of 99% with re-sampling of AFFT.
For interpretation of the references to color in this figure legend, the reader is
eferred to the web version of the article.)

ow oscillation and fast oscillation may mean that the fast oscil-
ations are superimposed on the low frequency oscillation.

. Conclusion
In this paper, a computational tool based on the Morlet
avelet transform is proposed to analyse two neural oscillations.
he cross wavelet transform, coherence, bicoherence and phase
ynchronization of two neuronal oscillations has been described.
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he interaction dynamics between two neuronal oscillations
ere revealed through a real case. In the future work, this com-
utational tool will be extended to analyse the multiple neural
scillations and further reveal a mechanism of synchronous net-
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