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The analysis of synchronization, particularly phase locking, is being increasingly used in neuroscience 
to explore coordinated brain activity. The application of this methodology to magnetoencephalographic 
(MEG) and electroencephalographic (EEG) recordings would seem promising because these two 
recording techniques are not invasive and have great temporal resolution. However, current methods 
of synchronization analysis applied directly to raw MEG/EEG data may produce distorted results. In 
this work we introduce a model of brain activity based on random current dipoles that reproduces the 
main characteristics observed in measurements of real data synchronization, even when no 
synchronized activity is taking place among the sources. In particular we describe the effect of field 
superposition alone when secondary currents are excluded. It is also shown that the enhanced local 
synchronization, previously described in some studies of epileptic seizures, may result from the 
activity of only a few unsynchronized sources. We suggest three lines of research for further 
development and improvement to obtain more precise physiological interpretations of the 
synchronization analysis.  
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INTRODUCTION 
 
Phase synchronization, originally described by Huygens 
in the 17th century, is the phenomenon whereby 
oscillators with different natural frequencies begin to 
oscillate at the same frequency, providing that there is at 
least a weak coupling between them. During the past 20 
years new tools have been developed to measure the 
degree of phase synchronization in physical systems. 
The neurosciences are among the most popular areas 
where these measures have been applied; and in 
particular the synchronization of neural ensembles has 
been proposed as a solution to the so-called “binding 
problem”, attempting to explain human perception 
(Nunez, 2000; Eckhorn, 2000; Varela et al., 2001; Singer,  
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2006; Singer, 1994; Farmer, 1998; Fingelkurts and 
Fingelkurts, 2006). An important application of the 
analysis of synchronization has occurred in the des-
cription of epileptic brain activity (Cohn and Leader, 1967; 
Mormann et al., 2000; Le van Quyen et al, 2001; Chavez 
et al., 2003; Netoff and Schiff, 2002; Garcia Dominguez 
et al., 2005), major depression (Fingelkurts et al., 2007), 
schizophrenia (Breakspear et al., 2003), and Alzheimer’s 
disease (Stam et al., 2005), as well as in the normal brain 
under cognitive engagement (Varela et al., 2001; 
Fingelkurts et al., 2003; Bhattacharya et al., 2001). How-
ever, despite an abundance of results, there is still room 
for scepticism (Fingelkurts et al., 2005). Concerns 
regarding the correctness of synchronization analysis and 
its interpretation as applied to neurophysiology are 
twofold: theoretical and practical.  

In  order  to  explain  these  issues  we  will attach  two  
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different connotations to the word synchronization, 
performing a “dissection” that is normally overlooked in 
the field. We will denote as S-process the physical 
phenomenon of synchronization among neuronal 
populations, whereas we denote as S-measure the 
measurement of the degree of phase locked activity in 
the recorded data. Let us presume, for a moment, that 
this S-measurement is as clean as possible, free from 
any spurious interaction of the sort we will explain later. 
With this in mind, our theoretical concern stems from the 
following two questions: (1) Are S-processes really 
taking place in the brain? and, (2) If so, does the brain 
use these S-processes as a mechanism of information 
processing? By S-process we always mean a 
phenomenon delimited by some appropriate definition of 
synchronization. According to Pikovsky et al. (2001) 
synchronization is the “adjustment of rhythms of 
oscillating objects due to their weak interaction”. Using 
their definition, not necessarily every measure of phase 
locked activity (S-measure) is the result of an S-
process1. However, it may be the case that, even if the 
brain is not using S-processes (according to the 
previous definition), there is still some usefulness in 
performing S-measurements as a method of assessing 
interdependences of some sort. Having said that, there 
are still practical questions that must be positively 
answered: Are these S-measurements reliable in 
practical situations? And do we clearly understand what 
synchronizes with what? This study will be completely 
devoted to exploring this last issue. Since we will be 
dealing in this paper only with S-measures as applied to 
real data the “S-” dichotomy will be dropped from this 
point on and the term synchronization will be used more 
informally, for the most part meaning measured phase 
locking activity. Specifically, we will say that two signals 
are synchronized if they maintain a phase difference that 
is nearly constant over a period of time.  
 
 
METHODS 
 
The numerical examples shown in Figures 1-3 have been obtained 
from four different healthy subjects, whose ages are between 22 
and 32 years. Informed consent was obtained from the participants. 
These studies have been approved by the ethics board of the 
Hospital for Sick Children. The example of Figure 4 is from a 21 
year-old patient with developmental delay and secondary 
(symptomatic) generalized epilepsy, suffering from recurrent 
generalized tonic motor seizures despite antiepileptic medication 
treatment with phenytoin, lamotrigine and clobazam. Subjects were 
tested supine inside a magnetically shielded room. Magnetoence-
phalographic (MEG) and simultaneous electroencephalographic 
(EEG) data were recorded continuously (625 Hz sampling rate, DC-
100 Hz bandpass, third-order spatial gradient noise cancellation)  

                                                 
1 Consider as an example a continuous nonlinear relationship such as 
Y=X2. If X(t) oscillates continuously in the segment [A B] Y also 
oscillates with X in an apparent synchronized (phase-locked) regimen 
with a phase difference that depends on the specific segment spanned 
by X (i.e. [A B]). However this is clearly not a case of synchronization 
under weak interaction. 

 
 
 
 
using a CTF Omega 151 channel whole head system (CTF 
Systems Inc., Port Coquitlam, Canada).  

Here, initially, we will concern ourselves with the application of 
synchronization analysis to raw MEG data. The analysis we will 
employ is the classical analytical signal approach or Hilbert 
Transform (Gabor, 1946). However, our results are valid also for the 
case of wavelet based analysis, which has been proven to be 
equivalent (Le Van Quyen et al., 2001; Bruns, 2004). 
When measuring synchronization via the Hilbert Transform a series 
of phase differences is obtained and the goal is to measure how 
tight these values cluster about a single mean value. The more 
compact the cluster, the higher the synchronization, because a tight 
cluster is an indication that, over the period studied, there is an 
almost constant phase difference. A possible measure of this is the 
variance of the distribution of phase differences, however, this 
would be a poor measure given that the data is circular, hence the 
fact that zero and 2� represent the same angle would not be 
properly handled. The proper tool to measure the variance of 
circular data is the circular variance CVjk (sub indexes indicate it is 
a binary relationship, in this case, is the circular variance of the 
phase difference between channels j and k) or alternatively as is 
customary, the parameter Rjk=1-CVjk. Mathematically: 

 

 
 

Here |·| denotes the norm and <·> the mean value. 

 are the series of phase differences 
between the analytic signals of series indexed by j and k over a 
given time window T. In this study T = 1 sec. The parameter Rjk, 

which is defined here as the length of the vector , 
takes values between 0 and 1, where 1 means maximal 
synchronization.  

There is a second parameter of interest in the 

vector , and that is its angle in the complex plane. This 
angle, denoted by �jk, is the mean circular phase difference over 

the period T. In a synchronized regime, �jk is the actual phase 

difference at which this synchronization is materialized.  
In order to obtain the series of phase differences ��jk(t) signals 

are initially bandpassed and subsequently Hilbert-transformed. 
Filtering is usually a necessary prerequisite when working with real-
world data. Time series with a wide spectrum of frequencies behave 
erratically when we attempt to measure their phase. The Hilbert 
Transform is used to embed the one-dimensional  
trace into its natural two-dimensional representation, the analytic 
signal, where the phase can be naturally defined.  
 
 
RESULTS 
 
Distribution of the mean circular phase difference on 
Real data  
 
In principle, when two physical oscillators synchronize, 
the synchronization may occur under any possible phase 
difference. In some systems a distinction is clear: the 
phase difference under which synchronization occurs 
depends on the initial conditions, whereas whether or not 
the synchronization occurs depends on the physical 
parameters of the system, mainly, the coupling and the 
natural frequencies (Pikovsky et al.,  2001).  Two  vectors  
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Figure 1. Polar plots of Rjk exp( i�jk ). In each case 1000 values are randomly selected 

from 20 min segments of MEG recording. Each plot corresponds to a different subject. 
See that high values of Rjk (close to 1) are normally associated with � � 0 and, to a 

lesser extent, � � �. 
 
 
 
rotating in some space, where their phases can be 
somehow defined, can display phase differences ranging 
from 0 to 2� radians. If these two vectors are capable of 
synchronizing we should expect that, at some point, they 
will start to rotate at the same speed while no constraint 
on the phase differences can be expected other than 
remaining constant. 

What happens in the case of MEG data when the 
“synchronization regime” is attained? In Figure 1 we 
show four scatter plots, in polar coordinates, of a number 

of  vectors from randomly chosen pairs of 
simultaneous MEG signals recorded in four different 
normal subjects. Observe in this figure that high synchro-
nization is reached mainly when the corresponding �jk is 

around zero. The presence of an �jk far from 0 or � is 

unlikely in the measured synchronized states. 
This fact can be further demonstrated in Figure 2. In 

this case we consider a sort of polar histogram obtained 
from these data. In this case the data were distributed 
over 20 bins. Inside each, instead of performing a raw 
counting of the number of points, we weight the points by 
their corresponding Rjk-values and then normalize the 

result so that the total area sums up to one. The purpose 
of this weighting is to grant more importance to those �jks 

found within synchronized regimes. This is in contrast to 

phase differences that occur over desynchronized regim-
es, which will be trivially expected to be randomly 
distributed. Figure 2 clearly shows that there are actually 
two preferred phase differences where synchronization 
takes place, 0 and, to a lesser degree, �. Similar plots for 
the case of EEG are also shown in (Mizuharaa and 
Yamaguchi, 2007). 

There is a simple explanation to this observed sym-
metry. When two signals are obtained as the result of 
similar linear superposition of other signals, which are not 
necessarily correlated, the resulting mixture may be 
highly positively correlated. When this happens one may 
expect to measure high synchrony values at � = 0. On 
the other hand, a strong negative correlation also 
corresponds to high synchronization, but with a different 
phase difference of � = � (see appendix for details).  

Synchronization analysis is a more general measure of 

signal correspondence
2

 compared to the correlation 
coefficient: notwithstanding, there is an  intimate  connec- 

                                                 
2 Two highly correlated signals are synchronized but the converse is 
not necessarily true. That is, two synchronized signals are not 
necessarily correlated. In this sense synchronization is a more general 
concept of correspondence as compared to linear correlation.  
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Figure 2. Weighted histograms corresponding to the data presented in figure 1. The data was 
binned over 20 equal angles. The length of the bars represent the number of �jk values that fall 

within the corresponding limits weighted by their associated Rjk values. The purpose of the 

weighting is to demonstrate that synchronized intervals are mostly associated with 0 or � phase 
difference. 

 
 
 
tion with correlation at � = 0 and � = �, precisely the 
values most commonly obtained from the data. This 
coincidence may lead us to suspect that the interpretation 
of a synchronization process in a system with this 
characteristic phase difference distribution may be 
overstated when a simpler explanation based on signal 
superposition may apply. Whereas mixed signals due to 
field summation under the recording sensors may explain 
the case of � = 0, the case of � = � is not so 
straightforward. We will explain this case later in the 
section titled “the model”. There we will show that � = � is 
the result of the specific geometry of the electromagnetic 
field generated by current dipoles inside the head.  
 
 
Spatial organization of the circular variance in real 
data 
 
Let us now look at the spatial organization of the 
measured synchrony. In Figure 3 we map on schematic 
heads the synchrony values Rjk between one specific 

sensor and all of the others. Synchrony values are map-
ed using a colour coded scale. For each subplot a sensor 

was selected (c-sensor, marked by a circle) and the 
synchrony between that sensor and all of the others was 
mapped on the respective positions for the other sensors. 
In the first subplot we mark the positions for the other 
sensors with ‘x’ marks (x-sensors). The synchrony values 
have been interpolated between sensors to make the 
picture easier to visualize. The interpolation has kept the 
actual values of synchrony on each known position. Each 
plot corresponds to a different randomly selected time. In 
this figure a seemingly random distribution of synchrony 
values can be noted except for the constant pattern of 
high synchronization that relates each c-sensor with its 
neighbouring x-sensors. Regardless of which c-sensor 
we choose this area of high synchronization seems to 
follow the c-sensor. The question is: Does this regular 
pattern of high synchronization with neighbouring x-
sensors reflect a physiological phenomenon or a mea-
surement artefact?  

The area of neighbouring synchronization does not 
necessarily remain small. It can fluctuate in size, and it 
can expand during certain epochs, specifically during epi-
leptic seizures (Figure 4). This observation led our group 
initially to propose that,  during  seizures,  an  increase  in  
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Figure 3. Diagrammatic, colour coded mapping of Rjk-values relating the sensor 

marked with a circle (c-sensor) vs. the sensors marked with crosses (x-sensors). The 
crosses are shown only for the first case and omitted in the rest for clarity. Four 
different c-sensors are selected to show that the pattern of high synchronization with 
the neighbours is independent of the sensor selection. Frontal side always points 
upward, left side is left. No value has been assigned to the position of the c-sensor, 
which is theoretically 1. The space between the sensors has been filled with colour by 
interpolation over adjacent Rjk -values. 

 
 
 

 
 
Figure 4. The same type of plots as presented in Figure 3 during a single 
epileptic seizure. Note the enhanced area of high neighbouring synchronization. 
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Figure 5. Diagrammatic, colour coded mapping of Rjk-values relating the sensor 

marked with a circle vs. all the others. The data is obtained from 4 different realizations 
of the random current dipole source model. Fifty uncorrelated sources produce a 
pattern of high local synchronization similar to that observed in real data. 

 
 
local, but not distant, synchronization was a characteristic 
signature (Dominguez et al., 2005).  Thus far we have 
described synchronization in raw MEG data as composed 
of two salient features:  
 

1. Phase differences around 0 and � during 
synchronized states.  

2. High synchrony with neighbouring channels 
covering an area of varying size.  

 
Are these two features consequences of the physiology 
of the brain or are they the result of the way we record 
brain activity?  
 
 
The model  
 
In order to address this issue we developed a simple 
model of uncorrelated, unsynchronized brain activity. Let 
us explain the rationale: if high synchronization emerges 
from a model where current sources within the brain are 
purposely constructed to be unsynchronized, then the 
synchrony observed in raw MEG data might well be 
artifactual, or spurious. Furthermore, if the two salient 
features of measured synchronization in raw MEG data 
(points 1 and 2 described above) can be reproduced by 
the model, then this would provide additional evidence 

supporting the existence of spurious synchronization. 
In this model, the dynamic of the brain is presumed to 

be the result of a number of current dipole sources 
randomly distributed inside a volume of skull-like shape. 
To each source i we attach a randomly varying time 
series Si(t) whose temporal structure, by virtue of being 
constructed independently by randomly sampling from a 
flat distribution, is likely to be unsynchronized pairwise 
among sources. Each source, in addition to its Cartesian 
3D position, is modeled as a 3D vector that represents its 
magnetic momentum. Here for each synchrony 
measurement sampled over a certain time window the 
sources are varied only in amplitude, but not in position 
or direction. The time series Si(t) are drawn from a flat 

distribution between -Ai and Ai, with the Ai assumed to be 
equal for every source unless otherwise specified. The 
forward solution considers only the Biot-Savart law, thus 
no volume conduction effect is implemented. If under 
these circumstances we succeed in showing similarities 
with real data no volume conduction (secondary currents) 
is necessarily involved for a distortion of synchrony 
values to occur.  

Running the model with 50 sources (Figure 5) pro-
duces a pattern where areas of high synchronization are 
always present, and which closely resembles Figure 3. 
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Figure 6. A current dipole generates a magnetic field that may be registered as opposite 
contributions at specific sensors. Each sensor measures the projected magnitude of the 
magnetic field on its axis (red arrows). Notice that the field is projected in opposite directions 
to the depicted sensors. 

 
 
 
We see again the area of high synchronization surround-
ing the chosen channel. Since this area may increase in 
size during epileptic seizures, a natural question follows: 
Can we vary the size of this area by changing some 
parameters of this simple model? Or do we need to add 
more complex interactions? And if so, which parameters 
are these? We will see later (when discussing Figure 7), 
no other complexity needs to be added to this simple 
model in order to reproduce this specific scenario. But 
first, let us start by explaining the reason for the local 
synchronization in our model along phase difference. 

The case of a sole source is simple and clarifying. 
When only one varying dipole is present (and no other 
source of brain activity) the temporal structure of its 
magnetic field as recorded from each sensor will be 
identical except for a constant factor that is dependent 
only on the sensor, its position and orientation. This 
constant factor is the result of at most two contributions, 
one positive and one negative: (+) Because the source is 
seen at a different distance from each sensor, and 
because of the differential angle at which the magnetic 
field is projected to each sensor, the time series recorded 
at each sensor can differ by a positive factor.  

(-) Since the magnetic field flows in a circular fashion 
around the current source, sensors located at opposite 
sides of this current source vector will measure fields that 
are inverted in relation to one another. That is, the time 
series recorded at those sensors differ only by a negative 
factor. This fact is illustrated in Figure 6. 

Summarizing, each sensor perceives the same 
temporal structure except for a weighting factor that does 
not depend on the time course of the source but only on 

geometrical issues that relate the sensors to the source. 
Correspondingly, as synchronization is not affected by 
magnitude, the synchrony analysis in the case of a sole 
source will reveal a perfect synchronization between 
every pair of sensors. In the case (+) this synchronization 
will occur at � = 0 while in the case (-) this 
synchronization will occur at � = �. This last case is true 
because if one time series is an inverted and scaled copy 
of another both are perfectly synchronized with � = � 
(appendix, situation ii). By summing successively more 
and more randomly positioned uncorrelated sources the 
pattern of synchronization becomes successively more 
complex and a general tendency towards desynchroni-
zation will be observed. That is, the total synchronization 
integrated over every possible pair will decrease.  

When a number of sources are present they all 
contribute linearly to the measurement at every sensor. 
Sensors that are close together have similar distances to 
every source and also similar orientations; therefore, no 
matter how uncorrelated the sources are they are 
similarly integrated at those neighbouring sensors. Be-
cause of this, neighbouring sensors tend to be highly 
synchronized at � = 0. This can actually occur no matter 
how synchronized the sources are. Synchronization at � 
= � is more infrequent but can still appear when one 
source is more salient than the rest, for example, in the 
setting of an inhomogeneous distribution of source 
position, orientation or strength. We can appreciate this 
by increasing the strength of one or a few sources. In 
fact, a more realistic simulation may consider a back-
ground of many sources with little activity (strength) while 
a few others have relatively high activity.  In these cases   
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Figure 7. Each subplot represents the spatial distribution of synchrony associated with different 
strength distributions of sources. In each case, after 50 active sources are placed, a number N of 
these sources is randomly selected and their strength is increased 50 times. The number N 
corresponding to each subplot is 2, 5, 10 and 35 respectively (from left to right and top to 
bottom). Each figure is the average over 20 realizations randomly varying source position and 
temporal structure but not strength distribution. 

 
 
 
what is obtained is similar to the case without the 
background activity, provided the activity ratio between 
the few strong sources and the background is high 
enough. This situation can be appreciated in Figure 7 
where 4 cases of different source strength distribution are 
represented. The synchrony patterns mapped in each of 
these plots represent the average over 20 realizations of 
the model: in each realization sources are randomly 
placed but their strength distribution is kept constant. 
Each plot is the result of 50 active sources, in each case 
a number N of these sources is randomly selected and 
their strength is increased 50 times. The number N 
corresponding to each Figure is 2, 5, 10 and 35, 
respectively (from left to right and top to bottom). Note in 
these plots that the area of neighbouring synchronization 
around the c-sensor becomes smaller as more sources of 
high strength are added. Let us now come back to the 
description of the phase differences over which 
synchronization occurs in this model of random sources. 
In Figure 8 we see again that the prevalent phase under 
synchronization is 0, and, secondly, �.; note the resem-

blance with Figures 1 and 2. 
Since this exploration has been based uniquely on 

unsynchronized sources we performed a last simulation 
in which two synchronized sources are added to the 
unsynchronized background. In order to avoid the unlimit-
ed variation of potential explorations in the parameter 
space we choose simple setting: in a background of 20 
desynchronized sources (Rjk<0.2) two perfectly synchro-
nized sources (Rjk=1) are added with a phase difference 
equal to zero. In order to measure the effect of specific 
amplitude ratios between synchronized and unsyn-
chronized sources the amplitude of the two synchronized 
sources is increased in nine equally spaced steps from 
0.1 to 10, while the unsynchronized source amplitude is 
kept constant and equal to one. This represents a change 
from one tenth to ten times in the relative amplitudes 
between synchronized and unsynchronized sources. All 
sources are placed “cortical”, that is, on the surface of our 
head model, so that these relative amplitudes differences 
are not distorted by a differential weighting due to their 
distance to the sensor. The results are presented  in  Fig- 
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Figure 8. Polar plots of Rjk exp( i�jk ) and their associated weighted histogram (see figures 1 

and 2). The data is obtained from the random current dipole source model using 50 random 
sources. 

 
 
 
ure 9. The two synchronized sources are marked with "x". 
The c-sensor was selected as the one that is closed to 
one of the sources. The source next to the c-sensor will 
be named A and the other B. Each subplot is labelled by 
the actual amplitude of the synchronized signals. Each of 
these plots reports the average Rjk values across 20 
realizations to neglect random fluctuations. Figure 9 is 
easily interpretable as it is the result of an average across 
many realizations. Single realizations are not that neat, 
and can be shown to depend heavily on source orien-
tation and specific background source. Observe that 
around the third subplot a pattern of synchronization with 
two small areas, lateral to B (pointed by the arrows) 
emerges while the specific place where this B source is 
located is not synchronized. This pattern reflects syn-
chronization with the circular magnetic field induced by 
such source current: at one side is pointing upward and 
at the other downward. In one case this synchro-nization 
occurs with 0 (the original phase) and at the other side at 
pi. Four main characteristic may be impor-tant to stress 
about this final plot: 

1) We observe again the pattern of spurious local 
synchronization due to source summation, visible around 
the c-sensor, specifically in the first subplot, where the 
power of A and B is so weak that represents, basically, 
the case we have shown in the previous simulations (no 
source synchronization). The only difference is that, this 
time, sources are all superficially placed. 

2) Amplitude matters. High amplitude signals are more 
visible in the synchrony analysis. The independence 
between phase and amplitude (the merit of the synchro-
nization) is only valid when no source summation is 
taking place.  

3) New phase differences are created (the original 
phase difference plus �) as the result of the specific 
geometry of the magnetic field.   

4) The specific source location is distorted as there 
cannot be a synchronization value assigned directly on 
the spot occupied by the source. In this place, there is a 
singularity; synchronization is not well defined because 
the field flows perpendicular to the sensor axis and not 
net field is detected.  
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Figure 9. Two synchronized sources are placed in the position marked by ‘x’. The c-
sensor was selected based on its closeness to a given ‘x’. In this way we assure it is 
synchronized with its neighbour ‘x’. Twenty unsynchronized sources of unit amplitude are 
also added. Each subplot is label by the corresponding amplitude of the synchronized 
sources. Each subplot is the result of 20 averaged trials. In each trial unsynchronized 
sources are randomly placed. The source corresponding to the x mark at the bottom is 
fixed in orientation across trials, aiming the other x-source. 

 
 
 
DISCUSSION 
 
This work started by describing some characteristics 
derived from the synchronization analysis of real MEG 
data. We explored the phase differences that are likely to 
be found in raw MEG recordings under synchronized 
states. These phase differences were found to be distri-
buted around 0 and � with an almost complete absence 
of any other value. In addition, an area of high synchroni-
zation with neighbouring channels was seen to be typical 
regardless the neighbourhood selected. In order to 
explore whether these two features are artifactual or 
physiologically founded, a simple model of uncorrelated 
brain activity was created. Assuming unsynchronized 
neural activity, this model can explain the main features 
regarding the presence of high synchronization, phase 
distribution and spatial organization of the synchroni-
zation values that are found in real data. These parallels 
offer strong evidence in favour of the unsound character 
of real raw data synchronization. As a matter of 
clarification: we are not trying to show that synchroni-

zation does not exist in real brain activity, but only that 
the methodology used to measure synchronization of real 
raw MEG data is flawed. Indeed, synchronization of 
cellular activity, or perhaps more properly called 
coordinated activity, must exist in the nervous system 
and the brain in particular, as one main characteristic of 
brain information processing is the activation of a 
neuronal ensemble by the strong, correlated 
(coordinated/synchronized) input from one or other 
neuronal ensembles. This is termed, in the brain research 
jargon, functional connectivity among neuronal networks 
(Fingelkurts et al., 2005; Breakspear, 2004). The reason 
for the 0 and � phase  difference  dominance was 
explained through the simplest possible scenario, the 
single source model. We showed that the case of � 
phase difference appears solely as a consequence of the 
nature of the magnetic field which, by virtue of its 
symmetry, may be perceived by some sensors as 
inverted fields. In addition we note that, when sufficiently 
strong (e.g., detectable by every sensor), a single source 
may produce total synchronization.  This  case  is  clearly  



 
 
 
 
artifactual because in reality we are not measuring a 
group of sources but a unique source of activity3. When 
more complex distributions of current dipoles are consi-
dered, the result of the synchronization analysis becomes 
similar, in every sense considered, to the one obtained 
from raw MEG recordings. In this case the presence of 
synchrony mainly at � = 0 is purely spurious, that is, due 
to the nature of the measurement, which mixes signals, 
and not to the time series structure of the sources. A 
further explanation to the emergence of new phase 
differences is offered in the last experiment (shown in 
Figure 9), where synchronized sources are considered. In 
this case an anti-phase may be created under a wide 
range of current source directions. Based on this last 
analysis it is expected that under more complex synchro-
nized source distributions, more confounding patterns 
may emerge.  

The results discussed in this work have been 
specifically developed for the case of MEG recordings. 
However, with minor changes they are also applicable to 
EEG data. In a previous report we showed the problems 
associated with synchronization measures performed on 
scalp EEG data obtained from referential recording 
montages (Guevara et al., 2005). Consequently, the 
present study adds a second layer of uncertainty to EEG 
recordings.  

Is there any way to overcome these difficulties without 
abandoning the merit of the synchronization analysis? 
Although many of the issues presented in this paper have 
long been recognized to occur, not much attention has 
been devoted to this in the field of synchronization 
analysis. However, we can mention at least two 
interesting attempts to overcome these problems. One of 
them, proposed by Meinecke et al. (2005), consists of 
using a Blind Source Separation (BSS) procedure prior to 
the synchronization analysis to remove zero lag 
correlations. A general problem with this sort of technique 
is that to work properly the time course of the sources 
must be assumed to be statistically independent. Further-
more, removing interdependences would also remove 
true synchrony from the data if it exists. Aware of this 
problem, Meinecke et al. propose to use a milder 
assumption of independence, involving only decorrelation 
among sources. Removing correlations is certainly less 
restrictive than removing dependences of a general 
statistical sort, but nevertheless, with their methodology 
signals that are synchronized around � = 0 are not 
properly assessed. Let us mention again that a correla-
tion coefficient of 1 would imply synchronization at � = 0 
while -1 would imply � = � (appendix). Synchronization 
that occurs in the neighbourhood of � = 0 and � = � is 
equally disrupted by this BSS  technique.  If  synchroniza- 

                                                 
3 Although a unique detectable source of activity may only be produced 
by the correlated (synchronized) activity of a group of nearby cells this 
kind of correlated activity is not what is normally consider as 
synchronization in EEG/MEG recordings. We are only interested in the 
synchronized activity among different sources, separated cell groups. 
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tion in the brain arises from neural impulses that reach 
their target after a short delay then it is expected that 
synchronization, if it happens, may occur in the neigh-
bourhood of zero phase difference (Velazquez et al., 
2007) Indeed, the conduction of neural impulses is 
relatively fast compared to the frequencies normally 
examined in synchronization analysis. A separate issue 
associated with the BSS analysis is that the localization 
of the current dipole is left unspecified, as a channel 
permutation will not change the outcome of the analysis. 
Measuring synchronization among unidentified brain 
areas is not entirely appealing from a physiological 
perspective.  

The other attempt proposes to use a measure derived 
from coherence analysis, specifically, the imaginary part 
of coherence (Nolte et al., 2004). The complex coherence 
offers a more detailed picture of the nature of the 
synchronization process. In a way, this approach is 
similar to the complex representation of synchronization 
that we have been using in this study. The difference is 
that instead of dealing with the complex representation of 
each time series, Nolte et al. use the complex Fourier 
coefficients, and show that non-interacting sources 
produce real-value coherence (with no imaginary part). 
From here it can be inferred that the presence of an 
imaginary part can be attributed to the occurrence of 
some sort of interaction among sources. Although this is 
true, it does not follow that the imaginary part represents 
accurately the synchronization of sources. The measure 
is rather arbitrary because it weights non-zero phase 
differences. The imaginary part of coherence is the 
projection of the complex coherence vector on the 
imaginary axis. Correspondingly, phase differences of 
zero and � (artifactual or not) are eliminated, as in the 
BBS procedure, but then the rest are simply weighted by 
the sine function. Under this scheme the closer the phase 
differences are to �/2 the bigger the imaginary part. 
Physiologically, there is no necessary reason to 
overweigh non-zero/non-� phase differences. However, 
their findings may be used to propose a more accurate 
measure based on the statistical analysis of phase 
difference under the null hypothesis of spurious synchron 
nization. We are currently addressing this line of analysis 

In experiments where EEG/MEG recordings are 
obtained during successive trials of specific behavioral or 
cognitive tasks (Lutz et al., 2002; Gross et al., 2004) the 
application of synchronization analysis may again 
mislead us. If certain tasks evoke "synchronized activity" 
this result can alternatively be interpreted in terms of the 
natural event-related-potential (ERP) originating from the 
stimulus-locked but not-necessarily-synchronized 
sources. The presence of evoked- or event-related-
potentials affects the synchronization analysis in just the 
same way that we have already described. Correspond-
ingly, as in the classical studies of ERPs, the 
synchronized activity is only evident after a large number 
of trials are analyzed. Based on our findings, the simplest  
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hypothesis may be that the evoked- or event-related-
potentials are the sole response of the brain to those 
cognitive/behavioural tasks and that no synchronized 
activity is necessarily involved (see, however, discussion 
section in Fingelkurts et al., 2002). From the synchroni-
zation analysis4 of raw MEG/EEG recordings no definite 
evidence of synchronized activity can be legitimately 
stated.  

These limitations we have described are not conclu-
sive. The analysis of brain synchronized activity can be 
carry on provided new methodologies (see, for example, 
Fingelkurts AnA et al., 2005) or recording techniques are 
used. In this respect we consider there are at least three 
possible directions to take: 

a) The analysis of intracranial recordings or subdural 
electrodes where the sources are so close to the 
sensors that the superposition problem is substantially 
reduced. 
b) The application of some sort of inverse method or 
beamformer technique prior to the synchronization 
analysis. 
c) The implementation of a statistical test to reject high 
synchrony with phases around 0 and pi. 
 

As additional condition in (a) an almost-flat reference 
electrode or reference free montage must be considered  
(Guevara et al., 2005). The second point (b) has already 
been addressed by David O. et al (2001). This is a very 
promissory line that accomplished both source localiza-
tion and synchrony assesstment. However a careful 
evaluation about the limitations of the techique must be 
evaluated before prompt physiological interpretation is 
draw from the analysis. As the authors observed the 
solution to the inverse problem often prevent the recovery 
of the exact time course of the sources and consequently 
the synchronization analysis. On the other hand, if we 
want to avoid the complications associated with the 
inverse problem we can still produce sound results by 
using some appropiate test under some null hypotesis 
(c), for example, the simple model just presented in this 
study.  

In addition to this, the description we have presented 
here is of interest to those studies where strong sources 
are likely to appear (such as in seizures). On the other 
hand, if each sensor receives contribution only from local 
nearby neuronal populations that are unlikely to affect 
distant regions, then, the analysis of raw data is more 
justified (mostly when the focus is on synchronization 
between distant regions). This assumption is in fact a 
plausible defence of the synchronization analysis, even 
though it is a rather daring assumption which should be 
somehow backed up with further evidence within each 
specific study. 

In this work we have not only demonstrated the 
problems associated with  the  detection  of  synchroniza- 

                                                 
4 As defined within this paper.  

 
 
 
 
tion in the presence of mixed signals (which is an issue 
that has been mentioned before), but we have, in 
addition, presented a model of uncorrelated brain activity 
that reproduces the main geometrical features found in 
synchronization analyses of raw MEG data. The model 
that has been implemented does not consider the whole 
volume conduction effect which has been argued before 
as one of the main reasons for a distorted synchrony or 
coherence5 (Lachaux et al., 1999; Nunez et al., 1997). 
Instead, what we have described is only due to the 
superposition effect of primary currents. This clearly 
indicates the great amount of uncertainty regarding the 
true source synchronization of real data (the S-process 
described in the introduction). Another important 
consequence of our analysis of random sources is the 
observation that the pattern of highly synchronized 
neighbouring areas, a phenomenon that has been 
observed during epileptic seizures, may be the result of 
an unequal arrangement (distribution) of power among 
random sources where only a few sources have an 
augmented strength that superimposes on a background 
of uncorrelated activity. In other words, a seizure – even 
a major motor clinical event in a “generalized” epilepsy 
syndrome – may conceivably represent the expression of 
the unsynchronized activity of a few powerful sources. 
This fact may bring a new perspective on the nature of 
seizures.  
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Appendix  
 
1) Under a suitable variable transformation two linearly 
correlated variables are related by x' = mx. This general 
expression holds whenever we have two variables 
showing a correlation coefficient of 1 in absolute value.  
The Hilbert Transform (H), the operation required to 
define the phase of a signal, for x and x' would 
respectively be:  
Hx = H(x) and Hx' = mH(x) since H is a linear 
transformation 
The corresponding new analytic signals are then 

expressed as z = x + iHx and  z' = m(x + iHx) 
Two cases can be considered: (i) m > 0 (positive 
correlation) and (ii) m < 0 (negative correlation)  

                                                 
5  Many authors consider primary and secondary currents as part of the 

volume conduction. In our model of superposition only primary 
currents are taken into consideration. 



 
 
 
 

i. In this case it can be readily observed that 
vectors z and z' are colinear, one is a multiple of the 
other, so they have the same angle, i.e. their phase 
difference is zero. Conclusion: a positive perfect 
correlation implies a perfect synchronization at zero 
phase difference.  
ii. In this case vector z is antiparallel with z', 
consequently their phase difference is �. Conclusion: 
a negative perfect correlation implies a perfect 
synchronization at � phase difference.  
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