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Abstract The present work intends to evaluate the dynamics of the cerebral networks during the preparation and the
execution of the foot movement. In order to achieve this
objective, we have used mathematical tools capable of
estimating the cortical activity via high-resolution EEG
techniques. Afterwards we estimated, the instantaneous
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relationships occurring among the time-series of sixteen
regions of interest (ROIs) in the Alpha (7–12 Hz) and Beta
(13–29 Hz) band through the adaptive multivariate autoregressive models. Eventually, we evaluated the weightedtopology of the cerebral networks by calculating some
theoretical graph indexes. The results show that the main
structural changes are encoded in the highest spectral
contents (Beta band). In particular, during the execution
of the foot movement the cingulate motor areas (CM) work
as network “hubs” presenting a large amount of outgoing
links to the other ROIs. Moreover, the connectivity pattern
changes its structure according to the different temporal
stages of the task. In particular, the communication between
the ROIs reaches its highest level of efficiency during the
preparation of the foot movement, as revealed by the
“small-world” property of the network, which is characterized by the presence of abundant clustering connections
combined with short average distances between the cortical
areas.
Keywords High-resolution EEG . Adaptive MVAR .
Granger causality . Graph theory

Introduction
The necessity of an objective comprehension of the
relationships among the different brain structures is
assuming an essential role in Neuroscience (Horwitz
2003). Indeed, several methods with the aim of estimating
the functional links among such structures have been
proposed and discussed in literature (David et al. 2004;
Lee et al. 2003). However, since the resulting connectivity
patterns could have a relatively large size and a complex
structure, the interpretation of these functional networks

24

remains an open issue. Consequently, there is a wide
interest in the development and validation of mathematical
tools that are appropriate to spot relevant features that
describe those cerebral networks (Stam 2004; Salvador et
al. 2005; Tononi et al. 1994; Sporns et al. 2004). The
oscillatory behaviour of the brain’s electrical activity
indicates that frequency coding is one of the major
candidates of its functioning (Basar 2004). Hence, many
methods have been developed to estimate functional
connections between brain areas in the frequency domain
by using EEG or MEG recordings (David et al. 2004).
Among these, the use of multivariate auto-regressive
(MVAR) models for the estimation of cortical connectivity
are particularly interesting as they characterize at the
same time the direction and the spectral properties of the
interaction between different cerebral signals and they
require only one model to be estimated from all the time
series (Kaminski and Blinowska 1991). However, the
original definition of these methods requires the stationarity of the signals. Moreover the transitory transfer of
causal information could remain hidden since a unique
model is estimated on the whole time interval. On the
other hand, brain connectivity is often modulated by rapid
changes in time and frequency and the necessity to detect
these dynamics has been recently underlined (Boccaletti et
al. 2006). The stationarity hypothesis could bias the
physiologic interpretation of the results obtained with the
different frequency-based connectivity techniques available
in literature.
Recently, other algorithms for the estimation of MVAR
with time dependent coefficients have been developed in
order to overcome this limitation (Ding et al. 2000; Moeller
et al. 2001). In view of the fact that a graph is a
mathematical representation of a network, which is essentially reduced to nodes and connections between them, a
way to characterize the topological properties of the
cerebral networks was proposed using a graph theoretical
approach (Strogatz 2001; Sporns et al. 2004; Stam 2004).
In particular, Watts and Strogatz (1998) proposed two
characteristic measures, the average shortest path L and the
clustering index C, to extract respectively the global and
local properties of the network structure. They showed that
graphs with many local connections (i.e. with a high C) and
few random long distance connections (i.e. with a low L)
identify a particular model that interpolate between a
regular lattice and a random structure. Such models are
designated as “small-world” networks in analogy with the
concept of the small-world phenomenon observed more
than 30 years ago in the social systems (Milgram 1967).
Different types of real networks were shown to share these
small-world features (Strogatz 2001; Stam 2004; Salvador
et al. 2005). In the context of the brain connectivity these
properties were demonstrated to reflect an optimal archi-
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tecture for the information processing (Lago-Fernandez et
al. 2000; Sporns et al. 2000). The large part of these studies
often referred to unweighted and undirected networks.
However, the empirical results demonstrate that purely
topological models, which neglect weight and direction of
the connections, are inadequate to explain the rich and
complex properties observed in real systems (Boccaletti et
al. 2006). According to this observation, some indexes were
proposed for weighted and directed graphs in order to
achieve the whole available information from the considered networks (Yook et al. 2001; Latora and Marchiori
2003).
The aim of this study is to evaluate the functional
dynamics of the cortical network in every time-point during
the preparation and the execution of the foot movement.
This perspective seems relevant, since the large part of the
current methods for the estimate of the functional connectivity return static relationships from fixed time-windows of
brain activity. On the contrary, the change of direction and
intensity of the functional links could point out some new
insights about the transient processes that are supposed to
occur among different specialized cortical areas and that
cannot be observed by means of static or low-time
resolution methods. In this study, the cortical connectivity
is expected to rapidly change according to the different
stages during the preparation and the execution of the foot
movement.

Materials and Methods
EEG Recordings
Five voluntary and healthy subjects participated to the
study (age, 26–32 years; five males). They had no history
of neurological or psychiatric disorder, and they were free
from medications, or alcohol or drug abuse. The informed
consent statement was signed by each subject after the
explanation of the study, which was approved by the
local institutional ethics committee. For the EEG data
acquisitions, the participants were comfortably seated on
a reclining chair in an electrically shielded and dimly lit
room. They were asked to perform a dorsal flexion of
their right foot, whose preference was previously attested
by simple questionnaires (Chapman et al. 1987). The
movement task was repeated every 8 s, in a self-paced
manner and 200 single trials were recorded by using
200 Hz of sampling frequency. A 96-channel system
(BrainAmp, Brainproducts GmbH, Germany) was used to
record EEG signals by means of an electrode cap and EMG
electrical potentials through surface electrodes. In accordance to an extension of the 10–20 international system, the
electrode cap was composed by 64 channels. The structural
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MRIs of the subject’s head were taken with a Siemens 1.5T
Vision Magnetom MR system (Germany). Three dimensional electrode positions were obtained by using a
photogrammetric localization (Photomodeler, Eos Systems
Inc., Canada) with respect to the anatomic landmarks:
nasion and the two pre-auricular marks. Some trained
electroencephalographists visually inspected EEG data and
all the trials containing artefacts were rejected. Subsequently, they were baseline adjusted and low-pass filtered at
45 Hz.

Estimation of the Cortical Activity
High-resolution EEG technologies have been developed to
enhance the poor spatial information of the EEG activity
(Le and Gevins 1993; Gevins et al. 1994; Nunez 1995).
Principally, this technique involves the use of a large
number of scalp electrodes (64–256), although this aspect is
not its unique feature. Indeed, high-resolution EEG technologies use realistic MRI-constructed subject head models
(Babiloni et al. 1997, 2000) and spatial de-convolution
estimations which are commonly computed by solving a
linear inverse problem based on boundary-element mathematics (Grave de Peralta Menedez and Gonzalez Andino
1999). In the present study, the cortical activity from EEG
recordings was estimated by using a realistic head model
whose cortical surface consisted of about 5,000 triangles
uniformly disposed. The estimation of the current density
strength for each triangle, which represents the electrical
dipole of a particular neuronal population, was computed
by solving the linear inverse problem according to
techniques described in previous works (Babiloni et al.
2005; Astolfi et al. 2006). The electrical activity of different
Regions of interest (ROIs) was obtained by averaging the
current density of the various dipoles within the considered
area.
The present experiment was based on sixteen regions of
interest that were segmented from the cortical model of
each subject. The ROIs considered for the left (_L) and
right (_R) hemisphere are the primary motor areas of the
foot (MF_L and MF_R), the proper supplementary motor
areas (SM_L and SM_R) and the cingulate motor areas
(CM_L and CM_R). The bilateral Brodmann areas 6 (6_L
and 6_R), 7 (7_L and 7_R), 8 (8_L and 8_R), 9 (9_L and
9_R) and 40 (40_L and 40_R) were also considered. In
order to inspect the brain dynamics during the preparation
and the execution of the studied movement, a time segment
of 2 s was analyzed, after having centred it on the onset
detected by a tibial EMG. The most interesting cerebral
processes concerning the detected movement are actually
thought to occur within this interval (Pfurtsheller and Lopes
da Silva 1999).
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Time-varying Connectivity
The Partial Directed Coherence or PDC (Baccalà and
Sameshima 2001) is a spectral measure used to determine
the directed influences between any given pair of signals in
a multivariate data set. As recently stressed (Kus et al.
2004), the multivariate approach avoids the problem of the
estimation of spurious functional links, which is very
common in conventional bivariate approaches like the
spectral coherence. The PDC is obtained from a unique
MVAR model estimated on the entire set of trials, according
to the method proposed by Ding (Ding et al. 2000). The
collection of EEG signals from these trials is treated as an
ensemble of the realizations of a non-stationary stochastic
process with locally stationary segments. In particular, if
multiple performances of the same process are available,
the method computes the covariance matrix of the whole set
of EEG signals for each trial. Eventually the average across
all the realizations give as result the final estimate of the
covariance matrix. MVAR models have been already
applied to cortical waveforms estimated from high-resolution
EEG recordings, in order to achieve functional connectivity
networks during cognitive and motor tasks, the latter in
both normal subjects and spinal cord injured patients
(Babiloni et al. 2005; Astolfi et al. 2005, 2006, 2007; De
Vico Fallani et al. 2007b). The main limitation of this
method in its paradigmatic formulation is the signal
stationarity requirement within the examined period. In order
to overcome this restriction, a time-varying formulation of
PDC based on adaptive MVAR (aMVAR) models was thus
employed in the present study. This measure is very
interesting for estimating a connectivity pattern for each
time-point and maintaining the same time resolution of the
employed brain-imaging technique. The time-dependent
parameter matrices were estimated by means of the recursive
least squares algorithm with forgetting factor (RLS), as
described in other studies (Moeller et al. 2001; Hesse et al.
2003). The multivariate Akaike’s criterion was applied on
each time sample and the highest order obtained was then
utilised in all the recursive estimations. The order of the used
aMVAR models ranged from 14 to 16 for all the
experimental subjects.
Statistical Validation The rough connectivity estimation
produces a full connected weighted and asymmetric matrix,
representing the Granger-causal influences (Granger 1969)
among all the cortical regions of interest. In order to
consider only the task-related connections, a filtering
procedure based on statistical validation was adopted. In
each trial, a rest period of 2 s preceding the movement was
selected as an element of contrast (from −4 to −2 s before
the onset). The connection intensities regarding the pairs of
ROIs for each time sample were collected in order to
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obtain, a distribution of values belonging to the rest period.
A threshold range was then extracted from the values of the
rest-distribution by considering a percentile of 0.01 and
0.99, respectively, for the lowest and highest edge, with the
aim of testing the significance of the estimated connections
within the period of interest. After statistical filtering, the
remaining weighted connections represent the significant
relationships among the ROIs that characterize the experimental task.

strength index integrates the information of the links’
number (degrees) with the connections’ weight, thus
representing the total amount of outgoing intensity from
a node or incident intensity into it. The time-dependent
formulation of the in-strength index sin can be introduced
as follows:

Graph Analysis

It represents the whole functional flow incoming to the
vertex i at the time t. V is the set of the available nodes and
wij(t) is the weight of the particular arc from the point j to the
point i at the time t. In a similar way for the out-strength:
X
sout ði; t Þ ¼
wji ðt Þ
ð3Þ

A graph is an abstract representation of a network. It
consists of a set of vertices (or nodes) and a set of edges (or
connections) indicating the presence of some sort of
interaction between the vertices. The adjacency matrix A
contains the information about the connectivity structure of
the graph. When a weighted and directed edge exists from
the node i to j, the corresponding entry of the adjacency
matrix is Aij ≠0; otherwise Aij =0. In the four following
paragraphs, we introduce the extension to time-varying
analysis of several indices that have been used to
characterize weighted and directed graphs.
Network Density The simplest attribute for a graph is its
density k, defined as the actual number of connections
within the model divided by its maximal capacity; density
ranges from 0 to 1, the sparser is a graph, the lower is its
value. When dealing with weighted networks, a useful
generalization of this quantity is represented by the
weighted-density kw, which evaluates the intensities of the
links composing the network. A time-varying formulation
of this variable is given by the following:
X
kw ½Aðt Þ ¼
wij ðt Þ
ð1Þ
i6¼j2V

Where A(t) is the adjacency matrix at the time t and wij(t)
is the weight of the respective arc from the point j to the
point i. V=1...N is the set of nodes within the graph. At
each temporal point, the time-varying weighted-density
gives information about the level of overall connectivity
and constitutes the basis for correct analysis of all other
graph parameters.
Node Strength In the same way, the simplest attribute of a
node is its connectivity degree, which is the total number of
connections with other vertices. In a weighted graph, the
natural generalization of the degree of a node i is the
node strength or node weight (Yook et al. 2001). This
quantity has to be split into in-strength sin and out-strength
sout, when directed relationships are considered. The

sin ði; t Þ ¼

X

wij ðt Þ

ð2Þ

j2V

j2V

It represents the whole functional flow outgoing from the
vertex i at the time t. wji(t) is the weight of the particular arc
from the point i to the point j at the same time t.
Strength Distributions For a weighted graph, the arithmetical average of all nodes’ strength <s> gives little
information about the distributions of the links intensity
within the system. Hence, it is useful to introduce R(s) as
the fraction of vertices in the graph that have strength equal
to s. In the same way, R(s) is the probability that a vertex
chosen uniformly at random has weight =s. Introducing the
temporal variable, a plot of R[s(t)] for any evolving network
can be constructed by making a histogram of the vertices’
strength for each time point. This histogram represents the
strength distribution of the graph and allows a better
understanding of the strength allocation in the system
throughout time. In particular, when dealing with directed
graphs, strength distribution has to be split in order to
consider in a separated way the contribution of the
incoming and outgoing flows.
Network’s Structure Two measures are frequently used to
characterize the local and global structure of unweighted
graphs: the average shortest path L and the clustering index
C (Watts and Strogatz 1998; Newman 2003; Grigorov
2005). The former measures the efficiency of the passage of
information among the nodes, the latter indicates the
tendency of the network to form highly connected clusters
of nodes. Recently, a more general setup has been
examined in order to investigate weighted networks
(Boccaletti et al. 2006). In particular Latora and Marchiori
(2001) considered weighted networks and defined the
efficiency coefficient e of the path between two vertices
as the inverse of the shortest distance between the vertices
(note that in weighted graphs the shortest path is not
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necessarily the path with the smallest number of edges). In
the case where a path does not exist, the distance is infinite
and e=0. The average of all the pair-wise efficiencies eij is
the global-efficiency Eglob of the graph. The time-varying
global-efficiency can be defined as:
Eglob ½Aðt Þ ¼

X 1
1
N ðN  1Þ i6¼j2V di;j ðt Þ

ð4Þ

where N is the number of vertices composing the graph.
Since the efficiency e also applies to disconnected
graphs, the local properties of the graph can be characterized by evaluating for every vertex i the efficiency
coefficients of Ai, which is the sub-graph composed by
the neighbours of the node i. Thus, the time-varying localefficiency Eloc is the average of all the sub-graphs globalefficiencies computed at the time t:
Eloc ½Aðt Þ ¼

1 X
Eglob ½Ai ðt Þ
N i2V

ð5Þ

Since the node i does not belong to the sub-graph Ai, this
measure reveals the level of fault-tolerance of the system,
showing how the communication is efficient between the
first neighbours of i when i is removed. Global- (Eglob) and
local-efficiency (Eloc) were demonstrated to reflect the same
properties of the inverse of the average shortest path 1/L
and the clustering index C (Latora and Marchiori, 2003).
Hence, the definition of small-world can be rephrased and
generalized in terms of the efficiency indexes (Boccaletti et
al. 2006; Stam and Reijneveld 2007). Small-world networks
have high Eglob (i.e. high 1/L) and high Eloc (i.e. high C).
This original definition seems to be attractive since it takes
into account the full information contained in the weighted
links of the graph and provides an elegant solution to handle
disconnected vertices.
In the following we will refer to the inverse of the
average shortest path 1/L and to the clustering index C,
since in general the term “efficiency” implies some a-priori
interpretation depending really on what the graph models. It
is worth to mention that in the present study the term
“communication” stands for the existence of functional
links between ROIs, estimated in specific frequency bands
during the preparation and the execution of a simple
movement.
Contrast with Random Graphs All the indexes calculated
on the cortical networks were standardized by considering
their Z-score with respect to the distribution obtained from
50 random graphs. For each frequency band and timesample, random patterns were generated from the cerebral
network of each subject, by shuffling the connections and

maintaining the same in- and out-degree, but not the same
strength. (Sporns and Zwi 2004)
Group Analysis A common number of connections (or
density) has been considered in each weighted graph in
order to analyze the structure of the cortical networks
across all the subjects, frequency bands and time samples.
In fact, when seeking a common behaviour among different
networks, the mathematical indexes that evaluate their
properties could suffer in robustness when they apply to
graphs with different densities. Consequently, this study
will take into consideration 48 connections (i.e. density=
0.2) for each network obtained by removing the weakest
links from each weighted graph. The choice of this
connection-density was surely the most favourable condition for the significance of the indexes of the network
structure (1/L and C). At a more specific analysis, it has
been found that these indexes keep their usual independency—characterized by their ability to detect global and local
properties—even in a small 16 nodes-graph (data not
shown here).

Results
Figure 1 presents on the left a superimposition of the
electrode montage with the actual head structures for a
representative subject, as an example for the different steps
involved in the estimation of the high resolution EEG
signals obtained in this study. The locations of the regions
of interest (ROIs) are illustrated in colour on the left
hemisphere of the cortex together with their estimated
temporal activity.
Figure 1 also shows the time-varying power spectrum
densities (PSD) for the ROIs of the representative subject.
They have been computed by means of the same MVAR
model employed in the estimation of the evolving connectivity patterns. The time–frequency maps reveal the typical
drop of spectral power during the neuron desynchronization
(Pfurtscheller and Lopes da Silva 1999), which occurs in
the motor areas in proximity of the execution of the
movement, especially in the Alpha (7–12 Hz) and Beta
(13–29 Hz) frequency bands. As described above, the use
of the time-varying Partial Directed Coherence (PDC) on
the cortical waveforms obtained from EEG signals returns a
cortical network for each selected time sample and
frequency. In the present work, we focused our analysis
on two particular spectral ranges related to the movement,
specifically the Alpha and Beta band. In fact, those
frequency bands have been suggested to be the most
responsive channels to the preparation and execution of a
simple limb movement (Pfurtscheller and Lopes da Silva
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Fig. 1 Realistic head model for the representative subject. On the
right hemisphere of the scalp the positions of the electrodes are
depicted as white little spheres. On the left hemisphere of the cortex
all the cortical regions of interest are displayed in colour and

opportunely labelled. The trial-averaged waveforms (Cortical Current
Density) for a particular subset of areas (7_L, MF_L, SM_L, CM_L,
9_L) are illustrated together with their time-varying Power Spectrum
Density (PSD in decibel)

1999). Figure 2a shows the average connectivity patterns in
three particular moments for the representative Beta
frequency band. In particular, each network shows the
average intensity of the connections that are in common at
least to three subjects.
In this figure, one arrow from the node X to the node
region Y indicates the existence of a statistically significant
Granger causality relationship between the cortical areas
they are representing. The time-varying strength indexes
computed for each subject have been contrasted with the
values obtained from the respective random structures,
to be able to return a statistical significance (see “Materials
and Methods”—“Graph Analysis”). As regards the time
points preceding (about −560 ms) and following (about +
920 ms) the movement onset, the functional network of the
subjects showed a configuration that is very different from
the relevant random structure, as revealed by the general
high Z values of their strength indexes. In particular, intense

functional links from the cingulate motor areas of both the
hemispheres (CM_L and CM_R) to the supplementary
motor areas (SM_L and SM_R) can be observed during all
the three considered moments. Figure 2b shows the instrength values for the average network during the three
moments of interest previously considered in Fig. 2a. Among
all the cortical regions, the supplementary motor areas of
both hemispheres (SM_L and SM_R) show the highest
values of in-strength index. In the time points that precedes
the onset movement (−560 ms) also the right and left
primary motor areas of the foot (MF_L and MF_R) present a
considerable number of incoming functional links. Figure 2c
shows the average values of out-strength obtained during the
three time points of interest estimated from the graphs
showed in Fig. 2a. In this particular case, it is evident that the
large part of the cortical areas does not produce outgoing
edges, while the bilateral cingulate motor region (CM_L and
CM_R) presents very high out-strength values. The whole
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Fig. 2 a Representation of the average networks in the Beta
frequency band during three characteristic instants. Each pattern
shows the average intensity of the connections that are common to
three subjects at least. The Granger-causality from an area X to Y is
represented by an arrow; the intensity of this relationship is coded by
its size and colour. The lighter and bigger is the arrow, the higher is
the intensity. b Values of “in-strength” Sin(t) for the average networks
in the Beta band during the same instants. The functional flow, which

incomes into each region of interest, is represented on the cortex by a
sphere localized in correspondence to the barycentre of the respective
area. The intensity of the index is encoded by the size and colour of
each sphere. The lighter and bigger is the sphere, the higher is the
strength. c “Out-strength” Sout(t) for the Beta band. Same conventions
as in b. The absence of spheres in correspondence of some ROIs
means lack of outgoing links

time progress of the strength indexes during the analyzed
period of interest (2 s) was inspected for each subject and
frequency band. Figure 3 shows the average Z-scores of the
in- and out-strength indexes obtained from the analyzed
population in the Beta band. In this figure only the ROIs
presenting a significant behaviour during the entire period
are illustrated.
It is remarked that throughout the large part of the
movement execution, the in-strength values of the cingulate
(CM_L, CM_R) and supplementary (SM_L, SM_R) motor
areas are significantly (p<0.01) higher than the ones
obtained from a random re-distribution of the links. As
regards the out-strengths, only the CM_L and CM_R
presented a significant higher level of involvement when
compared with the random graph. The analysis of the Alpha

band allowed us to draw similar conclusions about the
persistently high (p<0.01) values of in- and out-strength in
both the CM areas; in opposition with the Beta band, both
the SM regions did not show statistically significant values
(data not shown here).
It is necessary to compute the distributions of the
strengths of the estimated functional cortical networks in
order to achieve a more detailed analysis. The examined
distribution represents the fraction of vertices in the graph
that have strength equal to a value s. The distributions of
each subject have been contrasted with the ones obtained
from the respective random networks in order to test their
significance (see “Materials and Methods”—“Contrast with
Random Graphs”). In particular, for each time point we
contrasted the histograms of the strength distribution
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Fig. 3 Representation of the time-varying “strengths” for a group of
ROIs in the Beta band. Each sub-plot describes the evolving
behaviour of a particular region within the cortical network and
during the entire period of the task. The latency from the movement

onset is shown on the X-axes. Red or blue lines represent the average
of the in- or out-strength Z-scores obtained from all the subjects. The
lighter lines around the mean value indicate the profiles of the 25th
and 75th percentile

between the cortical and the random network. Figure 4
shows the average Z values in the analyzed population for
the time-varying in- strength Rin(t) and out-strength Rout(t)
distributions in the Beta frequency band.
The latency from the onset movement is represented on
the abscissas of the figure, while on the ordinates the
strength bins of the histograms previously computed are
scored. The colour encodes the intensity of the computed Z
value for the R index that measures how much the fraction
of ROIs, having at a particular time t a strength equal to s,
is different from a random configuration. An interesting
result is that in-strength (Rin) and out-strength (Rout)
distributions show different characteristics. In fact, as
shown in Fig. 4b the Rout index reveals statistically
significant (p<0.01) differences from the random case.
The high Z-scores in correspondence with the high values
of Sout (i.e. the “right tail” of the distribution) suggest the
presence of few ROIs with a very high level of outgoing
flows, which makes them act as cortical “hubs.” In
particular, the intensity of their outgoing links seems to
increase as time elapses from the movement preparation to
the movement execution, as revealed by the respective shift

of the significant Z values towards high levels of outstrength. The general distribution of the incoming flows
within the functional network does not present significant
differences from a random behaviour. In fact, inspecting
Fig. 4a it is evident that the overall Z-scores of Rin are not
statistically significant (with many values between −1.96
and 1.96). These low values of Z suggest that the instrength distributions of the estimated cortical networks for
the movement preparation and execution have the same
profile as the distributions computed from the random
graphs, which are known to show a uniform distribution of
their flows and the absence of “hubs.” Analogous results
were observed in the Alpha frequency band where only the
average out-strength distributions showed significant Zscores in correspondence with their tails (data not shown
here).
As described in the “Materials and Methods,” the level
of organization in the time-varying cortical networks during
the foot movement was analyzed by computing the
efficiency coefficient e. On a global scale, this index was
employed for calculating the inverse of the average shortest
path 1/L that measures the “overall communication” among
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Fig. 4 a Representation of the time-varying “in-strength distributions” Rin(t) during the period of interest in the Beta band. The latency
from the movement onset is shown on the X-axes; the in-strength (Sin)
values on the Y-axes. The colour encodes the group-averaged intensity
of the Rin Z-score. In particular the light grey colour stands for the
absence of ROIs with Sin >0 at the instant t. b The group-averaged Zscores of the “out-strength distributions” Rout(t) in the Beta band,
represented in accordance with the previous conventions

the units of the network. On a local scale, the efficiency
coefficient gives as a result the measure for the clustering
index C that represents the tendency of the network to form
clusters that mutually share functional connections. The 1/L
and C indexes estimated in every subject from the
respective cortical networks were contrasted with the ones
obtained from the respective random structures. It is worth
to mention that among the possible network configurations,
random graphs have the highest values of the inverse of the
average shortest path and the lowest values of the clustering
index. Therefore, high values of 1/L will be assessed when
the respective Z-score is not significant (p≥0.05). On the
contrary the high values of C will be assessed when the
respective Z is significantly (p<0.05) higher than random
patterns. Figure 5a shows the average Z-scores of the timevarying 1/L (blue line) and C (red line) of the connectivity
patterns in the Beta frequency band.
Table 1 summarizes in a schematic way the average
behaviour of the indexes obtained during the task performance of the analyzed population. In particular, 1 s before
the onset movement (from about −1 to −0.5 s), the cortical
networks mostly show low values of 1/L and C. Throughout the period closer to the execution of the movement
(from about −0.5 s to the onset), both the global and local
properties increase and in correspondence with it, we
observe high values of 1/L and C. After the onset (from
the onset to +0.5 s), the estimated cortical networks still
present high values of 1/L but not with C, whose values
lower significantly. In the last part (from about +0.5 to +1 s)
of the movement execution the C index is in general high,
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while the 1/L index follows a decreasing slope with rather
low values. The analysis of the structure indexes 1/L and C
in the Alpha band did not reveal a particular sequence of
different network configurations. Indeed the estimated
connectivity patterns showed a constant time-course of
low 1/L and high C during the preparation and the
execution of the foot movement (data not shown here).
Figure 5b shows the average time-varying course of the
weighted-density kw in the Beta band during the analyzed
period of interest. In general, a progressive increase of kw
can be observed as time approaches the onset movement,
although a short and rapid decay occurs at about 500 ms
after the onset movement. The behaviour of the average
weighted-density in the Alpha band showed a highest level
of overall connectivity with respect to the Beta spectral
content (data not shown here) and a progressive increase
from the preparation to the movement execution, as
observed in the Beta band.

Discussion
This work aims at evaluating the functional dynamics of the
cortical networks during the moments characterizing the
preparation and the execution of the foot movement. Some
indexes deriving from graph theory have been applied to
the time-varying networks estimated from a set of highresolution EEG data in a group of healthy subjects.
Application of graph theory to small networks is rather
new if compared to its usual employment in biological
context. However, the need for the analysis of small
cerebral networks has been recently underlined (Hilgetag
et al. 2000; Micheloyannis et al. 2006; Stam et al. 2006a,
b). We would like to emphasize that the opportunity to deal
with cortical activity permits the representation of the graph
nodes as particular Brodmann areas on the cortex (Babiloni
et al. 2005; De Vico Fallani et al. 2007a). The use of raw
EEG signals instead returns less powerful results, since the
nodes within the network represent scalp electrodes, which
could have indirect links with the cortical areas beneath
them. In this context, the adaptive Partial Directed
Coherence could represent a major improvement in the
analysis and interpretation of EEG and MEG data. In fact,
the possibility to deal explicitly with weighted and
asymmetric relationships as well as the observation of
transient couplings would provide the analytical tools to
observe the specific cortical network dynamics during
the task. In order to limit the discussion of the results, the
present study has analyzed the cortical networks in the
Alpha (7–12 Hz) and Beta (13–29 Hz) frequency band
representing the spectral contents principally involved in
the preparation and the execution of simple motor acts
(Pfurtsheller and Lopes da Silva 1999). However, this
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Fig. 5 a Time courses of the indexes for the network structure. Blue
lines represent the average Z-scores for the inverse of the average
shortest path 1/L. Red lines represent the average Z-scores for the
clustering index C. The lighter lines around the mean value indicate
the time courses of the 25th and 75th percentile. The latency from the
movement onset is shown on the X-axes. b Time-varying “weighteddensity” during the whole time period in the Beta band. It represents
the average Z-scores of the kw(t) indexes obtained from all the subjects
with the same conventions as in a

methodology is not limited to a particular frequency band
or a particular set of ROIs, since it can be adapted to
investigate experimental tasks in any spectral content.
The successful execution of a simple movement relies on
the integrated neural activity in spatially distributed networks, which encompass several frontal pre-motor, primary
sensorimotor and subcortical structures (Ohara et al. 2001).
As regards the Alpha and Beta band, the strong functional

Table 1 Average profiles of 1/L and C during the different stages of
the foot movement

1/L
C

−1.5→−0.5 s

−0.5 s→onset

onset→+0.5 s

+0.5→+1 s

↓*
↓

↑
↑*

↑
↓

↓*
↑*

The pointing upward arrow indicates an increase of the respective value
of the parameter and viceversa. The asterisk means that the increase/
decrease is significantly different from random networks (p<0.05).

links between the cingulate motor (CM_L and CM_R)
areas and the supplementary motor (SM_L and SM_R)
areas are expected to be involved in a self-paced modality
of movement generation, exactly as in our experimental
condition (Gerloff et al. 1998). Indeed, the bilateral SM in
the Alpha and Beta band and the CM areas in the Beta band
showed a persistent involvement throughout the entire
considered period. The significant (p<0.01) differences
with respect to a random re-distribution of the links reveal
the characteristic role of such regions. In particular, the SM
areas represent the main target for a large number of
functional connections taking origin from the other investigated cortical areas. In addition, the CM_L and CM_R
represent the main sources of outgoing flows towards all
the other ROIs, as revealed by the high statistical
significance of their out-strength indexes.
Beyond the simple evaluation of the estimated functional
flow intensities in different cortical areas, the strength
distribution gave additional information about the allocation of these flows within the modelled cortical system. The
average time-varying profiles reveal a different behaviour
between the distributions of the incoming and outgoing
strength indexes in the Alpha and Beta band. In fact, the
out-strength distribution only indicates a significant (p<
0.01) presence of few cortical areas—i.e. the nodes of the
modelled graph—acting as “hubs,” characterized by a very
high level of outgoing functional flows. Looking more
closely at the strength values of the ROIs previously
analyzed, the cingulate motor areas (CM_L and CM_L)
are found to act as the centre of outgoing flows for the
estimated cortical functional network. This fact suggests a
central role of these regions in both the considered spectral
contents, since their removal would immediately corrupt
the organization of the estimated functional network by
reducing the overall level of connectivity. It is interesting to
remark that only in the Beta band this specific involvement
increases during the execution of the foot movement, which
indicates a predominant role of the CM areas in this period
and spectral content.
Finally, the study of the structural properties of the
graph, evaluated by the clustering index C and the inverse
of the average shortest path 1/L was performed by
calculating the local-efficiency Eloc and the global-efficiency Eglob (see “Materials and Methods”). The results in the
Beta band revealed the succession of different functional
architectures during the preparation and the execution of
the foot movement. In particular, 1 s before the onset
movement (from about −1 to −0.5 s), the cortical networks
mostly show low values of 1/L and C, which reflects a
weak pattern of communication characterized by long
average distances and few clustering connections between
the ROIs. The closer the execution of the movement is
(from about −0.5 s to the onset), the more both 1/L and C
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increase. Consequently the structure of the cortical networks tends to maximize the interplay between the global
integration and its local interactions. This particular
structure represents one of the best way in which the
cortical areas communicate, since the relevant network
presents simultaneously short links between each pair of
ROIs and highly connected clusters—i.e. small-world
architecture (Watts and Strogatz 1998). After the onset
(from the onset to+0.5 s), the estimated cortical networks
show a typical random organization of the functional links
(Watts and Strogatz 1998), with a high 1/L and a low C,
reflecting the dense presence of wide-scope interactions
among the ROIs, but a low tendency of the same cortical
regions to form functional clusters. In the last period of the
movement execution (from about +0.5 to +1 s) the
estimated cortical networks mainly show high C values
and low 1/L values. The resulting structure is known to
reflect the properties of regular and ordered graphs (Watts
and Strogatz 1998) in which the local property of clustering
is privileged with respect to the overall communication. In
the Alpha band, the network structure seems to follow a
stationary profile, since the inverse of average shortest
path and the clustering index remain quite constant
during the entire analyzed period. In particular, the
functional networks hold a regular configuration independently from the cortical dynamics that characterized
the task, which indicates that main network changes are
encoded in the higher spectral frequencies (Beta band).
In addition to the efficiency analysis, the evaluation of
the average weighted-density kw associated to the evolution of the cortical network returned further information
regarding the varying level of overall connectivity. In the
Beta band, the average intensity of the network links during
the preparation (from −0.5 s to the onset) is relatively low if
compared with its maximum value reached in the following
movement execution. In correspondence with this period
the network structure presents the most efficient pattern of
communication, as revealed by the estimated small-world
characteristic. Therefore, it is interesting to note that the
optimal organization of the functional links among the
cortical areas during the preparation of the foot movement
is not correlated to the need of a high level of overall
connectivity.
Altogether, our findings revealed new insights about the
time–frequency dynamics of the cortical networks involved
throughout the performance of a simple foot movement. In
particular, the adaptation of theoretical graph approaches to
the time-varying connectivity showed that the functional
dynamics of the cortical network can be detected through
non-invasive neuroelectrical measurements. Eventually it is
worth to remark that the temporal features of the evolving
cortical network would not be detectable through some
static or low-time resolution methods.
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