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a b s t r a c t
Recovery after brain injury is an excellent platform to study the mechanism underlying brain plasticity, the
reorganization of networks. Do complex network measures capture the physiological and cognitive
alterations that occurred after a traumatic brain injury and its recovery? Patients as well as control subjects
underwent resting-state MEG recording following injury and after neurorehabilitation. Next, network
measures such as network strength, path length, efﬁciency, clustering and energetic cost were calculated. We
show that these parameters restore, in many cases, to control ones after recovery, speciﬁcally in delta and
alpha bands, and we design a model that gives some hints about how the functional networks modify their
weights in the recovery process. Positive correlations between complex network measures and some of the
general index of the WAIS-III test were found: changes in delta-based path-length and those in Performance
IQ score, and alpha-based normalized global efﬁciency and Perceptual Organization Index. These results
indicate that: 1) the principle of recovery depends on the spectral band, 2) the structure of the functional
networks evolves in parallel to brain recovery with correlations with neuropsychological scales, and 3)
energetic cost reveals an optimal principle of recovery.
© 2010 Elsevier Inc. All rights reserved.

Introduction
Traditionally, localizationist and holist views of brain function have
exclusively emphasized either functional segregation or functional
integration among components of the nervous system. While segregation indicates a high functional specialization of each brain region,
integration highlights the idea of a global structure and cooperative
behaviour. Neither of these views alone adequately accounts for the
multiple levels at which interactions occur during brain functioning.
Modern views conceive the human brain as having the capacity to
conjoin local specialization with global integration (Tononi et al., 1994).
Under this framework, the study of brain functioning is based on the
idea that the brain is a complex network of complex systems with
abundant interactions between local and distant areas (Singer, 1999;
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Varela et al., 2001; Fries, 2005; 2009; Singer, 2009). An approach to
understand the dynamical nature of the links between neural
assemblies could be functional connectivity (Friston et al., 1994),
which refers to the statistical interdependencies between physiological
time series recorded in various brain areas (Aertsen et al., 1989).
Functional connectivity is, then, an essential tool for the study of brain
functioning and the implications of the deviation from healthy patterns
is a much debated question recently (Schnitzler and Gross, 2005;
Guggisberg et al., 2008). Functional connectivity patterns have been
proved to be altered by brain injury but, could they also reﬂect the
capability of brain to compensate for such injury? One could think that it
is possible, since brain plasticity produces changes at multiple levels of
neuronal reorganization, from synapses to cortical maps and large-scale
neuronal networks (Buonomano and Merzenich, 1998). Studies of the
changes which occurred in the functional connectivity patterns after
brain tumor rejections (Douw et al., 2008), recovery from capsular
stroke (Gerloff et al., 2006) or traumatic brain injury (Castellanos et al.,
2010) are some examples of the way the brain reorganizes after lesion.
However, little is known about the principles governing the structural
reorganization of functional networks after an acquired brain injury and
during recovery.
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Taking this into account, the study of brain injury and its recovery
can be covered from this perspective. Traumatic brain injury (TBI) is
one of the possible forms of acquired brain injury and origin of
mortality and disability around the world (Cullen et al., 2007), leaving
motor and, specially, cognitive deﬁcits. Consequently, rehabilitation
strategies to enhance the recovery of such deﬁcits are needed
(Cicerone et al., 2000, 2005), and are designed attempting to take
full advantage of plasticity. Since cognitive functions require functional interactions between multiple brain regions (Bressler, 2002),
the alteration of functional connectivity patterns after TBI could
underlie both cognitive deﬁcits and its recovery.
The general operating principle governing recovery can be quantitatively characterized by using the framework of complex network
analysis, also called the graph theory (Bullmore and Sporns, 2009;
Bassett and Bullmore, 2009; He and Evans, 2010; Stam, 2010). Graph
theoretical analysis is being currently used to capture the global
structure of the neural system and the interplay between segregation
and integration. Within this framework, the recorded brain sites and the
connections between them represent, respectively, the nodes and the
links of the network (Boccaletti et al., 2006). The small-world
architecture seems to be the key common feature shared by many
complex systems (Watts and Strogatz, 1998) and there is evidence that
structural and functional brain networks show this kind of organization
(Gong and Zhang, 2009; Palva et al., 2009; Stam et al., 2009; Stam, 2010).
Small-word structure is characterized by a pattern of dense local
connectivity (clustering) and a small amount of distant connections that
reduce the overall distance between nodes (path length). This property
has been associated with efﬁciency in information transmission and
parallel processing providing a model to better understand the
interchange of information in the brain. However, an appropriate
functioning of the network should balance this efﬁciency in transmission with the energy consumed in the process. For this purpose, certain
network parameters are related with the energetic demand for the
network maintenance. In this sense, the energetic cost EC of the network
is especially meaningful, since it measures whether close or distant
nodes are exchanging information (by measuring their correlations).
The maintenance of correlations at a long distance is more energetically
demanding and will lead to higher values of the energetic cost.
In the last few years, the idea of studying the properties of the
brain networks applying the concepts of the graph theory has been
used with healthy and pathological states of the brain. Palva et al.
(2009, 2010a,b), in the context of a visual working memory
maintenance task, showed that the networks associated to the alpha
and beta bands were more clustered and small-world like but had
smaller global efﬁciency than networks in delta, theta and gamma
bands. In this case, they considered the topological efﬁciency, which
can be measured as the inverse of the shortest path between nodes
(Latora and Marchiori, 2001). In a neurological condition such as
Alzheimer disease, Stam et al. (2009) showed decreased clustering
coefﬁcient and path length in the alpha band. Additionally, these
authors showed, by means of a computational model, that changes in
the network structure of the alpha band are better explained by a
“targeted attack” model, indicating that highly connected neural
“hubs” may be especially at risk in this disease. On the other hand,
suboptimal economical properties of the human brain network have
been shown to be related to an impaired accuracy of a working
memory task in the beta band in schizophrenia patients (Basset et al.,
2009). Alterations in beta band-based long-distance connections
seem to be consistent with the disconnection syndrome model.
In this work we aim to address three well related questions: a)
Could graph theory capture and quantify the alteration that occurred
after TBI and its recovery? b) Are the structural parameters evolving
parallel to the observed cognitive recovery in patients after neuropsychological rehabilitation? and c) Can we gain information about
how the damage is affecting the functional network from the
topological parameters? To address these questions we designed a

study where patients underwent resting-state MEG recordings at two
moments: a) a few months following the occurrence of a TBI and b)
after a rehabilitation therapy. Results were compared with a control
group of the same features. Functional connectivity patterns were
estimated by means of wavelet-coherence and graph theory-based
parameters were calculated. Next, we tested two theoretical models
based on evolutionary networks in order to describe the changes
observed during the recovery of the functional networks. We
hypothesize that the network parameters after rehabilitation would
restore to control ones, i.e., plasticity leads to network reorganization
during recovery that could be carried out by means of restoration to
the optimal topology. In order to test whether the rewiring of the
network is related with its cognitive function, we correlate changes in
topological parameters with changes observed in neuropsychological
test scores. Fig. 1 summarizes the steps followed in order to obtain the
functional networks and the topological parameters under evaluation.
Materials and methods
Patients
The dataset is composed of 29 subjects. These participants were
divided into two groups: 15 TBI patients and 14 healthy controls. TBI
patients were recruited from a rehabilitation centre where they had
been referred in order to undergo a neuropsychological rehabilitation
program. All patients showed severe cognitive impairments in several
domains such as attention, memory and executive functions. The mean
age of the patients was 32.13 years (range 18–51) and their mean level
of education was 14 years (range 8–17). Time since injury at the
beginning of the study ranged from 4 to 6 months (5 months average)
and neuropsychological rehabilitation program lasted for a period
between 7 and 12 months according to each patient's individual
evolution (mean of 9.4 months). The healthy control group was chosen
taking into account the demographic characteristics of the experimental
group (mean age, 31.9; mean educational level, 15.8), not being
statistically different. Exclusion criteria for the selection of all participants included previous medical history of psychiatric disease, extended
psychoactive drug consumption and severe sensory or comprehension
deﬁcit. To evaluate neurophysiological and behavioural functioning,
participants underwent two types of procedures: MEG recordings and
neuropsychological assessment. TBI patients had MEG recordings and
neuropsychological assessment before and after the neuropsychological
rehabilitation program (hereafter called “pre” and “post” rehabilitation)
whereas healthy controls were evaluated only once. We are aware that
in longitudinal studies that test the evolution after brain injury, healthy
controls need to be scanned at the same time interval as patients.
However, it has been demonstrated that signiﬁcant brain functioning
and cognitive changes would not occur in healthy people in less than
one year (Damoiseaux et al., 2006; Beason-Held et al., 2009). Moreover,
recent results obtained with MEG (Deuker et al., 2009) have shown that
the reproducibility of graph metrics in human functional networks
shows a good reliability, especially at lower frequencies. All participants
or legal representatives gave their written informed consent to
participate in the study that was approved by the local ethics committee.
Rehabilitation program for patients was conducted in individual onehour sessions for three to four days a week. Also, neuropsychological
assessment of both groups, patients and control people, was composed
of tests in order to establish their cognitive status about attention skills,
memory processes, language, executive functions and visuo-spatial
abilities (for a more detailed description see Castellanos et al., 2010).
MEG recordings
Magnetic ﬁelds were recorded using a 148-channel whole-head
magnetometer (MAGNES® 2500 WH, 4-D Neuroimaging) conﬁned in
a magnetically shielded room. Raw data were submitted to a noise
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Fig. 1. Illustrative ﬁgure showing the experimental protocol and hypothesis to be tested in this work. We measure the magnetoencephalographic activity of 29 individuals (15 TBI
patients and 14 healthy subjects) during resting state. Recordings of the TBI group are obtained after the injury and repeated after the cognitive therapy. Time-series obtained from
the 148 channels of the magnetometer are ﬁltered to avoid artefacts. Next, wavelet-coherence is calculated in order to obtain the coherence matrix. Complex network parameters are
extracted from the weighted matrix. Two kinds of parameters are calculated: a) global parameters of the network: average strength S, shortest path length L, efﬁciency E, energetic
cost EC and clustering C; and b) local parameters of each node: participation coefﬁcient Pi and within-module-degree zi.

reduction procedure that uses simultaneous recording from nine
reference channels that are part of the magnetometer system.
Thereafter, recorded signals were submitted to a band pass ﬁlter of
[0.3,50] Hz. Magnetic ﬁelds were measured during resting state with
opened-eyes condition, at a sampling frequency of 169.45 Hz. Time
windows without artefacts were visually selected by an experienced
investigator, to reach segments of up to 12 s length.

Functional connectivity and graph analysis
Graph measures are based on the functional connectivity matrices
calculated by means of global wavelet coherence, a time-averaged
normalized measure of association (Torrence and Compo, 1998;
Grinsted et al., 2004). Wavelet-coherence between all combinations
of the 148 magnetometers was calculated, providing a 148 × 148
matrix. Then, we evaluated the statistical signiﬁcance level of the
coherence values by using a surrogate data test (Theiler et al., 1992;
Schreiber and Schmitz, 2000; Korzeniewska et al., 2003) with Monte
Carlo simulation to establish a 95% conﬁdence interval and to avoid
spurious couplings. Those weights that did not pass the statistical test
were set to zero. For each individual, matrices were calculated in the
delta ([1,4] Hz), theta ([4,8] Hz), alpha ([8,12] Hz) and beta ([12,30]
Hz) bands. The results of functional connectivity changes of this
particular dataset have been recently published by Castellanos et al.
(2010).
In our study, we consider the matrices as complex networks,
where nodes are the recording sites (148 magnetometers) and links
are obtained from the wavelet coherence after validation by means of
surrogates. We use weighted matrices, that is, we have not
thresholded the matrices to obtain a binary projection. In this way,
we ensure that all the possible information is held. Matrices are close
to be fully connected, since the fraction of non-signiﬁcant links
(whose weight is set to zero) is very low. As shown by Nakamura et al.
(2009), the analysis of weighted networks, instead of their unweighted versions, gives better results when comparing the network
structure of different groups of individuals. The features of the
resulting networks can be characterized by various graph-based
measures (for a recent review see Bullmore and Sporns, 2009), which
can be compared between the pre, post and control groups. In what
follows, we give a description of the parameters used in this work.

The average network strength S quantiﬁes how synchronized is
the whole network,
S=

1
∑w
N i; j ij

ð1Þ

i≠j

where N is the number of nodes, and wij is the weight between nodes i
and j.
In a binary matrix, the shortest path length L is the minimum
number of nodes that must be traversed to go from one node to
another. In a weighted matrix, we have to take into account the
different weights of the links, considering that, the higher the weight,
the shorter the topological path between two nodes. Therefore, the
topological length lij of the link between nodes i and j is deﬁned as the
inverse of the link weight, lij = 1/wij. However, when computing L for
weighted matrices, the shortest length between a pair of nodes may
not be a direct link, since there could exist a shorter path by
combining two or more alternative links. Therefore, we computed the
minimal shortest path pij between all pair of nodes (Dijkstra, 1959).
Next, we deﬁne the average shortest path L of the matrix as:
L=

1
∑p
NðN−1Þ i; j ij

ð2Þ

i≠j

where L is a measure of how well connected the network is.
The inverse of the shortest path length is related (but not equal) to
the global efﬁciency E of the network (Latora and Marchiori, 2001),
which is calculated as:
E=

1
1
∑
NðN−1Þ i; j pij

ð3Þ

i≠j

As explained by Latora et al., the global efﬁciency E is a good
indicator of how well the information is transmitted in a parallel
system: the higher the efﬁciency, the better the information ﬂows.
The previously deﬁned lij is the topological distance between
two nodes but, as long as the brain connectivity involves energy,
the
physical
Euclidean distance 
between any pair of nodes

qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
dij =



xi −xj

2


2

2
+ yi −yj + zi −zj

has important implications

Author's personal copy
1192

N.P. Castellanos et al. / NeuroImage 55 (2011) 1189–1199

for the energetic consumption, since the longer the connection, the
more the energetic consumption. To take this factor into account,
we deﬁne the energetic cost EC as the average of the outreach of
the nodes (Dall'Asta et al., 2006):

how a node i spreads its connections among all brain regions. The
weighted version for a participation coefﬁcient Pi of node i can be
written as (Guimerà and Amaral, 2005):

1
∑w d
EC =
NðN−1Þ i;j ij ij

Pi = 1− ∑

N

ð4Þ

i≠j

which simultaneously accounts for both topological and physical
parameters. High values of energetic cost EC are obtained when
physically long-distant connections (high dij) also have high weights
(high wij), since the combination of both features leads to high
energetic consumption. Notice that EC is more physically relevant
than cost-efﬁciency (Achard and Bullmore, 2007), where only the
topological distance is considered, and therefore it does not reveal the
energetic effort of the network to get synchronized.
Finally, in order to acquire knowledge about the local state, we use
the weighted clustering coefﬁcient C (Stam et al., 2009). This parameter
measures the likelihood that neighbours of a node will also be connected
between them. The weighted version of the clustering characterizes the
tendency of nodes to form local clusters of synchronization:

C=

∑ wij wjk wik
1
j;k
∑
N i ∑ wij wik

ð5Þ

j;k

These measures do not depend exclusively on the weights of the
links, but also on the network structural organization. With the aim of
quantifying changes in the network structure, we compare all measures
to the corresponding average values of 100 surrogated random
networks constructed from the original ones by randomly reshufﬂing
the edge weights. In this way, we obtain the corresponding random
values Lr, Er, ECr, and Cr, and next, we use them to normalize all
parameters (X̂ = X = Xr ). In this way, values of normalized parameters
close to the unity (X̂ ≈ 1) would indicate that the network has a similar
structure to its random counterpart (X≈ Xr). On the contrary, the longer
the distance to the unity, the less random the functional network is.
The above described measures are global characteristics of the
network. However, some nodes may have more relevant topological
roles than others in local and/or distant connections. In order to
establish intra and inter lobe connections, MEG channels were
grouped into frontal (F), central (C), right temporal (RT), left temporal
(LT) and occipital (O) regions. Since we are interested in the relations
between anatomical and functional networks, we have chosen the
community division corresponding to the anatomical assignation
commonly used in literature. This division has also the advantage of
being related to the local segregation of cognitive features, whose
improvement evaluation is the last goal of our study.
Local connections involve correlations within a certain brain area
whereas non-local connections involve correlations between two
different regions (F–C, F–RT, F–LT, F–O, C–RT, C–LT, C–O, RT–LT, O–RT,
and O–LT). The relevance of each node can be described as the role
that it plays in its own region (intra-region hub) or connecting
different brain regions (inter-region hub). The within-module-degree
Z measures how connected is a node compared to its own brain
region. For a node i belonging to the brain region B (Guimerà and
Amaral, 2005; Meunier et al., 2009), Zi is given by,
Zi =

WBi −WB
σWi

ð6Þ

where WBi is the total local weight of the i node, WB is the average
local weight in the brain region B, and σWi is the standard deviation of
the local weights in the brain region B. Therefore, Zi ~ 0 if node i has a
local weight around the average value inside its community (lobe).
Next, we calculate the participation coefﬁcient Pi, which measures

B=1

WBi
Wi

ð7Þ

where Wi is the total weight of the links of node i. If most of the
connectivity weights of node i are inside its own community, then Pi is
small, and otherwise Pi approaches to 1 if node i has its links mostly
distributed over the other communities.
Statistical tests
To increase the statistical power and reduce the effect of the nonGaussian distribution, we normalize topological parameters by means
of a logarithmic transformation (Gasser et al., 1982; Pivik et al., 1993).
The log-transformed synchronization values are statistically analyzed
by using a pairwise Kruskal–Wallis (U Mann–Whitney for 2 groups) to
compare control, pre and post conditions. Next, the statistics are
analyzed with Matlab statistical toolboxes. Associated p-values were
thresholded at p b 0.05 (see Brookes et al., 2005; Campo et al., 2010;
Castellanos et al., 2010, for a similar statistical approach).
Results
Graph parameters changes
Can graph theory-based measures capture the alteration which
occurred after a TBI and its recovery? And, can they describe the kind
of changes in the network? To address these questions we quantiﬁed
the changes which occurred in network parameters in the pre (after
TBI) and post (after rehabilitation treatment) groups and their
changes relative to the control group. In what follows, we concentrate
in two spectral bands; delta ([1,4] Hz), and alpha ([8,12] Hz), since
they are the bands where changes were statistically signiﬁcant.
Table 1 summarizes the values of the absolute and normalized
network parameters (of control, pre and post groups) and indicates
those values that are statistically different form the control group. In
Fig. 2 we plot the average distance (in percentage) of the graph
measures of the pre and post groups to the control one. We observe
that TBI affects the delta and alpha bands in opposite ways. In the
delta band (Fig. 2A), there is an increase (~11%) of the overall network
strength S after the TBI, which is a consequence of a higher
synchronized activity between brain regions. After the rehabilitation
therapy, the network strength recovers to a value that is only ~ 3%
higher than the control group. Interestingly, changes observed in the
rest of the network parameters are inﬂuenced by the increase of S.
Since network weights have increased, distances between nodes are
reduced and the network shortest path L decreases (~−8%). Again, the
distance to control is higher after the TBI than after therapy, which
reveals that patients are restoring to those values of the healthy
group. The network efﬁciency E, energetic cost EC and clustering C
behave in a similar way, with an increase higher than 8% in the pre
group which is reduced in all cases after therapy. The increase of these
three parameters is in accordance with the enhancement of the
network strength S. In order to evaluate whether the changes in the
network parameters are a consequence of the increase of S or there is
reorganization in the network structure, we calculate the normalized
network parameters. We can observe in Fig. 2C that the percentage of
variation is in all cases lower than 0.5% and not statistically signiﬁcant,
despite that the changes in the absolute values are around 8% to 10%.
This fact reveals that there are no signiﬁcant changes in the network
structure (neither after TBI nor after therapy), since normalization by
the randomized version of the network is not sensitive to changes in
the network strength S. The main conclusion is that the delta-band
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Table 1
Absolute and normalized (^) network parameters for the control, pre (after TBI) and post (after therapy) groups.

The left column corresponds to delta band and the right column to the alpha band. Network parameters are: average strength S, shortest path L, efﬁciency E, energetic cost EC and
clustering C. The statistical signiﬁcance (p b 0.05) of each mean value is indicated by symbols: (*) statistical difference between pre and control, (†) statistical difference between
pre and post and (•) statistical difference between post and control. Colours of the post values correspond to: (green) total recovery, achieved when pre ≠ control, post ≠ pre and
post = control, (blue) partial recovery, obtained when pre ≠ control, post = control but post = pre, and (red) not recovered, pre ≠ control, but post ≠ control and post = pre. We
can see that statistical differences are only obtained at the absolute values of the delta band and the normalized values of the alpha band.

functional network increases its strength after TBI, but the structure of
the functional network remains the same. After therapy, absolute
values of the network parameters recover in the direction of the
control group, despite that recovery is not complete. Note that the

maintenance of the global structure does not necessarily involve that
the distribution of weights is constant: weights may have changed
from node to node, but without a signiﬁcant impact in the statistical
properties of network structure.

Fig. 2. Differences of the network parameters of the pre (black bars) and post (grey bars) group with regard to the control group. Plots A and C are the absolute and normalized
X
−Xcontrol
network parameters for the delta band, while B and D are for the alpha band. The distance-to-control of all parameters is given by %X = pre=post
× 100. The statistical
Xcontrol
signiﬁcance (p b 0.05) of each value is indicated by symbols: (*) statistical difference between pre and control, (†) statistical difference between pre and post and (•) statistical
difference between post and control.
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Interestingly, changes in the alpha band go in the opposite direction
(see Figs. 2B and D). Despite that the absolute differences in the control
group are lower than in the delta band, four of the topological parameters
suffer a variation higher than 5%. In this case, it is a decrease in the
network strength S that determines the modiﬁcation of the network
parameters. After the TBI a reduction of the synchronized activity in the
alpha band leads to a decrease of the S parameter around 8%. As a
consequence, the shortest path between nodes increases (~5%) and the
rest of the network parameters decrease. Despite that the changes in the
mean values are important, they do not pass the statistical test.
Nevertheless, we can extract additional conclusions from the analysis of
the normalized parameters. If we compare Fig. 2C (normalized delta
band) and D (normalized alpha band), we see that despite that the
changes in the absolute values are lower in the alpha band, the variation of
the normalized parameters is much higher, especially in the shortest path
length L and the global efﬁciency E. In addition they are statistically
signiﬁcant (pb 0.05), as can be observed in the values given in Table 1. This
fact indicates that TBI leads to a reorganization of the functional network,
but it is only statistically reported in the alpha band. After the therapy,
network parameters evolve in the direction of the control group, but, as
can be seen in Figs. 2B and D, the recovery is not complete. Nevertheless,
there are no statistical differences in L, E and EC parameters between the
post and control groups, and only the clustering C shows statistical
differences between the post-therapy patients and healthy individuals.
Correlation between topological parameters and neuropsychological test
scores
Neuropsychological outcomes, as described in Castellanos et al.
(2010), show a general trend of improvement, in comparison
between pre and post conditions, as well as with the control group.
These results are indicative of cognitive recovery of patients in the
study with a rapprochement to healthy control group for post
condition in all neuropsychological tests. However, although they
recovered in a signiﬁcant way, did not reach a complete reestablishment of all the cognitive processes.
Further post-hoc analyses were performed to explore whether
neuropsychological test score changes in patients were related to
changes in topological measures, in delta and alpha bands. Subsequently, Pearson's correlation coefﬁcients were calculated and t-tests
were performed (p b 0.05). The topological changes showing significant correlations are path length, L, in delta frequency band and,
normalized global-efﬁciency (Ê), in alpha frequency band.
A positive correlation between the changes underwent from pre to
post condition path length, L, and Performance IQ of WAIS-III changes
is found, R = 0.52 (Fig. 3). Positive correlation means that those

patients who increased L in the delta band during the recovery are
those that showed greater improvements in their Performance IQ
scores. This positive correlation agrees with the progressive increase
of L values from pre to control reference, as shown in Fig. 2.
Additionally, a positive correlation between post and pre network
normalized global efﬁciency, Ê, and Perceptual Organization Index of
WAIS-III changes is found, R = 0.73 (Fig. 3B). This positive correlation
means that those patients who increased alpha-based normalized
global efﬁciency are those that showed greater improvements in their
W-POI values. As the bar diagram shows, pre Ê values are lower than
control ones. So a decrease of Ê values from pre to post is needed for
an approaching the control reference, in agreement with the positive
correlation found.

Analysis of node performance
The above studied parameters deﬁne the global properties of the
whole network. However, spatial information such as brain region
localization of changes could help us to understand the recovery
process after damage. For this purpose we grouped MEG channels into
ﬁve brain regions, each one corresponding to a brain lobe [frontal (F),
central (C), right temporal (RT), left temporal (LT) and occipital (O)],
and we deﬁned local connections (within a brain area) and distant
connections (between different brain areas). Considering both local
and distant connections, a degree of participation could be deﬁned for
each node (MEG sensor in this case). The within-module degree (Z)
and the participation coefﬁcient (P) quantify how connected is a node
within its own community (local hub) and between brain areas
(connector hub), respectively. In order to know which nodes are more
involved in the recovery, we deﬁne “recovered nodes” in terms of
their changes in Z and P. Recovered nodes are those whose Z and P in
pre condition are statistically different from both control and post
values, whereas both parameters in post condition are statistically
similar to control reference. Fig. 4 shows the “recovered nodes” in
delta and alpha band-based networks from both local- (red circles)
and distant-connector (black circles) perspective. In the delta bandbased network, the “recovered nodes” are mainly concentrated in
central, right temporal and occipital areas. Both local and distant hubs
take part in the recovery. Interestingly, the number of recovered
nodes (34) is three times higher than the not recovered ones (10),
indicating the efﬁcacy of the recovery process in this band. In the
alpha band, we do not ﬁnd a predominance of the recovered nodes
(16) over the not recovered ones (18). Interestingly, the recovery of
local activity (black nodes) is much lower (5) than the recovery of the
activity between distant regions (11). On the contrary, nodes which

Fig. 3. Correlations between topological changes and neuropsychological test score changes. A) Changes in the average path length in delta band positively correlate with changes in
PIQ (Performance IQ) test score. The increase observed in L from pre to post condition (Fig. 2) agrees with the positive sign of correlation. B) Changes in the normalized cost positively
(Ê) correlate with changes in POI (Perceptual Organization Index) test score. The increase observed in Ê from pre to post condition (Fig. 2) agrees with the positive sign of correlation.
Bar diagrams show the average of the PIQ and POI scores for control, post and pre condition. * codes a statistical differences (p b 0.05).
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ranging in the interval [k,1], with kb 1, being 1 the highest weight and
k the minimal. This leads to an increase of the relative difference
between higher and lower weights along the evolution.
Unifying-model (T−): Alternatively, if we want to reduce the
relative differences between weights, the coefﬁcients of Eq. (8) can
1−k⋅minðAi Þ
k−1
and b = 1−min Ai 0 , and we obtain
be changed to mi = 1−min
ðAi0 Þ
ð 0Þ
opposite effects: the global average strength of the matrix
decreases and, in addition, the relative differences between link
weights are reduced at each time step.

Fig. 4. Recovered nodes, deﬁned as those whose within-module degree Z (local
importance) and participation coefﬁcient P (connector role between lobes) in pre
condition is statistically different to both control and post participation, whereas at the
same node the post condition is statistically similar to control reference. Not recovered
nodes are those whose P and Z parameters in the control group are statistically different
between both pre and post groups, whereas P and Z in post condition are statistically
similar to pre rehabilitation condition. Red nodes represent recovery/no-recovery at the
local activity whereas black nodes account for long-range connections.

In Fig. 5 we show the results of these two versions of the targeted
model. In Figs. 5A and B the evolution of the network parameters for
the delta band can be observed, both for T+ (cyan traces) and T−
(magenta traces), being k = 0.99. The parameter k has been chosen to
ﬁt the average strength S of the post-therapy experimental values
after 30 time steps. It can be seen that for the global parameters
(Fig. 5A) in the delta band the evolution due to T+ and T− still ﬁts with
the experimental values. However, the targeted model fails to
reproduce the stability of the normalized measures observed in the
experimental data (Fig. 5B). In Figs. 5C and D we show the results of
the targeted model for k = 1.0025 in the alpha band, both for T+ and
T−. The absolute values of the network parameters (Fig. 5C) show a
good resemblance to the real evolution, but the important point is the
fact that, in this band, the targeted model succeeds in reproducing the
changes in the normalized measures (Fig. 5D), whose modiﬁcation
reﬂects the reorganization of the network structure. Speciﬁcally, we
see that the main tendency of the structural changes is caught only by
the T+ version of the targeted model (cyan traces), the contrastingmodel. These results point to the hypothesis that in the alpha band the
structural reorganization after recovery corresponds to an increase of
the strength in the most active links rather than in the rest of the
edges. On the contrary, the unifying model T−, which homogenizes
the network, leads to an evolution of the network parameters in a
direction opposite to the real changes (magenta circles of Fig. 5D).

did not recover their local role are more present (12 out of 18) than
the nodes that did not restore their long range connections.
Discussion
Modelling functional networks changes: the targeted model
The differences in the network structure observed in the alpha
band make us to propose a model that modiﬁes the average strength
and simultaneously introduces changes in the structure. With this
aim, we hypothesize that the changes in the weight of the links due to
recovery are not homogeneous in percentage, but affect each link in a
different ratio, proportionally to the weight (stronger edges are more
sensitive to be recovered than weak ones). This effect may modify the
network in two directions and could be modelled by two different
perspectives: a) a model which enhances the weight differences
between links, such that at each time step high weighted links
increase their structural role (called contrasting-model), or on the
contrary, b) a model which reduces the differences, leading to a
homogenization of the weights and, therefore, reducing the hierarchical structure (called unifying-model).
To implement both hypotheses, we design a model that takes the
real pre-therapy matrix as the initial data, Ai0 at t = 0. For each time
step t, the evolution of the matrix is calculated as Ait = T i Ait−1 , where
T i is a matrix calculated as:
"
i

T =m

#
Ai0
 i +b
max A0

ð8Þ

Contrasting-model (T+): The goal of this model is enhancing those
1−k
links with higher initial weights, being the coefﬁcients mi = 1−min
ðAi0 Þ
k−minðAi0 Þ
.
At
every
step,
the
global
weight
is
reduced,
but
not
1−minðAi0 Þ
homogeneously, since each link is multiplied by a different value

and b =

The aim of this work could be uniquely centred in testing whether
recovery from traumatic brain injury has occurred or not. In this
sense, our results can be interpreted as a positive improvement, in
terms of approaching to control reference (as previously shown by
Castellanos et al., 2010). However, the capability of the mathematical
analysis introduced in the current study also allows studying the way
plasticity process underlies recovery: following an evolution to
healthy functional networks that implies an adjustment of the overall
synchrony in the delta band and structural reorganization in the alpha
band.
Our results show that delta and alpha are the bands where network
changes are statistically signiﬁcant. After TBI, the network strength S and
the energetic cost EC are the most altered topological parameters,
showing opposite changes in the delta (increase) and alpha (decrease)
bands. After the cognitive therapy (post condition), topological
parameters evolve in all cases to those of the control group, both in
the alpha and delta spectral bands. Nevertheless, a reorganization of the
network structure is only reported in the alpha band, while changes in
the network parameters of the delta band can be explained as a
consequence of the increase of the network strength S.
Although ﬁnding signs of recovery in theta and beta bands (data
not shown), the statistical differences were not robust enough to be
taken into account. Nevertheless, both theta and beta-based parameters of the pre group were more distant to the control reference
than in the post group for almost all the topological measures.
In order to test if such measures, capturing global topological
properties, evolve in parallel to the cognitive recovery observed in
patients after therapy, we correlate topological with neuropsychological-
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Fig. 5. Results obtained with numerical simulations of the targeted models T+ (light-blue circles) and T− (magenta circles). In all panels, the average parameters of the pre (red
circle), post (blue square) and control (black star) groups are plotted. Panels A–B: Evolution of delta band network parameters (light-blue dotted lines) of pre-therapy patients, with
the initial value before therapy in black dots: absolute values (A) and normalized values (B). Panels C–D: Evolution of alpha band parameters of pre-therapy patients (with the same
colour code): absolute values (C) and normalized values (D).

test changes. We ﬁnd correlations with some of the general scores of the
WAIS-III test, speciﬁcally, a positive correlation between changes in
delta-based path length (L) and those in Performance IQ score (PIQ), and
a positive correlation between alpha-based normalized global-efﬁciency
(Ê) and Perceptual Organization Index (POI).
We note that the most altered parameters after TBI were in all
spectral cases the network strength S and the energetic cost EC. The
most pronounced changes are found in the absolute parameters of the
delta band, where statistical differences arise between pre and control
conditions but disappear in the post condition, unveiling the recovery

of the original network structure. In this band, all graph-based
parameters increase after TBI and reduce after therapy, approaching
to control reference. The only exception is the network shortest path
L, whose decrease is a consequence of the higher weights in the
connections between brain regions. The pathological increase of slow
rhythms is widely documented in the literature (Lewine et al., 1999;
Bartolomei et al., 2006a,b; Lewine et al., 2007; Bosma et al., 2008). It
seems that the increased delta-based connectivity in patients
following a TBI reﬂects a generalized physiological malfunctioning
which diminishes with cognitive recovery. A higher strength could
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point out to a better transmission, but in fact the high levels of extra
energetic cost reveal an overcharged network, unbalanced in the
transmission versus energy consume trade-off. The impact of a TBI on
alpha-based network produces, contrarily to delta network, a
disconnection effect. Our results show that the alpha band network
in the pre condition is characterized by a lower clustering and longer
path length than control references, leading to a network with
reduced transmission capabilities. This effect is corrected after the
therapy, which approximates clustering and path length to those
values of the control group. In addition, these changes are related to
the improvement in neuropsychological test evaluation.
The approaching of post-patient's topological parameters to
control reference can be interpreted as a recovery after the
rehabilitation intervention. However, we are conscientious about
the still opened debate on treatment effectiveness (Rohling et al.,
2009; Cicerone et al., 2005). Changes observed on psychometric test
of cognitive function after rehabilitation is commonly interpreted as a
sign of effectiveness of the rehabilitation process (Park and Ingles,
2001). Results provided by neuroimage studies principally show
spatially localized physiological changes. Due to the diversity of
techniques and tasks used, and the absence of a control reference, the
conclusions are heterogeneous (Kelly et al., 2006). The aim of this
work could not be to test if changes observed at the neuropsychological or neurophysiological level are, or not, due to rehabilitation
interventions. We are conscientious about the limitation due to the
lack of a group of patients that have not received neurorehabilitation.
However, the declaration of Helsinki establishes that a treatment
that has been probed beneﬁcial for patients should not be denied
just by experimental reasons. Considering this limitation the current
study can only provide evidence of the neurophysiological mechanisms underlying the process of neuronal plasticity after brain injury
but does not pretend to be a measure of effectiveness of rehabilitation.
However, the correlation between topological changes and improvement of the neuropsychological tests could be interpreted as evidence
that network topology and cognitive recovery evolve in a simultaneous and related way after brain injury. Nowadays, the neuroscientiﬁc community using mathematically abstract frameworks, as
graph theory, is debating “how the parameters of complex brain
networks relate to cognitive and behavioural functions? This will
probably be a key focus of future work that might be combined with
further studies of clinical disorders” (Bullmore and Sporns, 2009).
Our work points in this direction and it correlates network parameters
with cognitive functions, for the ﬁrst time, in patients suffering
from TBI. Concerning other kind of studies, it has been probed very
recently that intellectual performance is related to the overall
connectivity network topology of the brain (Stam, 2010). In the
work by Bassett and Bullmore (2009), the authors studied how
the spectral topology of brain networks can be related to behavioural
performance on cognitive task. They showed that superior working
memory performance is associated with greater cost-efﬁciency at
high frequency (beta band). The association of brain network
architecture and cognitive functioning was also demonstrated by Li
et al. (2009). On the other hand, anatomical brain networks estimated
from MRI-DTI in healthy subjects showed high clustering and short
path length (typical properties of small-world networks). The authors
found that higher IQ is correlated with a larger number of
connections, shorter path length and higher efﬁciency. Other works
in anatomical networks, such as van den Heuvel et al. (2009), studied
the association between how efﬁciently the regions of the brain are
functionally connected and our level of intelligence. Very interestingly, they found : a) a positive correlation between the path length and
intelligence quotient (IQ) and b) a positive association between the
global efﬁciency (normalized) of the brain networks and intellectual
performance. Micheloyannis et al. (2006) tested the neural efﬁciency
hypothesis comparing the topology in healthy controls having few
years of normal education with individuals with university degrees.
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They found that those people with university degrees exhibit less
small-world properties in most frequency bands during a working
memory task. Our results show that those patients who had more
increases in delta-based path length (increase after TBI) are also those
who showed greater improvements in Performance IQ scores.
Performance IQ takes into account speciﬁc abilities related to
executive functions, attention, praxis and memory process. These
cognitive functions are commonly altered in TBI, and it is important to
improve them for the patient's adaptation to social and work
activities. We found that, interestingly, L is one of the topological
parameters that correlate with IQ in previous studies, as mentioned
before. Performance IQ takes into account complex abilities that, as
stated by Stam et al., “require the delicate cooperation of multiple
specialized areas in the brain to allow optimal information processing”
(Stam, 2010). This optimal information processing, can be carried out
by means of a short path length, which implies that any area of the
brain can be reached in a small number of (topological) steps. The
recovery of L (in terms of approaching to a healthy reference) could
be, then, a remarkable parameter whose recovery implies an
improvement in IQ scores. Additionally, those patients with higher
increases of alpha-based normalized global-efﬁciency Ê (decreased
after TBI), are those who showed greater improvement in the
Perceptual Organization Index (POI), which is related to working
memory and visual–spatial task. It is interesting to highlight that
those cognitive scores that better correlate with topological parameters were those related with visuo-spatial and perceptual functions
normally related with the right hemisphere. At this point, the results
derived from node performance analysis introduce a complementary
explanation of the recovery process taking place within the brain. As
shown in Fig. 4, those nodes that we deﬁne as “recovered” are more
present in the delta band, showing that the therapy is especially
efﬁcient at low frequencies. In the alpha band, we do not observe such
a good rehabilitation, speciﬁcally at the local activity. This later point
could indicate that the network reorganization suggested by the
global parameters could be a consequence of a reassignment of
weights at the local activity.
Some computational models have studied the effect of damage and
posterior recovery of brain network characteristics after injury. The
work by Butz et al. (2009) addressed a very interesting question, how
rehabilitation strategies must be designed (continuous or paused) to
take full advantage of plasticity according to stimulations and
comparing adult with juvenile networks. Modelling network damage
is one of the best possibilities that graph theory offers, as shown, for
example, in the works by Honey and Sporns (2008) and Alstott et al.
(2009) in acquired brain injury, and Stam et al. (2009) in Alzheimer's
disease. Traditionally, two different network alterations are modelled:
a) the network damage is introduced at random by decreasing/
increasing edge strength (or even removing edges), and b) the
damage is targeted toward the more connected nodes. In the work by
Alstott et al. (2009), the authors computationally study the effects of a
localized structural lesion on the network, where lesion is implemented in two ways: a) sequential single node deletions (random and
targeted) and localized area removal, and b) by removing all nodes
and their connections within a spatially deﬁned region around a
central location. As shown by the authors, lesions along the cortical
midline, the temporo-parietal junction and the frontal cortex, result in
the largest and more widespread effects on functional connectivity.
Also, lesions affect the coupling between regions outside the lesion
itself, including the contralateral hemisphere. Honey and Sporns
(2008) investigated the relationship between inter and intra regional
couplings using two dynamical cortical models. Their results showed
that high-degree nodes produce the largest and most widespread effects
on cortico-cortical interactions. This result seems to be common in all
models studying the effect of damage. Nakamura et al. (2009) have
examined network properties following a similar experimental design
as our study. Their results revealed that during recovery the network
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begins to approximate what is observed in healthy controls. However,
from our point of view, some questions are missing in this study: a) the
decomposition into spectral bands, which reveals some valuable
information, since, as we have seen, different bands are affected
differently by injury and recovery, and b) the relation between changes
in the topological parameters and those in cognitive evaluation.
Our experimental results show that TBI has different consequences
in the delta and alpha bands. In the former, it is associated with an
overall increase of synchronization, in the latter with a general decrease.
Therefore, a network model must take into account both different
behaviours. Structural changes are more focused in alpha basedfunctional connectivity. The evolution of the absolute values of the
network parameters goes in the direction of the control group; also we
found statistically signiﬁcant variations of the normalized network
parameters. This fact reveals that the modiﬁcation of the functional
network after recovery does not follow a random reorganization or, in
other words, the recovery at the alpha band does not occur at all brain
regions with the same probability. When a targeted evolutionary model
is considered, the numerical results ﬁt with the reorganization of the
network suggested by the experimental results in the alpha band.
Speciﬁcally, the targeted model has to take into account the fact that
those links with higher activity need to increase their relevance in the
network in order to recover the activity of the control group. On the
contrary, a targeted model that diminishes the relative difference
between network edges would fail in reproducing the evolution
towards the healthy state after recovery. Our results show that the
contrasting model ﬁts the observed data better than the unifying model,
indicating that the functional connectivity recovery in alpha band
follows a plasticity principle where those links with higher activity play
a fundamental role in recovery.
Concerning the delta band, we observe that neither the contrasting
nor the unifying model is able to reproduce the changes observed in
this band, which indicates that the delta band does not follow the
same recovery process as the alpha band.
Finally, it is worth mentioning the interplay between changes
observed in the delta and alpha bands and its possible implications.
The energetic cost EC is an intuitive parameter that has great implications over the system and its dynamical behaviour, since it is related
to the energy consumption of a physical information-processing
system (Buzsaki, 2006). On one hand, delta-based networks experiment a hyper-synchronization effect after TBI, producing an
overcharge of the network where energetic cost increases. On the
other hand, the impact of TBI on alpha-based network results in a
hypo-synchronization effect, decreasing the energetic cost of the
functional network. This reduction leads to a decrease of the
clustering C and an increase of the path length L, both changes
leading to a worsening of the information transmission properties of
the network. In the post condition, topological parameters converge
to healthy controls, as it is the case of delta-band. Nevertheless, in this
case, the increasing of energetic cost is a signal of recovering activity.
Literature have yet documented the heterogeneity of networks
depending on the spectral band considered (Palva et al., 2009; Bassett
and Bullmore, 2009). Nevertheless, our results show that the
overcharge observed in delta-based networks, and the disconnection
found in alpha-based networks could follow a principle of balanceoptimization of energetic cost, lost after TBI. It is not interesting to
have neither minimal nor maximal energetic consumption, but having
an optimal relationship between them, understanding optimal in
terms of a reference established by healthy human brain networks.
Although the energetic cost of the network is a parameter deﬁning
topological characteristics, it is closely related to the physical–
anatomical measures in the brain. Individual or assemblies of
physically close neurons have a higher probability of being connected
than spatially remote neurons or regions (Braitenberg and Schüz,
1998; Hellwig, 2000; Cherniak, 1994). Many aspect of the brain
anatomy can be explained considering the principle of minimising

axonal wiring-volume or metabolic running cost (Chklovskii et al.,
2002; Klyachko and Stevens, 2003; Buzsáki et al., 2004) since larger
axonal projections are more material and energetically expensive
(Cherniak et al., 2004). However, more recent results have shown that
the neuroanatomical connectivity may not always be associated to an
optimal distribution of the network connections (Kaiser and Hilgetag,
2006).
Our results show that the functional networks associated to the
healthy group are those with a more balanced equilibrium between
the network parameters of the delta and alpha bands (i.e., strength,
shortest path, efﬁciency, energetic cost and clustering). It also seems
that a trade-off between the synchronized activities of these two
spectral bands has occurred to reach an optimal informationprocessing system, being the principle, we hypothesize in this work,
that leads the plasticity process to the recovery of the acquired brain
injury.
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