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Abstract
Spontaneous brain activity is spatially and temporally organized in the absence of any stimulation or task in networks of
cortical and subcortical regions that appear largely segregated when imaged at slow temporal resolution with functional
magnetic resonance imaging (fMRI). When imaged at high temporal resolution with magneto-encephalography (MEG), these
resting-state networks (RSNs) show correlated fluctuations of band-limited power in the beta frequency band (14–25 Hz) that
alternate between epochs of strong and weak internal coupling. This study presents 2 novel findings on the fundamental issue
of how different brain regions or networks interact in the resting state. First, we demonstrate the existence ofmultiple dynamic
hubs that allow for across-network coupling. Second, dynamic network coupling and related variations in hub centrality
correspond to increased global efficiency. These findings suggest that the dynamic organization of across-network interactions
represents a property of the brain aimed at optimizing the efficiency of communication between distinct functional domains
(memory, sensory-attention, motor). They also support the hypothesis of a dynamic core network model in which a set of
network hubs alternating over time ensure efficient global communication in the whole brain.
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Introduction
In the resting state, that is, in the absence of any stimulation or
overt behavior, spontaneous brain activity is spatially and tem-
porally structured in networks of cortical and subcortical regions
(so-called resting-state networks, RSNs) that were originally
observed with functional magnetic resonance imaging (fMRI)
(Biswal et al. 1997). Although RSNs appear largely segregated in
fMRI [but see Hutchison et al. (2013)] and their topography is rela-
tively stable during task performance (Biswal et al. 1997; Friston
2002; Beckmann et al. 2005; Damoiseaux et al. 2006; Dosenbach
et al. 2007; Smith et al. 2009; Cole et al. 2014), they must interact
during task and rest through several neurophysiological me-
chanisms including band-limited signal coherence at fast time
scale or band-limited power (BLP) envelope correlation at slower

time scales (seconds to minutes) (Engel et al. 2013). This idea
is supported by a growing number of EEG/MEG/ECOG studies
(He et al. 2008; Nir et al. 2008) that have identified different fre-

quency-specific correlates of fMRI-RSNs, as well as mechanisms

of their interaction (de Pasquale et al. 2010; Brookes, Woolrich,

et al. 2011; de Pasquale et al. 2012; Hipp et al. 2012; Betti et al.

2013; Marzetti et al. 2013). Electrophysiological RSNs therefore

provide a model to study functional segregation and integration

in the brain (Bullmore and Sporns 2009; Tomasi and Volkow

2010). One MEG correlate of fMRI RSNs is the coupled fluctuation

of BLP in alpha/beta frequency band between different RSN

nodes (de Pasquale et al. 2010; Brookes, Woolrich, et al. 2011; de

Pasquale et al. 2012; Hipp et al. 2012; Betti et al. 2013). The

strength of BLP correlation between different brain regions varies
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over time, with periods of strong correlation between nodes

of the same network alternating with periods of weak or no cor-

relation (de Pasquale et al. 2010, 2012). Furthermore, in a particu-
lar brain network, the Default Mode Network (DMN), periods of
strong within-network correlation correspond to periods of
stronger interactions with other regions/networks (de Pasquale
et al. 2012). This suggests that DMN, and some of its main
nodes such the posterior Cingulate Cortex (pCC), may function
as a dynamic hub for across-network interaction (de Pasquale
et al. 2012; Engel et al. 2013). This nonstationary coupling (with-
in/across networks) has been related to the formation of brain
states (Hutchison et al. 2013), fluctuations of internal noise or
cognitive states (Shirer et al. 2012), scale-free dynamics (Van de
Ville et al. 2010), and the global workspace model (Dehaene and
Naccache 2001). The idea that some regions are more central
than others in the brain’s network is also suggested by studies
on the architecture of structural and functional connections
(Buckner et al. 2009; Honey et al. 2009; Cole et al. 2010; Doucet
et al. 2011; Hacker et al. 2013; Power et al. 2013), with a number
of differentmodels proposed including small-worldness (Achard
and Bullmore 2007), network cores (Shanahan 2012; Bassett et al.
2013), and rich club organization (van den Heuvel and Sporns
2013). While theoretical arguments have been put forward to ex-
plain the advantage of certain functional architectures, no clear
explanation exists today for the nonstationarity of brain interac-
tions nor the functional role of hubs in the brain.

In this paper, we extend our analysis on the dynamics of cor-
tical interactions in the resting state by testing the hypothesis
that network centrality andnonstationarity of coupling are close-
ly related to the efficiency of communication. To this end, we
apply graph theorymeasures toMEGBLP coupling to characterize
network topology in terms of centrality, efficiency, andmodular-
ity (Buckner et al. 2009; van den Heuvel and Sporns 2013). We
then relate the temporal dynamics of these quantities to RSNs’
nonstationary coupling. Our findings show a close relationship
between the dynamics of RSNs coupling and efficiency of com-
munication and identify a set of cortical regions that function
as dynamic hubs for integrating different networks.

Materials and Methods
Subjects and Acquisition Procedures

A total of 13 healthy young adult subjects (mean age 29 ± 6 years,
5 females), same sample as in de Pasquale et al. (2012), were
scanned with MEG at rest. During the acquisition (3 runs per
subject, 5 min each), subjects maintained fixation on a small vis-
ual target. Neuro-magnetic signals (filter settings 0.16–250 Hz,
1 KHz sampling rate) were recorded using the 153-magnetometer
MEG system developed and installed at the University of Chieti
(Della Penna et al. 2000).

MEG Analysis Pipeline

A full description of our analysis pipeline to obtain BLP time
series can be found in de Pasquale et al. (2010, 2012) and Mantini
et al. (2011). Here we summarize the basic steps reported in
Figure 1. First, environmental and physiological (e.g., cardiac,
ocular) artifacts were removed from sensor-space MEG time ser-
ies using an ICA-based approach. Following ICA separation, only
ICs thatwere not artifact were retained for further analysis. How-
ever, if the number of nonartifact ICs was <4, possibly indicating
excessivemovements of the head, thewhole runwas eliminated.
This step reduced the number of runs analyzed in this study to

27. Then, source-space signals were reconstructed on a 3D Carte-
sian grid (64 mm3 cubic voxels) using a Weighted Minimum
Norm Least Square (WMNLS) estimation of the nonartifactual
IC sensor maps. For every voxel in the 3D grid, the MEG activity
is represented by a current dipole with 3 components. We se-
lected the orientation of the current dipole as free (and not per-
pendicular to the cortex surface), because the voxel volume
might include parts of gyri with a small curvature radius and a
single direction perpendicular to the cortex could not be defined.
Notably, the size of the voxel matched the typical MEG spatial
resolution (∼5 mm). We assumed that nodes of different RSNs
correspond to single MEG voxels. Since the diagonal of our
cubic voxel is around 7 mm, the volume of each node is compar-
able to that of typical ROIs used in fMRI analysis [10 mm spheres,
see Stanley et al. (2013)]. The individual 3D grid was then pro-
jected into the MNI 152 atlas space, so that every voxel centroid
was assigned a set of MNI coordinates. The 3 components of
theMEGactivitywere obtained at each voxel from the linear com-
bination of IC time coursesweighted by the corresponding source
maps. To reduce the computational burden of the dynamic ana-
lyses, we focused on 42 core nodes of 6 RSNs: the Default Mode
(DMN), Dorsal and Ventral Attention (DAN and VAN), Motor
(MOT), Visual (VIS), and Language (LAN) network (de Pasquale
et al. 2012) (see Table 1 for a list of abbreviations and MNI coordi-
nates). Additionally, we concentrated on network coupling in the
β band [14–25 Hz], in which several prior studies have reported a
similarity between BLP temporal correlation maps and fMRI RSN
topography (Brookes, Woolrichet al. 2011; de Pasquale et al. 2012;
Hipp et al. 2012). Therefore, source-space signals were filtered in
this band and source-space power time series were estimated
over 400 mswindows sliding every 20 ms to cover the entire rest-
ing-state run. Transient coupling across nodes was estimated
through Pearson coefficient over a time window lasting 10 s
and sliding every 200 ms. A time window of 10 s corresponds
to the carrier frequency at which BLP time series correlation
most strongly occur (∼0.1 Hz) (de Pasquale et al. 2010; Hipp
et al. 2012).

Test for Nonstationary Coupling

To formally assess the nonstationarity of the functional coupling,
we implemented themethodology proposed in Chang andGlover
(2010) and Zalesky et al. (2014). Due the computational burden,
here we present a case study based on 1 subject. We proceeded
as follows. First, by means of the Bayesian Information Criterion
(BIC), we estimated the order of a Vector Auto Regressive (VAR)
model to fit our BLP data. We selected the BLP time series
extracted from all the 42 nodes over all the runs analyzed in
this study. Then, we fitted a VAR model letting the model order
vary in the range [1, 500]. For eachnode andmodel order, we com-
puted BIC and we averaged it across the considered nodes. Then,
once the model order of the VAR had been estimated, we pro-
duced surrogate BLP data as suggested in Chang and Glover
(2010). Since this step is extremely computationally expensive,
we selected, for 1 run of 1 subject, the nodes belonging to the pro-
posed functional core: pCC, L SMA, L/R pIPS, and 1 node for each
of the remaining RSNs, namely L STS, R MFG, and R V7. For these
nodes, we formally tested the nonstationarity of their connec-
tions (see SI for a detailed description). As described in (Chang
and Glover 2010), we generated 1000 bootstrap replicates of
each BLP time series and then computed their nonstationary
coupling as in the real data. Then, for each surrogate connection,
we computed the univariate test statistics proposed in Zalesky
et al. (2014). This statistics applied on the bootstrap is based on
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the idea given the time course of a connection, quantified
through the Pearson correlation coefficient, the longer and larger
are the excursions observed from itsmedian value, and the great-
er is the evidence for nonstationary behavior. The computation

of this statistics applied on the bootstrap sample provides a

null distribution. From this distribution, we estimated the 95th

percentile that will represent the threshold adopted to perform

the test on real connections, that is, if the statistics obtained

from the real connection is above this threshold, we can reject

the null hypothesis that such connection is stationary at a

significance level of α = 0.05. Thus, each connection exceeding

its threshold can be considered as statistically nonstationary.

Epoch Labeling for RSN Coupling

MEG RSNs are patently nonstationary, and nonstationary con-
nections can be formally demonstrated (see previous section).
Thus, to characterize dynamic properties of RSNs, we defined
temporal windows in which each network showed high internal
coupling through an algorithm validated in previous studies [the

Figure 1. Analysis pipeline. Outline of the analysis pipeline, see Materials and Methods.
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Extended Maximum Correlation Windows, EMCWs, algorithm,
see de Pasquale et al. (2010, 2012)]. The objective of this algorithm
is to identify epochs in which the contrast between within-net-
work and external-to-network correlation is maximal. This was
accomplished using an iterative strategy based on Old Bachelor
Acceptance thresholding (Hu et al. 1995) in which a subset of
nodes from each considered RSN is input to the algorithm
together with an external node used as a reference. The search
for epochs in which the least within-network correlation is
above a threshold while the correlation between the seed and 1
external node is minimal was repeated for different sets of
nodes. All epochs obtained for different sets of nodes belonging
to the same RSN were then concatenated in a network-specific
set of EMCWs called INSIDE-RSN, for example, “INSIDE-DMN”

and so on. The remaining epochs were then concatenated in a
set called OUTSIDE-RSN, for example, “OUTSIDE-DMN.” In
these periods, we assumed either partial or no internal coupling
of the network. All these epochs were then used to compute
z-score matrices INSIDE- and OUTSIDE-RSN [see SI for z-score
computation and de Pasquale et al. (2012) for further details].
Additionally, the same epoch labeling was used to examine
differences in both local and global properties of integration
in the brain (e.g., betweenness centrality or global efficiency)
(see below).

Graph Analyses

To characterize the architecture of network interactions in terms
of centrality, modularity, and efficiency, we adopted 2 sets of
graph theory measures. First, we considered interactions aver-
aged across epochs of high or low/partial network coupling (i.e.,

INSIDE- or OUTSIDE-RSN). Then, z-score interaction matrices
computed INSIDE and OUTSIDE-RSNs epochs were thresholded
to obtain adjacency matrices for graph measures. First, a thresh-
old accounting for leakage effects was applied [see SI and de Pas-
quale et al. (2012) for details]. Then, for each z-score interaction
matrix, we computed the number of graph components as a
function of different thresholding values. The threshold for
each matrix was estimated as the highest value that maintained
the graphs fully connected (i.e., the number of components is
equal to the number of nodes).

To characterize local properties of graph nodes, we adopted
the binary betweenness centrality (BC) that is related to the
number of times a node acts as a bridge between the strongest
connections of any 2 nodes. Thus, nodes with high values of BC
participate in a large number of shortest paths. For each z-score
interaction matrix computed INSIDE/OUTSIDE-RSNs epochs, BC
is estimated according to the following formula:

BCðvÞ ¼ 2
ðN� 1ÞðN� 2Þ

X

i≠j≠v

σ ijðvÞ
σ ij

ð1Þ

where σ ij is the total numberof shortest paths fromnode i to node
j, σijðvÞ is the fraction of those paths passing through v, and N is
the graph order (Rubinov and Sporns 2010; Sporns 2011). To com-
pare the pattern of BC values across different z-score matrices,
equation (1)was normalized to the sumof BC across nodes. To as-
sess the significance of the BC, a threshold was obtained as the
average BC (estimated with the same procedure as above) from
a population of 1000 random graphs preserving the node degree
distribution, see Maslov and Sneppen (2002).

Table 1 List of abbreviations adopted in the paper and MNI coordinates of the 42 considered nodes

Common names Abbreviation MNI coordinates Common names Abbreviation MNI coordinates

Dorsal Attention Network DAN Visual Network VIS
Left posterior intra parietal sulcus L pIPS (−25, −67, 48) Left area V1 L V1 (−3, −101, −1)
Right posterior intra parietal sulcus R pIPS (23, −69, 49) Right area V1 R V1 (11, −88, −4)
Left frontal eye field L FEF (−26, −12, 53) Left area v2 dorsal LV2d (−8, −99, 7)
Right frontal eye field R FEF (30, −13, 53) Right area V2 dorsal R V2d (14, −96, 13)
Left middle temporal L MT (−43, −72, −8) Left area V3 L V3 (−9, −96, 13)
Right middle temporal R MT (42, −70, −11) Right area V3 R V3 (20, −95, 18)
Ventral Attention Network VAN Left area V4 L V4 (−31, −77, −17)
Right middle frontal gyrus R MFG (41, 17, 31) Right area V4 R V4 (27, −71, −14)
Right pre-central sulcus R PCS (41, 2, 50) Left area V7 L V7 (−23, −78, 26)
Right supramarginal gyrus R SMG (52, −48, 28) Right area V7 R V7 (32, −78, 25)
Right superior temporal gyrus R STG (58, −48, 10) Motor Network MOT
Right ventral frontal cortex R VFC (40, 21, −4) Left second somatosensory L S2 (−60, −28, 24)
Default Mode Network DMN Right central sulcus R CS (35, −26, 55)
Left angular gyrus L AG (−43, −76, 35) Left central sulcus L CS (−37, −19, 53)
Right angular gyrus R AG (51, −64, 32) Right second somatosensory R S2 (57, −28, 23)
Posterior cingulate/precuneus pCC (−3, −54, 31) Left supplementary motor area L SMA (−1, −17, 55)
Ventral medial prefrontal cortex L mPFC (−2, 51, 2) Right supplementary motor area R SMA (4, −15, 53)
Dorso medial prefrontal cortex L mPFC2 (−13, 52, 23) Left putamen L PUT (−30, −18, 10)
Right medial prefrontal cortex R mPFC (2, 53, 24) Right putamen R PUT (30, −17, 9)
Left inferior temporal gyrus L ITG (−57, −25, −17) Language Network LAN

Left dorsal inferior frontal gyrus L dIFG (−44, 23, 15)
Left superior temporal sulcus L STS (−50, −54, 22)
Anterior superior temporal gyrus T1a (−56, −12, −3)
Upper part of the Pars opercularis of
the inferior frontal gyrus

F3opd (−44, 21, 24)

Pars triangularis opercularis of the
inferior frontal gyrus

F3tv (−43, 20, 4)

Posterior superior temporal gyrus T1p (−55, −48, 15)
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To characterize the global integration properties of the graph,
we adopted the Global Efficiency (GE), a measure related to infor-
mation exchange. The parameter GE, given our graph edges are
defined in terms of connectivity strength, will reflect the effi-
ciency of the interaction across the whole graph (Rubinov and
Sporns 2010; Sporns 2011). GE is defined as the average inverse
shortest path length in the network, which is inversely related
to the characteristic path length:

GE ¼ 1
N½N� 1�

X

i;j∈N;i≠j

1
dij

ð2Þ

where dij is the shortest path between nodes i and j. GE was esti-
mated as a function of the threshold, INSIDE and OUTSIDE-RSNs
epochs.

Second, we followed the dynamics of interactions over time.
To this aim, we obtained graph edges from a series of 40 500
cross-correlation matrices (see Fig. 1). All graph parameters
were estimated dynamically every 200 ms, run by run separately,
and each run was treated as an independent observation. This
choice does not separate sources of variances between runs
and subjects but is consistent with other strategies of analysis,
for example, spatial ICA, in which MEG time courses from differ-
ent runs and subjects are concatenated together (Brookes, Hale,
et al. 2011; Brookes, Woolrich, et al. 2011). To analyze the dynam-
ics of the RSN interactions, we could not adopt the same statistics
based on z-scores, since these were obtained by averaging across
specific time epochs and this would not allow us to track our para-
meters over time. Furthermore, we could not base our threshold
on the fully connectedness of the sequence of graphs. This
would have provided us with the lowest correlation value corre-
sponding to the time in which the graph showed the lowest coup-
ling. In this way, time instances of strong and low coupling could
not be distinguished and connections of different intensities
wouldhave been treatedas the same.Therefore,weassumedacri-
terion based on the highest on average graph centrality (we ob-
tained r = 0.6 as a threshold, see Results). To identify this value,
we first estimated BC as a function of time and the binary thresh-
old. For each threshold, the binarymatrices obtained after thresh-
olding, at every time t ∈ ½0; 0:2; : : :; 290�s of every 5-min run, we
computed the BC as a function of time:

BCðv; tÞ ¼ 2
ðN� 1ÞðN� 2Þ

X

i≠j≠v

σijðv; tÞ
σ ijðtÞ

ð3Þ

where σ ijðtÞ is the total number of shortest paths from node i to
node j at time t, σijðv; tÞ is the number of those paths passing
through v at time t.Then,we averaged across time the node BC es-
timated at every time point of every run and every subject as a
function of the threshold ranging between [0 1]. After averaging
the BC across nodes, the threshold corresponding to the max-
imum was selected, and the correlation matrices were thre-
sholded to estimate the binary GE as a function of time as:

GEðtÞ ¼ 1
NðN� 1Þ

X

i;j∈N;i≠j

1
dijðtÞ

ð4Þ

where dijðtÞ is the shortest path between nodes i and j estimated
over the binary correlation matrix at time t. Finally, to check that
the observed GE values were not inflated by the presence of a
few hubs, we computed the graphmodularity bymeans of the Lo-
vain algorithm for undirected graphs (Blondel et al. 2008). All the
above-defined quantities have been estimated by means of the

MATLAB toolbox, Brain Connectivity Toolbox (BCT) (https://sites.
google.com/site/bctnet/) (Rubinov and Sporns 2010). For the
graph visualization, we used the MATLAB toolbox VISUALCON-
NECTOME (Dai and Huiguang 2011) (http://code.google.com/p/
visualconnectome/).

Receiver Operating Characteristic Estimation

To investigate the relationship between RSN occurrence, that is,
epochs of strong within-network coupling and global efficiency,
we treated every network as a binary classifier of periods of
high efficiency whose performance can be assessed in terms of
receiver operating characteristic (ROC) analysis (see Fig. 1). We
proceeded as follows: for every run, we computed the mean
value of the timeseries fGEg. Then, to identify periods of high
efficiency, we binarized this time series above its mean to obtain
fBGEg. We adopted the mean as a threshold since we were not
interested in the exact location of the local GE maxima but
more in the temporal extension of periods of high efficiency.
For simplicity of notation, in what follows we will refer to these
periods of high efficiency as “efficiency peaks.” Analogously,
for every network, we computed a binary time series fBNg in
which the ones corresponded to the location and extension of
every INSIDE-RSN epoch. Thus, the True (TP) and False Positives
(FP), True (TN), and False Negatives (FN) were defined in terms of
the following logical operations:

TP = BN ∩ BGE ðpresence of INSIDE - RSN epoch and

efficiency peakÞ
TN ¼ ð¬BNÞ ∩ ð¬BGEÞ ðabsence of INSIDE - RSN epoch

and efficiencyÞ
FP ¼ BN ∩ ð¬BGEÞ ðpresence of INSIDE - RSN epoch and

absence of efficiency peakÞ
FN = (¬BNÞ ∩ BGE ðabsence of INSIDE - RSN epoch

and presence of efficiency peakÞ

Based on these quantities, the true positive rate (TPR) and false
positive rate (FPR) were computed as:

TPR =
TP

TP + FN
; FPR ¼ FP

TN + FP
ð5Þ

so that every run provided a point in the plot (TPR,FPR) of the ROC.
It must be stressed that this measure takes into account not only
the simultaneous presence of INSIDE-RSN epochs and efficiency
peaks but also their temporal extension.
Finally, to fit the TPR, we used the model:

TPR = FPRa � e�b:FPR

e�b
þ c ð6Þ

where [a,b,c] are parameters to be estimated (de Pasquale et al.
2004). Of note, the case [1,0,1] corresponds to the bisecting line,
that is, the chance level for a ROC. The fitting procedure was per-
formed using the Levenberg-Marquardt algorithm for nonlinear
least squares (Seber and Wild 2003).

Results
Network Coupling and BC

The centrality of RSN nodeswas characterized in terms of BC esti-
mated from Z-score connectivity matrices in the β band either in-
side (Fig. 2A—INSIDE-DMN) or outside (Fig. 2A—OUTSIDE-DMN)
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epochs of strong internal coupling of the DMN (see Materials and
Materials and SI for details). Inspection of the connectivity matri-
ces suggests that across-network interactions were overall
stronger when the DMN was internally coupled (INSIDE-DMN).
Furthermore, some networks, in descending order of strength
DMN, DAN, and MOT, show stronger across-network interactions
than other networks (VAN, VIS, LAN) (Fig. 2A). To obtain the nor-
malized BC (Fig. 2B), thesematrices were thresholded correspond-
ing to the maximum value that maintains the graph fully
connected for the different epochs (see Materials and Methods
for details). These thresholds, as shown in Supplementary Figure
1A and B, were stronger in INSIDE (z = 3.9) than OUTSIDE (z = 2.6)
DMN epochs, a result consistent with our previous work (de
Pasquale et al. 2012). When the DMN coupling is strong (INSIDE-
DMN epochs), DMN nodes are central (Fig. 2B), and this property
is robust with respect to the choice of the threshold, as proved

by the centrality rank (this step is described in SI and reported in
Supplementary Fig. 1C). In the bar plot of Figure 2B, BC values
were considered as significant when exceeding the average BC es-
timated from a set of random graphs (see Materials andMethods).
In addition to DMN nodes, few nodes from other RSNs are slightly
above significance. In contrast, nodes in different networks, in-
cluding L/R pIPS (DAN), L/R SMA, and L CS (MOT), become more
central than DMN nodes (L AG; pCC) (Fig. 2B and see Supplemen-
tary Fig. 1D) when the DMN is not strongly coupled (OUTSIDE-
DMN epochs).

One possible confound is that the centrality of DMN nodes
might be driven by connections within the DMN itself. This
would artificially inflate the values of BC since the epochs were
selected by the algorithm to have strong within-DMN coupling.
To check for the influence of DMN internal connections on the
BC values, the same analysis was run removing internal DMN

Figure 2. DMN centrality and nonstationarity. (A) z-score-based connectivity matrices computed INSIDE/OUTSIDE-DMN epochs for the DAN (yellow), VAN (purple), DMN

(cyan), VIS (red), MOT(green), and LAN (brown). (B) Binary BC computed INSIDE/OUTSIDE-DMN epochs. The average BC computed in a set of equivalent random graphs is

shown in red. Nodes of theDMNstand out as highly central during DMN INSIDE epochswhile nodes fromother networks emerge as central outside these epochs. Notably,

these results are obtained at similar graph densities (ρ = 0.15 INSIDE- and ρ = 0.17 OUTSIDE-DMN).
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connections. While the absolute value of BC in DMN nodes
(e.g., see pCC) is lower as expected, their centrality, compared
with other regions of the brain, is relatively unaffected (see
Supplementary Fig. 2).

To more systematically evaluate how node centrality varies
depending onwhich network is internally coupled, wemeasured
BC during each network’s own period of strong coupling (INSIDE
epochs for DAN,MOT, and VIS [used as a control ]) (Fig. 3A). As be-
fore, significance was based on the average BC estimated from a
set of random graphs (dashed line). We observed that different
nodes become central depending on which network is internally
coupled. However, specific nodes in DMN, DAN, and MOT main-
tain high BC values irrespective of which network is coupled. To
better identify this group of central nodes, we considered both
the mean (Fig. 3B left panel: red line) and consistency (defined
as the percentage of times in which every node is above the ran-
dom threshold, Fig. 3B left panel: bar plot) of BC values across all
networks’ INSIDE epochs. A few nodes, including L/R pIPS (DAN),
pCC (DMN), and L SMA (MOT), remained both strongly central and
consistent over time (Fig. 3B right panel: red bars).

In a final analysis, we examined the spatial structure of the
graphs in relation to the centrality of the nodes identified
above. Figure 4A shows graphs, obtained from Z-score matrices
thresholded at the overall minimum (Z = 2.5) and maximum
(Z = 3.9) values needed to maintain full connectedness, which
were estimated during epochs of strong internal coupling for
each network (INSIDE epochs, see above). It is evident that the
spatial structure of the brain graph is quite different depending
on which network is internally coupled (compare rows in
Fig. 4A). At the low threshold (Z = 2.5), the brain is more densely
connected during INSIDE epochs for DMN than for DAN, MOT,
and VIS, respectively. At the high threshold (Z = 3.9), the graph re-
mains fully connected during INSIDE-DMN epochs, with pCC
being the most central node. The graph is less connected during
DAN, MOT, and least during VIS INSIDE epochs. However, central
nodes in the DAN (L/R pIPS) andMOT (SMA) maintain long-range
connections with other nodes of the same or different networks.
For instance, L pIPS is significantly connected with L FEF and R
pIPS, part of the DAN, but also with L CS and SMA, part of the
MOT network. In contrast, visual nodes (e.g., L/R V7) maintain
predominantly local connections with other VIS nodes.

This impression was quantified by counting for each network
at the highest threshold the number of internal, that is, within
the same network, and external, that is, with nodes of other net-
works, connections (Fig. 5A, red/internal and black/external con-
nections, respectively). To account for the different number of
nodes considered for every RSN, we divided the total number of
connections by the total number of possible internal ones. This
analysis revealed that DMN, DAN, and MOT network centrality
reflects a consistent number of external connections. In contrast,
the centrality in of L/R V7 in the VIS network is local, mainly dri-
ven by internal connections.

Since BC values might be potentially affected by inter-nodal
distance, we computed BC with edges of relative length obtained
byweighting the functional couplingwith the inter-nodal Euclid-
eanDistance (ED) (Goni et al. 2014). In particular, to penalize pairs
of nodes corresponding to short ED, wemultiplied the functional
z-scores by the log(ED) as suggested in Lord et al. (2012) where a
logarithmic trend was reported between these quantities. Fur-
thermore, we adopted log(ED) to mitigate the effect of extremely
large values of ED which would otherwise mask out completely
any contribution of the functional coupling. In Figure 5B, we re-
port for the INSIDE-DMN epochs, the comparison between the
BC obtained with weighted (red) and nonweighted (black)

edges. The correlation between the BC values for weighted and
nonweighted edges was high (r = 0.86) indicating that the influ-
ence of distance is small.

In summary, these analyses confirm and extend our previous
results (de Pasquale et al. 2012). First, we confirm that some
nodes within the DMN, especially pCC, interact with many
other regions outside DMN, when DMN is internally coupled. Se-
cond, we show that this rule applies to other networks since
other nodes become central when their corresponding networks
are internally coupled. However, specific nodes in different net-
works (pCC in the DMN, L pIPS in the DAN, L SMA in theMOT) oc-
cupy a central position irrespective of which RSN is internally
coupled. These nodes are therefore candidate functional hubs
for across-network interactions, because their centrality depends
on a high number of external connections with other networks.
In contrast, nodes of high centrality in the VIS network (e.g., L R
V7) are more peripheral since their centrality reflects mainly
internal connections, that is, within the VIS.

Global Efficiency and Integration

What is the function of these variations in network coupling top-
ography and node centrality? One hypothesis is that these dy-
namics are important for functionally integrating different
networks. To test this hypothesis, we investigated whether net-
work dynamics correlate with the efficiency of the whole brain
graph as measured by GE (see Materials and Methods). Figure 4B
shows GE INSIDE (solid line) and OUTSIDE (dashed line) epochs
for each network as a function of the threshold of the graph.
For all RSNs, we found that the efficiency is higher when the net-
work is strongly coupled (INSIDE, solid line) comparedwithwhen
is not (OUTSIDE, dotted line), and this result generalizes across a
range of graph thresholds (Fig. 4B). Interestingly, the range of es-
timated thresholds (yellow area) is greatest for DMN followed by
DAN, MOT, and VIS. More importantly, the efficiency gap (OUT-
SIDE–INSIDE), that is, the average efficiency difference computed
in the threshold range, is statistically significant and strongest in
the DMN (P < 10−5) followed by DAN (P < 10−3), MOT (P < 10−3), and
VIS network (P < 10−3). In summary, this result indicates that GE is
higherwhen networks are coupled, and it is stronger during DMN
coupling followed by DAN, MOT, and least during VIS coupling.

Temporal Dynamics of Efficiency and Network Coupling

The results presented thus far refer to properties averaged over
time, that is, graph measures computed on a single adjacency
matrix based on Z-scores averaged across specific temporal
epochs (e.g., INSIDE or OUTSIDE-RSN epochs). However, we
know that network coupling is nonstationary, which can in
turn affect both centrality and efficiency. Therefore, a strategy
was developed to study variations of BC and GE in time (see Ma-
terials and Methods for details) and relate those temporal fluc-
tuations to RSN coupling. To define significant connections, a
threshold was applied to the cross-correlation matrices based
on a value that maximizes the overall BC of the graph (Fig. 6).
To identify this value, we averaged across time the node BC esti-
mated at every time point of every run of every subject as a func-
tion of the threshold ranging between [0 1].We obtained a general
BC increase in the range of cross-correlation r ∈ ½0:55; 0:65�with a
maximum at r ¼ 0:6 (red bars, Fig. 6 [bottom]). In this range of va-
lues (white dots), pCC, L SMA, and L/R pIPS showed the highest BC
values when averaging across thresholds (Fig. 6 right panel, red
bars). In these nodes, BC values were 3 standard deviations
above themean of BC values computed over the same thresholds
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across all nodes. This finding is consistent with the results based
on average BC (Figs 2 and 3). Now, to relate node centrality to fluc-
tuations of GE, based on the results in Figure 6, we adopted the

value r ¼ 0:6 to obtain a temporal sequence of adjacencymatrices
for the dynamic graph analyses. Then, from this temporal
sequence, we estimated a time course of GE for every run (bold

Figure 3.Network centrality. (A) BC for all the nodes during specific INSIDE epochs forDMN,DAN,MOT, andVISnetworks. Thenodes L/R pIPS, pCC, L SMA, and LV7 seem to

be consistently central when their network is strongly coupled, but also during coupling of other networks. BC values are compared with the average BC from a set of

equivalent random graphs (dashed line). (B) Left panel: The consistency of BC values above the random BC threshold (bars) and the BC value averaged across all RSN

INSIDE epochs (red line). Right panel: the product (consistency) × (average BC) identifies 3 main hubs: L/R pIPS, pCC, and L SMA.
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line Fig. 7A). The GE time course shows fluctuations over time
and on average GE is above its mean 49% of the total observed
time showing a large amount of time in which the graph is effi-
ciently integrated.

Next, we investigated the relationship between GE fluctua-
tions and the occurrence of RSNs, that is, epochs of strong intern-
al network coupling, with the hypothesis that epochs of high
efficiency corresponded to periods of strong network coupling.
The GE time course was thresholded above the mean (dotted
line in Fig. 7A) for each run and binarized (see Materials and
Methods). In what follows, for simplicity, we will define periods
above the mean value as “efficiency peaks.” Similarly to GE,
epochs of strong network coupling (INSIDE-RSN) were marked,
and a second binarized time course was generated (Fig. 7A, rec-
tangles). Next, to compare the binarized time series of GE and

RSN occurrence, we treated every network as a classifier of peri-
ods of high GE. Thus, we computed the TPR and FPR based on the
percentage of temporal overlap between the 2 binarized time
courses for every considered run (gray filled rectangles in
Fig. 7A, see Material and Methods for details). Based on the esti-
mated TPR and FPR for each network, an ROC (1 dot for every run)
was computed, and the corresponding nonlinear fit (solid line) of
TPRwas plottedwhen all the central RSNs (DMN, DAN, andMOT)
are considered separately (Fig. 7B) or together (see Fig. 8). When
the overall contribution of the networks was considered, we ob-
tained a good performance corresponding to a d′ = 0.6 (see the
corresponding ROC in Fig. 8). Furthermore, also when considered
separately, DMN, DAN, andMOTexhibit good performancewith a
curve systematically above the chance level (Fig. 7B). When con-
sidering the concave curve fitting the TPR of the DMN, DAN, and

Figure 4. Network topology and global efficiency. (A) Graph structure of the candidate central networks computed in their specific INSIDE epochs corresponding to the

highest (z = 3.9) and smallest (z = 2.5) thresholds, all RSNs. (B) Graph global efficiency (GE) computed INSIDE (solid line) and OUTSIDE (dashed line) each RSN epochs. The

range of the thresholds (OUTSIDE–INSIDE) estimated for each RSN is highlighted in yellow.
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MOTepochs, the corresponding areas above the straight linewere
48, 58, and 30%, corresponding to d′ values of 0.32, 0.37, and 0.19,
respectively. In contrast, VIS epochs did not performbetter than a

random classifier (ROC reported, Fig. 7D). When the classification
is based on coupling in any of the 3 central networks, we also
obtained a good performance corresponding to a d′ = 0.6

Figure 5. Internal versus external connections during network coupling. (A) The total number of internal (red) versus external connections (black) is shown at the highest

threshold 3.9. To account for the different number of RSN nodes considered, both internal and external connections have been normalized by the number of all possible

pairs of internal nodes for every network. (B) Comparison between BC obtained with edges weighted (red) and nonweighted by the Euclidean distance (black). We note a

good agreement as proved by the high correlation between the 2 patterns, r = 0.86.
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(see the corresponding ROC in Fig. 8). This is evident from the
confidence intervals of the estimated fitting parameters showing
that the fitted curve was not statistically different from the
bisecting line representing the chance level. The estimated para-
meters of the fit are reported in Table 2.

Overall, these findings indicate that the occurrence of RSN,
that is, moments in which the correlation among the nodes of
a network is strong, significantly predicts periods of high effi-
ciency. However, since GE is a global and average measure of ef-
ficiency, a similar result could be obtained through different
integration topologies: for instance, a graph with segregated
communities linked by hubs or a fully connected but diffusely in-
tegrated (i.e., nonsegregated) graph. To gainmore insight into the
nature of changes in efficiency, we computed the time course of
graph modularity, a measure related to network segregation (see
Materials and Methods). We found that modularity was strongly
anti-correlated with GE (r = −0.82, when averaged across runs),
see Figure 7C where we report the correlation between these 2
time series computed in each session. This control is consistent
with the idea that GE peaks are indexing true global integration
across multiple networks.

An additional control was performed to test that the observed
temporal overlap between RSN occurrence (e.g., DMN) and peri-
ods of high efficiency did not result from a spurious overlap of

2 random time series. To rule this out, we systematically shifted
the 2 time courses at different time lags, in the range [−60, 60] s, to
checkwhether the agreement between efficiency and RSN occur-
rence was truly time-locked. A peak corresponding to lag 0 was
observed which was statistically different from the baseline,
that is, greater than µtail + 3σtail inwhich µtail and σtail are, respect-
ively, the mean and standard deviation of TPR computed in the
range 60 > |lag| > 20 (see Supplementary Fig. 4). Analogous results
were obtained for the other networks (not shown).

A final analysis considered the amount of total time occupied
by the efficiency peaks that overlapped with the INSIDE epochs
for DMN, DAN, and MOT. Since these networks show some tem-
poral overlap (de Pasquale et al. 2010, 2012), we first considered
the contribution of the epochs involving theDMNand then incre-
mentally added the contribution of the epochs involving DAN
and MOT. Importantly, each epoch was considered only once.
We obtained that 71% of the efficiency peaks were explained by
the cumulative contributions of DMN-, DAN-, and MOT-INSIDE
epochs, and only 29% of the efficiency peaks remained unex-
plained (Fig. 7E).

In conclusion, these findings demonstrate that GE fluctuates
over time in the resting state, and peaks of efficiency correspond
to periods of strong network coupling for DMN, DAN, and MOT,
but not for the VIS network. Thus, these RSNs not only predict

Figure 6.Betweenness centrality andhubs. The BCas a function of threshold: thismatrix is obtained byaveraging across time the BC computed at every timepoint of every

run of every subject. We note 3 peaks corresponding to L/R pIPS, pCC, and L SMA corresponding to values higher than the mean + 3SDs (white dots). These nodes are

consistently central when BC is averaged across thresholds (bar plot—right panel). The threshold range [0.55 0.65] corresponds to higher BC (bar plot—bottom panel).
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the occurrence of efficiency peaks but also account for large frac-
tions of efficiency peak variability.

Control for Nonstationarity of Connections

In previous work, we have reported evidence of a nonstationary
coupling among RSN nodes (de Pasquale et al. 2010, 2012).

However, a formal and quantitative claim of nonstationarity
requires an appropriate null hypothesis statistical testing. To
this aim, we implemented the methodology proposed in Chang
andGlover (2010) and Zalesky et al. (2014). Given its computation-
al burden, we present a case study on 1 representative run in 1
representative subject. First, we estimated the order of a VAR
model for fitting our BLP data from each of the 42 nodes using

Figure 7. Temporal variability of global efficiency and network coupling. (A) GE time courses during representative runs. The global efficiency fluctuates over time (bold

line) and presents peaks above the average value (dashed line). The temporal occurrence of INSIDE epochs for every network is reported in gray. The occurrence of RSNs

seems to correspond to peaks of efficiency. (B) ROCs show good performance of DMN, DAN, and MOT as classifiers of efficiency peaks. (C) Correlation between the time

series of efficiency andmodularity computed in each considered session indicates a “true” global integration. (D) GE time courses and occurrence for the VIS network and

corresponding ROC. (E) Percentage of global efficiency peaks covered by the incremental contributions of DMN (45%), DAN (19%), and MOT (7%). The temporal epochs of

network coupling (RSNs) cover 71% of efficiency peaks.
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the BIC letting themodel order vary in the range [1, 500]. For each
node and model order, we computed BIC and averaged it across
all nodes. As shown in Supplementary Figure 3A, the average
BIC showed a minimum corresponding to 59 for the model
order. Interestingly, given the temporal sampling of BLP is
20 ms, the estimated model order leads to a lag of approximately
10 s that is somehow in good agreement with the value of 8 s re-
ported in Zalesky et al. (2014) estimated on fMRI data. Supple-
mentary Figure 3B shows a comparison between the real (black)
and the fitted (red) BLP for a representative run. In general,
there was a good agreement between modeled and empirical
BLP time series. Next, we proceeded to produce surrogate statis-
tics from thesemodeled data [following Chang and Glover (2010)]
to produce surrogate BLP data. We selected the nodes belonging
to the proposed functional cores in each network: pCC (DMN), L
SMA (MOT), L/R pIPS, and 1 node for each of the remaining
RSNs, namely L STS (LAN), R-MFG (VAN), and R-V7 (VIS). For
these nodes, we formally tested the nonstationarity of their con-
nections by comparing it with 1000 surrogates of BLP time series
as described in Chang and Glover (2010). For each surrogate con-
nection, we computed the statistics proposed in Zalesky et al.
(2014) to obtain a null distribution based on the sample of the
1000 realizations. From this distribution, we estimated the 95th
percentile thus obtaining for each connection a threshold for
nonstationarity. Finally, we computed the same statistics on
the real data and compared, for each connection, the obtained
values to the corresponding bootstrapped thresholds. Each

connection exceeding the threshold can be considered as statis-
tically nonstationary. Supplementary Figure 3C shows statistical-
ly significant nonstationary connections (white blocks).
Interestingly, candidate core nodes show more nonstationary
connections than noncore nodes. For instance, across all connec-
tions (within and across network), pCC shows 47% of all connec-
tions as nonstationary, L SMA 40%, and L pIPS 36% (bar plot, see
Supplementary Fig. 3C). In contrast, noncore nodes R MFG, L STS,
and R V7 show fewer nonstationary connections. This result va-
lidates the previous observation thatmore “peripheral” networks
VAN, VIS, and LAN, towhich the latter nodes belong, respectively,
spend more time in a state of internal coupling, whereas more
“central” DMN, DAN, and MOT, to which the core nodes belong,
show more across-network interactions over time. In summary,
these results support the evidence of a significant number of
nonstationary connections for all candidate core nodes.

Discussion
This study presents 2 novel findings on the fundamental issue of
how different brain regions or networks interact in the resting
state. First, we demonstrate the existence of multiple dynamic
hubs that allow for across-network coupling. In particular, specif-
ic nodes of the Default Mode, Dorsal Attention, and Motor net-
works behave as dynamical, that is, acting at distinct times,
connectivity hubs of the brain. Second, dynamic network coup-
ling and related variations in centrality correspond to increased
global efficiency. Periods of strong within-network correlation
correspond to periods of high efficiency, and 71% of these periods
can be explained by the incremental contribution of these 3 net-
works. This suggests that the dynamic organization of cross-net-
work interactions represents a property of the brain to optimize
the efficiency in linking regions belonging to distinct functional
domains. These results support the hypothesis of a dynamic
core network model in which the core is composed of a set of
network hubs alternating over time to ensure an efficient global
communication in the whole brain.

Methodological Considerations

Graph Measures
A growing number of studies have applied graph theory to brain
connectivity [reviewed in Bassett et al. (2013)], and some of these
results are controversial, in part because of different definitions
and strategies for estimation of the employed graph measures
[see Zuo et al. (2012); Power et al. (2013) for an interesting discus-
sion]. The interpretation of our results also depends on the
adopted graph measures and several methodological choices
that we made.

Our connectivity estimates do not contain any information on
the coupling directionality and thus all the adoptedmeasures are
based on undirected graphs. Furthermore, we adopted binary
graph measures based on thresholded interaction matrices to
avoid the bias due to an eventual large number of edges with
small weights.

To characterize local properties of the network and assess the
potential impact of nodes on the network dynamics, we adopted
the measure of node BC, designed to index patterns of informa-
tion flow in brain networks and often found to covary with
other measures of nodal centrality (Zuo et al. 2012). BC is high
when a node participates in many of the network’s shortest
paths, that is, when it acts as a “bridge” along pathways of stron-
gest coupling (Sporns 2011). It is important to note that such a
definition is very different from a measure based on degree in

Figure 8. Network coupling as a classifier of efficiency peaks. ROC curve obtained

when DMN, DAN, and MOT are considered jointly. These RSNs behave as good

classifier leading to a d′ = 0.60.

Table 2 Confidence intervals of the estimated parameters from the
nonlinear fit of TPR, see equation (6)

y ¼ xa � e�bx=e�b þ c a b c

DMN [0.445, 0.742] [−0.417, −0.093] [0.765, 1.024]
DAN [0.240, 0.609] [−0.505, −0.029] [0.631, 0.931]
MOT [0.380, 0.734] [−0.675, 0.165] [0.449, 1.124]
VIS [0.281, 1.432] [−0.552, 0.019] [0.693, 1.174]

Only for the VIS network the estimated parameters are not statistically different

from [1, 0, 1] corresponding to the bisecting line. Thus, the performance of this

network is not above the chance level.
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which only the number of connections is taken into account.
Thus, BC is less sensitive to the eventual inflation induced by
the community size, see Power et al. (2013).

To characterize global network integration,we adopted theGE
(Sporns 2011), a measure based on the definition of path length.
In our case, we can interpret this efficiency as the ability of the
brain as a system to effectively communicate across its compo-
nents. It is important to stress that due to the average or global
nature of the measure, it is not possible to distinguish a network
with segregated communities that are linked by hubs or a fully
connected but diffusely integrated (i.e., nonsegregated) network.
To gain better insight into which topological features were asso-
ciated with high or low efficiency, we computed the graphmodu-
larity, a quantity used to identify segregated communities in the
graph. Our results demonstrated that efficiency and modularity
were significantly anti-correlated, thus confirming that periods
of high efficiency were associated with functional integration of
network communities.

It is important to note that efficiency and modularity strongly
depend on the connection density of the graph. In particular,
whenwe analyzed the dynamics of BC, efficiency, andmodularity,
we adopted a common threshold for the connectivity matrices.
This choice led to a sequence of adjacency matrices whose con-
nection density is not fixed. Although we acknowledge that the
different sparseness of these matrices might be problematic and
influence estimates of the graph measures, we believe that this
issue did not impact the validity of our findings for several
reasons. Firstly, it is not possible to compare the dynamics of net-
work integration and RSN occurrence (as labeled through the
EMCW algorithm) by fixing the connection density. This would
lead to a sequence of adjacency matrices thresholded at different
connectivity amplitudes while the EMCW strategy identifies pat-
terns of strong connectivity amplitude. Notably, the obtained rela-
tionship between RSN occurrence and efficiency/density is not
trivial, that is, it is not given that periods in which networks are
highly coupled correspond to strong integration, characterized
by a higher density of connections and efficiency. This is because
the numberof nodes internal to an RSN is only approximately 15%
of the total number of nodes considered. Thus, in epochs inwhich
a RSN is strongly internally coupled, the number of internal
connections should not inflate the overall density. An important
control on this point is that theVIS network,whichhasthehighest
number of nodes (VIS 10 nodes; DMN 6 nodes), did not show a
significant relationship between GE peaks and RSN occurrence.

Secondly, it is also unlikely that the connection density influ-
enced the results on global integration and node centrality when
comparing INSIDE- versusOUTSIDE-RSNepochs. In fact,we com-
puted DMN efficiency and modularity as a function of graph
density (see Supplementary Fig. 5). Interestingly, we note that
at a density value of approximately 0.2, corresponding to a
graph fully connected during OUTSIDE epochs, the efficiency is
higher and the modularity is lower during INSIDE versus OUT-
SIDE epochs. Furthermore, the thresholds used on the z-score
matrices estimated during INSIDE- versus OUTSIDE-DMN epochs
led to similar values of the graph density. Specifically, the density
of connections during INSIDE and OUTSIDE-DMN epochs was
0.15 and 0.17, respectively (see Fig. 2).With regard to other central
networks (DAN andMOT), the graph densities were 0.22 and 0.26,
respectively. This control shows that the thresholds applied to
the Z-score matrices before computing centrality yield graph
with similar densities during INSIDE versus OUTSIDE epochs.
Therefore, we conclude that the influence of different graph
densities on the BC results is minimal, at least for the thresholds
we adopted.

Signal Leakage
Every MEG-based connectivity study can be seriously affected by
“signal leakage” which is an extensive term for a number of sep-
arate effects among which spatial spread of sources and spatial
misattribution of sources induced by an inaccurate forward
field computation (Brookes et al. 2012). Basically, spurious con-
nectivity can be observed due to the nonindependence of signals
at separate brain locations. Such connectivity does not reflect a
“true” coupling of the considered nodes but is merely due to
the inaccuracy of the source-space projection.

Several techniques have been proposed to quantify, minim-
ize, and account for this effect (Nolte et al. 2004; Brookes, Hale,
et al. 2011; Brookes et al. 2012; Hipp et al. 2012; Marzetti et al.
2013). Most of these techniques are based on discarding zero
lag interactions amongMEG signals, assuming that this contribu-
tion is entirely due to the source leakage. While this approach is
effective in correlation mediated by the field spread, it will also
suppress genuine neurophysiological interactions that occur at
zero lag (Brookes et al. 2014). From a biological perspective, esti-
mates of connectivity among orthogonalized signals are likely
different from those computed on nonorthogonalized signals
as in the present work. In fact, a procedure in which only ortho-
gonalized signals aremaintainedwill highlight connections from
sources that are maximally out of phase. Such connections re-
present an interesting aspect of the interaction framework,
which is complementary to the one we would like to investigate
here based on zero lag interactions. Moreover, themajority of the
above techniques operate on the first main MEG signal compo-
nent among the 3 available ones. This choice is somehow arbi-
trary since often at rest at least 2 components show similar
amplitude. For this reason, in our approach, the BLP is computed
maintaining all the 3 components of the signal.

In this work, to account for source leakage, we removed con-
nections whose inter-nodal distance is <35 mm [see de Pasquale
et al. (2010); de Pasquale et al. (2012) where these aspects are dis-
cussed]. However, we acknowledge that source leakage might
still potentially have an effect on our results, and thus, we per-
formed the following controls. First, source leakage can poten-
tially lead to arbitrary and simultaneous increase of power in
separate brain regions, which would inflate their coupling and
cause a good correspondence between peaks of GE and RSN oc-
currence. To control for this effect, we compared the time courses
of GE and mean BLP estimated in the central networks (DMN,
DAN, and MOT). In particular, we computed the correlation be-
tween GE and BLP time series for each run and then averaged
across runs.We obtained very low values of correlation (r), name-
ly r(GE,BLP-DMN) = 0.18, r(GE,BLP-DAN) = 0.19, r(GE,BLP-MOT) =
0.22. As an example, we report in Supplementary Figure 6 the
scatterplot between these quantities for a representative run.
This control indicates no significant relationship between
increases of BLP and peaks of global efficiency; hence, our obser-
vations on the relationship between GE and RSN occurrence
seem robust with respect to signal leakage.

Secondly, we note that nodes that are very close in distance
often have different levels of centrality, for example, left and
right SMA that are just juxtaposed on themedialwall of the front-
al lobe have different levels of centrality (high in left, but low in
right SMA). To generalize this observation, we examined system-
atically the relationship between Euclidean distance and BC.
Supplementary Figure 7 plots for every node the relationship be-
tween BC as computed in Figure 3 and the average value of the
Euclidean distance of the connections involved for each node in
the computation of the centrality. Overall the correlation be-
tween these quantities was not statistically significant (r = 0.19,
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P = 0.21). Furthermore, connections that include the dynamic
hubs (underlined labels) do not correspond to the shortest pos-
sible connections, and connections from other 11 noncentral
nodes fall in the very same range of distance as the most central
ones (light gray). Finally, a large fraction of nodes (∼30%) have
short connections and lowBC (dark gray-shaded area). In general,
dynamic hubs realize their centrality by means of long-range
connections, many of which external with respect to their net-
work (see Supplementary Figs 2 and 5B).

In summary, our controls indicate that neither GE nor BC
measures are influenced by signal leakage. Moreover, BC values
do not seem to be affected by local connections, but rather
depend on long-range connections.

Dynamic Cortical Hubs

In connectivity studies, every brain region can be potentially as-
signed a connectional fingerprint defining its structural or func-
tional role (Hutchison et al. 2013). A key role in the mechanisms
of integration flow in the brain is potentially played by cortical
hubs consisting of highly connected areas serving aswaystations
for network traffic or as centers of integration (Shirer et al. 2012).
Several structural and functional hub locations have been re-
ported inmultimodal imaging studies (Hagmann et al. 2008; Bull-
more and Sporns 2012) typically located in medial (pCC) and
lateral (angular gyrus) parietal regions of the DMN, as well as in
anterior cingulate and anterior insula, part of the cingulo-oper-
cular (CO), and lateral frontal and parietal cortex, part of the fron-
toparietal control networks (Buckner et al. 2009; Cole et al. 2010;
Tomasi andVolkow 2011; de Pasquale et al. 2012, 2013) [see Power
et al. (2013) for opposed results in which these DMN regions are
assigned only a provincial role due to degree inflation caused
by community size]. In line with these results, in a previous
MEG study, we identified a set of nodes belonging to the DMN
as highly central. Additional nodes fromDAN andMOT networks
were also found to be central, although with a lower connectivity
strength (de Pasquale et al. 2012).

In this study, we investigated these aspects by using graph
theory measures that allow for a more quantitative definition of
centrality. When centrality amplitude and reproducibility mea-
sures were combined (de Pasquale et al. 2013), 3 nodeswere iden-
tified: pCC in the DMN; L/R pIPS in the DAN; and left SMA in the
MOT networks (Figs 3–6). These nodes behaved as hubs not just
during temporal epochs in which the networks towhich they be-
long were coupled, but also during epochs of other networks’ en-
gagement. Of note, the functional centrality of pCC and L SMA is
in agreement with prior fMRI results (Yeo et al. 2011; de Pasquale
et al. 2013). It is intriguing to speculate that the location of these
dynamical hubs allows for the integration of internal cognitive
processes (e.g., memory, self-referential behavior) mediated by
the DMN (Buckner et al. 2008; Sestieri et al. 2010), with the selec-
tion of environmental and body information mediated by the
DAN (Sestieri et al. 2010; Corbetta and Shulman 2002), and for
each system, in turn, linkage with response/sensory-motor pro-
gramming and execution mediated by the MOT network. Thus,
the integration among these systems may be necessary to pro-
vide amore complete coverage across a broad range of functional
domains. Cycling through these patterns of dynamic activity oc-
curs at rest consistent with the idea that resting-state activity
partly recapitulates high-frequency patterns of task-evoked acti-
vation (Fox et al. 2005; Lewis et al. 2009; Baldassarre et al. 2012).

Dynamic analyses of graph properties and network coupling
revealed a number of novel facts about RSNs. We showed that
highly central nodes in different RSNs behave as transient

hubs, that is, they are central during different temporal epochs
even though with some periods of overlap. This is illustrated in
the movie reported in Figure 9, in which one 20-s period from 1
representative run in 1 subject is analyzed. The upper left panel
shows the temporal series of peaks of centrality for the identified
hubs, (L/R pPIPS, pCC, and L SMA) and their duration. The lower
left panel reports the instantaneous values of BC (not-normal-
ized) for individual nodes in DMN, DAN, and MOT networks.
Finally, the right panel displays the graph connections. The
hypothesized dynamic core is highlighted in red. The 3 panels
are temporally synchronized. Inspection of the movie illustrates
the alternation of different graph configurations that are cen-
tered on the 3 main hubs.

When averaged across runs, BC peaks for DMN occur 45% of
time, for MOT 43% and for DAN 41%. The temporal interchange
of these hubs is fundamental for allowing an efficient network in-
tegration in the brain, but at the same time is problematic since
leads to the following paradox: if a network consists, by definition,
of a set of nodes showing higher internal coupling than with the
rest of the brain, how can these nodes also significantly interact
with each other? An examination of temporal dynamics points
to 1 possible answer. Given networks are nonstationary, as emer-
ging findings suggest [Hutchison et al. (2013) for a review], epochs
in which they are not highly coupled are exploited to integrate
with other systems. Our results suggest that this is achieved
through dynamic hubs and long-range connections. Now, since
the putative hubs relate to important and distinct functions
such as internal cognition, sensory-motor processing, and atten-
tion, we speculate that their alternation reflects fundamental
axes of integration processing in the brain that are partially segre-
gated at rest. An important prediction is that these dynamics
should dramatically be altered during tasks that emphasize either
internal or external cognition.

Global Efficiency and RSN Occurrence

The model of transient hubs that link separate functional
domains in the brain suggested us a computational strategy for
optimizing the global flow of interaction. To this aim, we investi-
gated the dynamics of the graph global efficiency. Interestingly,
but perhaps not surprisingly, we found that efficiency is not
fixed but fluctuates over time (see Fig. 7) showing a large number
of peaks, namely 49% of total observed time. Furthermore, this
state of high efficiency correlates with the emergence of specific
RSNs, namely DMN, DAN, and MOT (with the visual network re-
presenting a negative control). These networks behave as classi-
fiers of efficiency peaks (Figs 7 and 8) and 70% of them could be
explained by the incremental contribution of these RSNs. These
results combined with the previous considerations on the node
centrality suggest that the transient formation of hubs during
periods of high internal coupling in some RSNs (DMN, DAN,
and MOT) but not others (VIS) correspond to the optimization
of the GE of the graph.

A “Dynamic Core Network” Model

Diverse theories of cognition and consciousness hypothesize
the existence of distributed neural systems as a basis for a “glo-
bal workspace,” a core system in which segregated functional
communities interact (Dehaene et al. 1998; Dehaene and Nac-
cache 2001). A possible structural substrate of such global
workspace may be found in rich club organization (McAuley
et al. 2007; Bullmore and Sporns 2009). This model predicts a
spatially distributed and yet topologically central organization
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in which hubs of a network tend to be densely interconnected.
The presence, or absence, of such organization can provide im-
portant information on the higher order structure of a network,
particularly at the level of resilience, hierarchal ordering, and
specialization (McAuley et al. 2007). Interestingly, although
no anatomical information was used in our analysis, the

nodes that we identified as dynamical hubs largely overlap
with the areas reported in the study by van den Heuvel and
Sporns (2013) as composing the rich club, and our results are
consistent with findings demonstrating that the structural
rich club cross-links functional RSNs (van den Heuvel and
Sporns 2013).

Figure 9. Movie of dynamic hubs and connectivity. A 20 s sample in 1 representative run (see attached movie). In the upper left panel, we show the dynamics of the

occurrence of peaks of centrality for the identified dynamic hubs (L/R pIPS, pCC, and L SMA); in the lower left panel, we report the instantaneous values of BC (not

normalized) for the nodes of DMN, DAN, and MOT at every time point, and in the right panel, we display the graph connections. The hypothesized dynamic core is

highlighted in red. The 3 panels are temporally synchronized.

Figure 10. The dynamic core network model. Transient hubs belonging to specific RSNs at distinct time points ensure an efficient flow of integration across the whole

brain.
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Thus, we speculate that such a core structure could be inter-
preted as the anatomical substrate of our dynamic integration
model that closely resembles the hypothesized “connective
core” described in study by Shanahan (2012). In fact, many as-
pects of this model seem to fit our results. First, the fact that
these hubs involve different functional domains might relate to
the “coalition formation” problem, namely how the set of pro-
cesses relevant to the ongoing situation becomes active and
join a coalition. We speculate that this could be accomplished
by exploiting the dynamic availability of the different hubs (see
Fig. 10). Moreover, our dynamic core is versatile, that is, the tem-
poral dynamics observed at rest could becomemore structured in
the presence of a stimulus [as shown for example in study by
Betti et al. (2013)]. Notably, our results provide a possible electro-
physiological correlate of recent fMRI findings in which strong
dynamic nonstationary and intermodular connections involving
hubs of DMN and frontoparietal systems are reported (Zalesky
et al. 2014). Interestingly, network fluctuations are linked to
efficiency of information transfer, thus suggesting that the
brain dynamics reflects a balance between efficient informa-
tion-processing and metabolic expenditure. Furthermore, our
observations are also in line with modeling predictions based
on structural data (Honey et al. 2007) in which structure–function
relations atmultiple temporal scales are identifiedwith the func-
tional centrality of individual nodes varying across time as inter-
regional couplings shift. In linewith our findings, in thiswork it is
suggested that the neuronal dynamics may lead to the existence
of hubs in functional connectivity networks and functional clus-
ters bridged via areas in primary somatosensory motor cortex
(Honey et al. 2007).

Supplementary Material
Supplementary material can be found at http://www.cercor.
oxfordjournals.org/ online.
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