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ABSTRACT:

Resting state networks (RSNs) are of fundamental importance in human systems neuroscience with
evidence suggesting that they are integral to healthy brain function and perturbed in pathology.
Despite rapid progress in this area, the temporal dynamics governing the functional connectivities
that underlie RSN structure remain poorly understood. Here, we present a framework to help
further our understanding of RSN dynamics. We describe a methodology which exploits the direct
nature and high temporal resolution of magnetoencephalography (MEG). This technique, which
builds on previous work, extends from solving fundamental confounds in MEG (source leakage) to
multivariate modelling of transient connectivity. The resulting processing pipeline facilitates direct
(electrophysiological) measurement of dynamic functional networks. Our results show that, when
functional connectivity is assessed in small time windows, the canonical sensorimotor network can
be decomposed into a number of transiently synchronising sub-networks, recruitment of which
depends on current mental state. These rapidly changing sub-networks are spatially focal with, for
example, bilateral primary sensory and motor areas resolved into two separate sub-networks. The
likely interpretation is that the larger canonical sensorimotor network most often seen in
neuroimaging studies reflects only a temporal aggregate of these transient sub-networks. Our
approach opens new frontiers to study RSN dynamics, showing that MEG is capable of revealing the

spatial, temporal and spectral signature of the human connectome in health and disease.



INTRODUCTION:
Recent years have seen a new frontier in human neuroimaging brought about by the measurement
of functional connectivity between brain regions. The finding of statistical interdependencies

between signals representing brain function in spatially separate areas, even in the absence of a task

(so called “resting state” connectivity) was shown by Biswal et al. [Biswal et al., 1995) and has

subsequently been confirmed in many papers (e.g. [Beckmann et al., 2005}Fox et al., 2005}|Raichle

et al., 2001). The principal finding is that brain function is supported by a relatively small set of large

scale distributed networks, each characterised by spatially resolved patterns of functional
connectivity. Some networks support sensory function (e.g. the sensorimotor network), whilst
others are associated with attention and cognition (e.g. the fronto-parietal networks). These
networks are reproducible across subjects, present in resting and task positive data, and are
perturbed in a variety of pathologies. The mathematical methods most commonly used to probe
functional connectivity employ a measurement of temporal correlation calculated over large time
windows, usually comprising the entire experiment. This necessarily implies a prior assumption that

functional connectivity between regions is stationary. However, increasing evidence from recent

studies {Allen et al., 2014||Baker et al., 2014](Baker et al., 2012|Brookes et al., 2014||Chang and

Glover, 2010}|de Pasquale et al., 2010}|Hutchison et al., 2013} suggests that resting state networks

(RSNs), and the functional connectivities that define them, are time dependent. These dynamics are
poorly understood, but the likelihood is that healthy brain function is supported by rapid and
transient formation and dissolution of many small focal networks, the dynamics of which depend on
current processing load. Furthermore, the RSN signatures that are commonly depicted in
neuroimaging studies (henceforth termed ‘static’ RSNs) doubtless represent a time average of this
transient connectivity. In this paper, we present a new framework in which to investigate and
understand RSNs, by showing explicitly that multiple transiently synchronising sub-networks

underlie the static network topology of the sensorimotor system.

Functional magnetic resonance imaging (fMRI) remains the most common means to investigate

RSNs, and recent fMRI studies provide evidence for network non-stationarity (see {Hutchison et al.,

2013) for a review). Indeed transient connectivity measures elucidate significant departures from

established RSNs {Allen et al., 2014), with networks observed to form and dissolve over time. This

said, a limitation of fMRI is the slow and indirect haemodynamic response, which makes
measurement of fast temporal dynamics difficult. Recent years have seen a rapid advance in our
understanding of neural oscillations (rhythmic electrical activity within cell assemblies). These

oscillations, commonly reported in the 1 Hz — 200 Hz band, are thought to represent an intrinsic



mode of electrophysiological connectivity {Engel et al., 2013](Schoffelen and Gross, 2009{|Scholvinck

et al.,, 2013). In particular, two distinct types of coupling have become prominent {Engel et al., 2013):

The first arises from phase coupling between band-limited oscillatory signals; the second is the result
of synchronisation between the amplitude envelopes of band Ilimited oscillations.

Magnetoencephalography (MEG) has been used successfully to characterise these intrinsic

mechanisms (Brookes et al., 2011aj|Brookes et al., 2011bj|Gow et al., 2008}|Gross et al., 2001

loannides et al., 2000]|Jerbi et al., 2007{|Liu et al., 2010]|Luckhoo et al., 2012}||Marzetti et al., 2013

Nolte et al., 2004|[Nolte et al., 2008]|Ramnani et al., 2004||Schlogl and Supp, 2006}(Schoffelen and

Gross, 2009{[Tass et al., 1998||Wens et al., 2014}, and much of the available evidence implies that

envelope synchrony relates closely to the RSNs observed in fMRI. In fact, the spatial signatures of a

number of fMRI based RSNs can be seen using MEG based envelope correlation metrics; this finding

has now been observed in a number of studies [Brookes et al., 2011a}|Brookes et al., 2011b||Hipp et

al., 2012]|Liu et al., 2010]|Luckhoo et al., 2012||Wens et al., 2014). There is also emerging evidence

showing that connectivity, as assessed by envelope synchronisation, is a dynamic process with

significant non-stationarity observable in the resting state [Baker et al., 2014}|Baker et al., 2012

Brookes et al., 2014||de Pasquale et al., 2010). Such MEG based measurements are not limited by

the indirect nature of the haemodynamic response and therefore offer significant advantages in
characterising transient connectivity. Overall, the apparent close relationship between neural
oscillatory processes and RSNs, coupled with the promise of MEG based network measures to
characterise dynamics, suggest that studies in this area offer an excellent opportunity to further our

understanding of the dynamic connectome.

In this paper, we exploit the direct nature and good time resolution of MEG measured beta band
neural oscillations to investigate transient functional connectivity in the sensorimotor network. We
choose this network specifically, since it is one of the best characterised RSNs, whose morphology is
open to direct interpretation. We hypothesise that the sensorimotor RSN described in the literature
based on stationarity assumptions is, in fact, a temporally and spatially smoothed aggregate of
multiple (more focal) transiently synchronising sub-networks (TSNs). To test this hypothesis, we

combine a multivariate sliding window approach based upon canonical correlation analysis (CCA)

Barnes et al., 2011)(Brookes et al., 2014|[Hotelling, 1936}[Soto et al., 2010} with vector quantization

MacQueen, 1967) to generate a method to identify robustly occurring transient connectivity

patterns. Applying this method to two separate datasets, we derive the spatial signatures of multiple
TSNs occurring within the sensorimotor system. We show that these individual spatial signatures

describe significantly more variance than any equivalent signature defined assuming stationarity. We



go on to show that TSNs generalise across subjects and across independent experiments. Finally, we
hypothesised that, on initiation of a motor task, efficient neural processing would favour
recruitment of a specific set of sub-networks (that were also observable in resting data). We show
that in spite of no significant change in overall connectivity between statically defined network

nodes, specific sub-networks significantly increase their likelihood of occurrence during task.

2) METHODS:

2.1) Data acquisition:
Two separate MEG datasets were acquired. The first was designed as a ‘resting state’ recording with

an intermittent self-paced motor response. The second comprised a cognitive task.

Dataset 1: Self-paced motor: Ten volunteers (8 male, 2 female aged 25+4 years (mean + SD)) were
asked to lie supine in the MEG system and execute a button press with the index finger of their non-
dominant hand. Subjects were told that button presses should be repeated infrequently
(approximately once every 30s) for a total of 1200s, and that they should not count in the period
between presses. Ten right handed subjects were recruited. Button presses were recorded using a

keypad.

Dataset 2 - Sternberg working memory task: Eleven subjects (7 male, 4 female, and aged average
31+6 years (mean + SD)) were recruited to this study. In the task, a single trial comprised
presentation of two example visual stimuli (arbitrary black abstract shapes on a grey background,
shown for 600ms with 1s between onsets); this was followed by a 6s maintenance period and a third
probe stimulus which was shown for a duration of 3s. The subject was asked to respond, via right
handed button press (index finger), if the probe stimulus matched either of the two example stimuli.
A single block comprised three trials followed by a rest phase lasting 36s; 15 blocks were presented
to each subject. The probability of a target (i.e. the probe matched one of the two example stimuli)

was 0.5.

These two paradigms both contain a motor response (a button press). However, the difference
between them allows contrast between simple motor action, infrequently performed during the
resting state, and similar motor action set within a complex cognitive paradigm. It was reasoned that
if TSN signatures were integral to sensorimotor processing, then equivalent TSNs should be observed

for both tasks. In addition, the Sternberg task would allow investigation of TSN dynamics for fast and



slow reaction times. Both experiments were approved by the University Of Nottingham School Of

Medicine Ethical Committee.

All MEG data were collected using the synthetic third order gradiometer configuration of a 275-
channel CTF MEG system (MISL, Coqulitam, Canada) at a sampling rate of either 1200Hz (self-paced)
or 600Hz (Sternberg). Subjects were positioned supine. Prior to data acquisition, three head position
indicator coils were placed on the head. These coils were energised periodically during data
acquisition in order to localise the subjects head in the scanner. To facilitate co-registration of the
MEG sensor geometry to brain anatomy, a 3D digitisation of the three fiducial points and the head
surface was acquired using a Polhemus lIsotrack digitiser system. Anatomical MR images were
acquired using either a 3T or 7T Phillips Acheiva MRI scanner at a voxel resolution of 1mm?®.
Coregistration of MEG data to the anatomical MRI was completed by matching the digitised head

surface (Polhemus) to the equivalent head surface extracted from the anatomical MRI.

2.2) Data Analysis

A novel data processing pipeline was developed to image the hypothesised TSNs. This is shown
schematically in Figure 1. Functional connectivity was estimated as correlation between the
amplitude envelopes of band limited neural oscillations in left and right regions of the static

sensorimotor network; this method was chosen over phase coherence due to its close relationship

to RSN structure observed previously (Brookes et al., 2011b). Since previous studies show that

sensorimotor network connectivity is strongest in the beta band (Brookes et al., 2011a}|Brookes et

al., 2014|[Hipp et al., 2012) analyses were limited to 13-30Hz. Our technique used: 1) a spatial filter

to project sensor space MEG data into brain space and dynamic multivariate leakage reduction to
ameliorate the confounds of source space signal leakage (this is a critical step in order to prevent
artefactual results — our technique for dealing with it is given in supplementary information). 2) A
sliding window canonical correlation analysis (CCA) to estimate the spatial signature of transient
functional connectivity within each time window. 3) Vector quantisation (k-means clustering) to
cluster connectivity images into repeating spatial patterns; it is these patterns which form our

transiently synchronising sub-networks (TSNs). These steps are each described further below.



1) Source localisation and leakage reduction

2) Connectivity estimation between seed and test clusters

CCA is applied to the amplitude envelope in
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Figure 1: Schematic diagram showing the processing pipeline used to extract transiently synchronising networks




2.2.1) Source Localisation and leakage correction:

Source localisation was carried out using an adaptive beamformer {Robinson and Vrba, 1999](Van

Veen et al., 1997). Covariance was computed in the beta band using a time window spanning the

whole experiment [Brookes et al., 2008). Regularisation was applied to the data covariance matrix

using the Tikhonov method, with a regularisation parameter set to ensure a condition nmber of 100.

The forward model was based upon a dipole approximation {Sarvas, 1987) and a multiple local

sphere head model {Huang et al., 1999). Dipole orientation was determined using a non-linear

search for optimum signal to noise ratio (SNR). Source timecourses were computed at the vertices of
a regular (8mm) grid spanning the volume enclosed by the static sensorimotor network. The

network mask was based upon an atlas derived using spatial independent component analysis

applied to fMRI data (Filippini et al., 2009). The mask contains bilateral primary motor cortices as

well as bilateral primary and secondary somatosensory cortices. The seed cluster was placed in the

right hemisphere and the test cluster in the left hemisphere. Note that this spatial signature has

featured in previously published studies (e.g. [Brookes et al., 2011b}|Filippini et al., 2009}|Luckhoo et

al., 2012)) and represents a robust measure of the canonical static sensorimotor network.

Beamformer estimated timecourses for all voxels within the mask were divided by hemisphere; a
‘seed’ cluster was defined, containing all voxels in the left hemisphere enclosed by the mask;
likewise a ‘test’ cluster was defined containing all voxels in the right hemisphere enclosed by the

mask (see Figure 1).

Our subsequent analysis aims to measure inter-hemispheric connectivity between the seed and test

clusters. The major confound of MEG connectivity measurements is signal leakage between source

space timecourses (i.e. leakage between seed and test clusters) {Brookes et al., 2014{|Brookes et al.,

2012})|Hipp et al., 2012). This is a consequence of the ill-posed MEG inverse problem and typically

results in artifactually inflated connectivity estimates. A simple method to reduce this leakage is

based upon linear regression, which has been described in previous studies (Brookes et al., 2012

Hipp et al., 2012). However, here we note that our implicit assumptions of non-stationarity in

functional connectivity bring with them implications for such standard methods to mitigate the
effects of leakage. A difference between the two studies previously published is that Brookes et al.
assumed stationarity, and performed a single leakage correction step for the whole dataset, whereas
Hipp et al. proposed a dynamic approach correcting small time-windows individually. The advantage

of the former is that the leakage correction will be more precise as it is based on more data. The



advantage of the latter is that it will be robust for non-stationary data. In fact it can be shown (see
supplementary material) that when measuring functional connectivity across multiple time windows,
if changes in variance in either a seed or test cluster timecourse are expected between windows,
then dynamic leakage reduction is essential to ensure unbiased functional connectivity estimation.
For this reason, in the present work, we used a dynamic multivariate regression approach to

eliminate signal leakage between the seed and test clusters on a window by window basis.

2.2.2) Transient functional connectivity calculation via CCA:

Following source localisation and leakage reduction, beamformer projected data for all voxels in the
seed and test clusters were Hilbert transformed and their associated analytic signal computed. The
absolute value of the analytic signal was then derived, generating timecourses of the envelope of
beta oscillations for every voxel. These envelope timecourses were down-sampled temporally to 50

Hz to improve computational efficiency.

Canonical Correlation Analysis (CCA) [Hotelling, 1936) is a method to calculate statistical

interdependencies between two multi-dimensional data matrices. CCA has been used extensively in

previous MEG studies and complete descriptions can be found elsewhere [Barnes et al.,, 2011

Brookes et al., 2014||Soto et al., 2009{|Soto et al., 2010). In the present context, CCA was applied

across voxel timecourses to assess relationships between the beta envelopes in the seed and test
clusters. A sliding window framework was used with canonical correlation measured independently
within either 6 s windows (self-paced Study) or 3 s windows (Sternberg study). (The difference in
window width across the two studies was to account for the shorter trial duration in the Sternberg
task.) The sliding window allows a measure of temporal changes in correlation between data
matrices. It is important to note that, since the columns of the seed and test data matrices comprise
windowed beta amplitude envelopes from adjacent voxels, those columns are necessarily correlated
due to the inherent smoothness of beamformer reconstruction. For this reason, prior to CCA, both
matrices were decomposed using principal component analysis into four orthogonal features, thus
allowing unambiguous assessment of the relationship between the seed and test clusters. A
multivariate general linear model was then applied, describing temporal features in the test cluster
as a linear mixture of features in the seed cluster. Appropriate analysis (see supplementary
information for details) then facilitates calculation of the optimal linear combination of features in
seed and test clusters that maximise correlation. For any one time window, the canonical correlation
coefficients estimate the strength of inter-hemispheric connectivity. More importantly, the

canonical vectors give the optimal combination of features (hence voxels) that maximises



connectivity. In this way, images can be generated showing which voxels contribute most to
functional connectivity within any one time window. Sliding that window in time (using either 1s
steps (self-paced Study) or 0.25s steps (Sternberg study)) facilitates generation of many images, each

showing the transient spatial signature of functional connectivity. These images were transformed

spatially into MNI space using FLIRT in FSL {Jenkinson et al., 2012). Images were then concatenated

across all 10 subjects for the self-paced study, and all 11 subjects for the Sternberg study.

In addition to the sliding window images, static images were also derived using the same CCA
method, but with one single window spanning the entire duration of the experiment. These static
images highlight voxels that contribute maximally to correlation between the seed and test clusters,
over all time. They were transformed spatially into MNI space using FLIRT, averaged across subjects

and used for direct comparison with the TSNs derived from the shorter sliding windows.

2.2.3) K-means Clustering:
Using the sliding window CCA approach, within a multi-subject dataset, several thousand images of
connectivity are generated. (Specifically 11,940 and 25,272 for the self-paced and Sternberg studies

respectively). This means that an automated process of grouping and classifying these images is

desirable. K-means clustering {MacQueen, 1967) is method of vector quantisation which has been

used in recent fMRI experiments {Allen et al., 2014}[Liu and Duyn, 2013) to detect repeating patters

of connectivity. If we assume a total of n, sliding windows across the experiment, then k-means
partitions those n, connectivity images into k states. To do this, we first note that the images exist
in an f dimensional space (where f represents the total number of voxels in the seed and test
cluster combined). k points are then inserted into this space to form the centre of derived clusters
and the K-means algorithm looks to minimise the within cluster sum of squares of Euclidian distance

to the mean, over multiple iterations. Mathematically:

. k 2
ming Y7 le-esj”Ii -l [1]
Where I; represents the i™ connectivity image and K is the mean of the points in each projected
group, S;. Physically, these groupings represent images depicting similar functional connectivity
patterns which consistently reoccur. We term these repeating patterns transiently synchronising

sub-networks (TSNs). Note that in what follows we chose k=8.

2.2.4) Testing TSN robustness:
Our primary hypothesis is that the derived TSNs are spatially distinct (from each other and from the

static network) and robust across subjects and datasets. The method outlined above offers a means
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to capture these spatial patterns. Statistical tests were then sought to validate their robustness. We

devised three analyses:

1) “Miss-a-TSN”
We first tested whether any of the 8 derived TSNs were redundant (i.e. not required to explain the
data). To do this, a single CCA derived connectivity image was selected and its best fitting TSN
selected. The percentage of variance in this image, explained by the best fitting (scaled) TSN, was
then calculated. This process was repeated for all connectivity images within each subject, and the
mean variance explained calculated. This analysis was repeated a further 8 times; on each iteration,
a different TSN was removed from the basis set and replaced with the average network (generated
as the mean across all connectivity images and subjects). We hypothesised that replacement of any
one TSN with the average map would evoke a significant drop in variance explained. Significance was
determined using a two-sided signed rank test of the null hypothesis that this difference originated
from a distribution whose median is zero. The threshold for significance (p < 0.05) was Bonferroni
corrected (to Peorrected < 0.0065) to account for multiple comparisons across the 8 TSNs. This test was
carried out three times: On the self-paced dataset, on the Sternberg dataset, and finally on just the
resting state phase of the self-paced dataset in order to determine whether any of the derived TSNs

were only observable during the task.

2) “Miss-a-subject”
We next assessed robustness across subjects by testing the hypothesis that TSN maps, derived via k-
means, explained the data significantly better than the canonical (static) network map. For this
purpose, we first selected a subject and removed their data from the full dataset; k-means was then
run on the remaining (N — 1) subjects to derive a TSN basis set. A “sham” TSN basis set was also
derived in which, rather than each connectivity image being assigned to a group via Equation 1, it
was assigned randomly. Note that these “sham” maps are computed without considering temporal
structure in the measured connectivity (i.e. assuming stationarity), and for this reason we term them
“static pseudo-networks”. This process generated two basis sets, both using N — 1 subjects. These
two basis sets were then used to explain the variance in the remaining subject. We reasoned that if
the TSN maps were robust across subjects then they would explain significantly more variance in the
missing subjects’ data than static pseudo-networks. This analysis was repeated for all subjects,
generating a set of values of variance explained. We then tested whether TSN maps explained more

variance than static pseudo-networks across N iterations of the missing subject.

11



3) “Cross-dataset validation”
The above tests were run within datasets (i.e. either using Sternberg data only, or self-paced data
only). However, if the TSNs derived using k-means are genuine transient networks that support
sensorimotor function, then they should generalise to any task (or indeed the resting state). A cross-
dataset validation was therefore performed in which we used the TSN basis set from the self-paced
experiment to explain the Sternberg data, and vice versa. The TSN basis set from the self-paced data
was taken along with an equivalent set of 8 static pseudo-networks. We reasoned that if the TSN
maps were not robust, the TSN basis set from the self-paced study would explain no more variance
in the Sternberg data than the static pseudo-networks. A null distribution was formed via generation
of 2000 separate basis sets based upon different realisations of the static pseudo-networks, and we
tested our hypothesis that the genuine TSN set (from the self-paced data) would explain significantly
more variance in the Sternberg data than the sham basis-sets. This analysis was then reversed, and

the Sternberg basis set used to explain the self-paced data, employing an identical methodology.

2.2.5) Task induced change in transiently synchronising sub-networks

Our secondary hypothesis was that, on task initiation, efficient neural processing would favour
recruitment of a specific set of sub-networks. To measure how a task affected the likelihood of
occurrence of a network, for each TSN we first constructed a binary timecourse. This was computed
across all task trials and subjects and was based on k-means grouping; it contained a 1 if the current
window belonged to the TSN group of interest, or a 0 otherwise. This vector was summed across
task trials (over all subjects) and divided by the total number of trials; the result is a timecourse
showing the probability of a specific TSN being selected for any time window within a trial (see
supplementary information Figure S1). Dividing these timecourses by the overall fraction of windows
classified in the group enabled measurement of the fractional change in probability of observing any
one network, at any time point within a trial. A deflection in these timecourses would highlight that

the TSN in question was more, or less likely to be observed within that time window.

Finally, a method was devised to confirm that any observed deflection in the probability timecourses
was due to localised changes in functional connectivity within the TSN in question. This was achieved
via a ‘point-to-point’ transient connectivity analysis. To compute point-to-point connectivity, firstly,
two points (a seed and test) were selected based upon the peaks in a TSN map; source timecourses
were then estimated using the beamformer as described above. A sliding window was allowed to
shift across the timecourses and a dynamic (univariate) leakage reduction applied within each

window. Following leakage reduction, the amplitude envelope of both the seed and test timecourses

12



(within each window) was computed via Hilbert transformation and connectivity estimated, via
(univariate) correlation, within each window. These connectivity timecourses were averaged across
task trials within each individual subject. To allow for changes in the temporal scale of functional
connectivity, this process was repeated for window widths ranging from 2 s to 48 s, in the case of
the self-paced motor study, and 2 s to 10s in the case of the Sternberg study. (Note such variation in
window widths is impractical for CCA due to computational load.) To determine the statistical
significance of task-induced changes in connectivity, the mean variances explained in windows
encapsulating the event of interest (the button press) and for windows only capturing rest, were
computed and the difference calculated. This was repeated for each subject individually and
statistical significance of the difference in measured connectivity between task and non-task

windows was computed.
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3) RESULTS

Transiently synchronous sub-network generation and evaluation:
Self-Paced Motor Study B Sternberg Study
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Figure 2: Transiently synchronous sensorimotor sub-networks generated using two independent datasets. The
left hand side (A) shows a 10-subject dataset in which participants executed an infrequent self-paced button
press. The right hand side (B) shows an 11-subject dataset in which participants were involved in a Sternberg
working memory task. Note the equivalence of the observed transient connectivity images. Note also the highly
focal nature of the spatial topographies. (C-D) Static connectivity images generated using a window spanning

the entire experiment.

Figure 2 shows TSN maps for the self-paced (A) and Sternberg (B) tasks. Our hypothesis that
multiple, spatially distinct and focal TSNs would be observed is supported by Figure 2, which shows
that spatial patterns representing transient functional connectivity differ in time. In the Self-paced
dataset (Figure 2A), TSN1 covers bilateral primary motor and sensory cortex and extends inferior to

S2. TSN2 only covers primary M1 and S1 regions whilst TSN5 captures only bilateral S2. TSN6 and
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TSN8 separate anterior and posterior sensorimotor regions: assessment of the peak locations
reveals MNI coordinates of (-36,24,60) mm and (40,-22,60) mm for TSN6 which equate to the left
and right precentral gyri (Brodmann Area 4). MNI coordinates for TSN8 were (30,-38,58) mm and
(34,-30,60) mm; the peak in right hemisphere is centred on postcentral gyrus (Brodmann area 3) and
the peak in left hemisphere is less than 1 voxel from the postcentral gyrus (Brodmann area 3). This
evidence shows that bilateral sensory and motor cortices form independent transient networks and
our method facilitates their separation. In addition to positive correlations, negative correlations are
also observed in TSN3, showing that the method captures windows in which the beta envelopes in
the left and right sensorimotor strips are anti-correlated. Finally, TSN4 highlights a spatially
asymmetric TSN (left M1/S1 and right S2) and TSN7 depicts a unilateral response. Results for the
Sternberg (Figure 2B) task are similar (Figure 2A) and again include anti-correlated networks (TSN2
and TSN3), bilateral S2 (TSN5), and a spatially asymmetric network (TSN6) covering left M1/S1 and
right S2. Motor and sensory cortices (TSN7 and TSN4) are again separated. In addition to the clear
similarity across these two completely independent experiments, note also the highly focal nature of

the TSN maps.

For comparison, Figures 2C and 2D show static connectivity images generated using the self-paced
and Sternberg datasets respectively. These images were generated using the same CCA approach,
but with a single time window capturing the entire experiment. In contrast to the TSN maps, the
static map is less spatially specific. Whilst clear foci are observed, they appear to spread across
primary sensory and motor regions, and the map extends down to S2 (albeit at a lower threshold).
Most importantly, the subtle spatial dynamics observed in the TSN measurements are missed by the

static approach.

The robustness of each individual TSN was tested using a “miss-a-TSN” analysis. We tested how
much variance in the n, connectivity images could be explained by our TSN maps, and whether
replacing a single TSN with a static network caused a significant drop in the variance explained. The 8
TSNs in Figure 2A explained 71 + 3% of variance in the self-paced connectivity images. Replacing a
single TSN with the static network gave rise to a significant (Pcorrectea<0.05) drop in explained variance
for 6 of the 8 TSNs. The exceptions were TSN1 (pcorected = 0.08) and TSN7 (no trend). In the case of
TSN1, the spatial signature is similar to the canonical network and it is unsurprising that replacement
evokes no significant drop in variance explained. TSN7 is unilateral and reflects close to zero
connectivity, meaning that the canonical correlation between cortices when this mode was detected

was 0.06+0.05 (considerably lower than all other modes which average > 0.2). Equivalent analysis
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was applied to the resting state phase of the self-paced data; i.e. within data windows not capturing
the infrequent motor task. Results were identical, showing that the TSNs are also a feature of resting
state data. Likewise, the 8 maps in Figure 2B explained 73 + 1% of variance in the Sternberg images
and again, replacing a TSN with the static network gave rise to a significant (Pcorrectea<0.05) drop in
explained variance for 6 of the 8 TSNs. Once again exceptions were TSN1 (which resembles the static

map) and the unilateral network (TSN8).

Robustness of TSNs over subjects was tested by a “miss-a-subject” analysis. Here, vector
guantisation was applied to the connectivity images as before, but with a single subject missing. The
resulting TSN maps were then used to explain variance in that missing subject. Running vector
guantisation with a subject missing made little difference to the TSN morphology. In the self-paced
data, TSN maps on 9 subjects were 99.6 + 0.4% correlated with the maps in Figure 2A (10 subjects).
For the Sternberg data, TSN maps made using 10 subjects were 99.8 + 0.2% correlated with those in
Figure 2B (11 subjects). The TSN maps generated with a missing subject explained 69 + 3% of
variance in the omitted subjects’ data in the self-paced experiment, and 72 + 2% in the Sternberg
experiment. Replacement of the TSNs with an equivalent number of static pseudo-networks, gave
rise to a significant drop in variance explained from 69 + 3% to 47 + 7% for the self-paced data (p =
0.002) and from 72 £+ 2% to 39 + 2% for the Sternberg data (p = 0.001). This confirmed not only
robustness over subjects, but also that the TSNs were a significantly better representation of

transient connectivity than canonical static networks.

As a final test, we reasoned that if TSN maps represent transient networks that are a fundamental
component of sensorimotor processing, then they should generalise to any task. Specifically a TSN
basis set from task A should better explain the connectivity in task B than any static network. We
therefore employed our cross dataset validation, using the self-paced TSNs (Figure 2A) as training
data to predict the Sternberg connectivity images, and the Sternberg TSNs (Figure 2B) as training
data to predict the self-paced connectivity images. These results were compared to equivalent
within dataset measurements. 73 + 1% of variance in the Sternberg data was predicted by the
Sternberg derived TSNs, and this was reduced marginally to 71 + 2% when using the self-paced TSNs
as training data. Likewise, 71 + 3% of variance in the self-paced data was explained by the self-
paced TSN maps, which was reduced to 69 + 2% when using the Sternberg TSN maps as training
data. The maximum variance explained in the Sternberg data across 2000 iterations of static pseudo-
networks was 40.8%. Similarly, the maximum variance explained in the self-paced data across 2000

iterations of static pseudo-networks was 41.7%. This shows clearly that TSNs, even from a
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completely independent dataset, represent a better model of transient connectivity than the

canonical network.

A post-hoc concern was that the significant differences in variance explained between TSNs and
static pseudo-networks may be driven entirely by the transient anti-correlated networks, or by those
networks deemed unimportant by our ‘miss-a-TSN’ analysis (e.g. TSN1 and TSN7 in Figure 2A; see
above). For this reason a new set of static pseudo-networks were generated: this new training set
contained a mix of the TSN maps from the real basis set, and pseudo-networks (again generated via
random assignment of group number to the remaining training data). We found that TSNs 2, 4, 5, 6
and 8 in Figure 2A explained significantly more variance in the Sternberg data than equivalent
pseudo-networks, and likewise TSNs 4, 5, 6 and 7 in Figure 2B explained significantly more variance

in the self-paced data than equivalent static pseudo-networks (see Figure 3).

The above analyses show that the canonical sensorimotor network, far from being a single entity, is
composed of multiple transiently synchronous (and spatially focussed) patterns of functional
connectivity where the involved nodes rapidly change their connectivity - from being positively
correlated, uncorrelated to strongly anti-correlated. These patterns explain MEG connectivity data
significantly better than static networks and are not only robust across subjects, but are also

reproducible in two independent experiments.
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Figure 3: A) Schematic representation of the process to generate both the real TSNs, and a series of static pseudo-networks to test the null hypothesis. Real TSNs are
generated based on the state allocation of individual connectivity images from the k-means clustering process, whislt for the pseudo static networks, states are assigned
assuming stationarity. B) The resulting variance explained in the Sternberg connectivity data by 2000 permutations of the static pseudo networks (histogram) and the TSNs
from both the self-paced and Sternberg datasets. Note that using self-paced rather than Sternberg TSNs to explain the Sternberg data does not result in a significant drop in

variance explained, thus highlighting robustness of the TSN maps over experiments. Note also that the null hypothesis is rejected.
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Task induced change in functional connectivity:

Timecourses were generated to measure task induced changes in the probability of observing a
specific TSN. An increase in these timecourses means that a TSN is more likely to be observed at a
specific time point; a decrease means the TSN is less likely to be observed. Figure 4A shows
examples for self-paced data: timecourses represent the fractional change in probability for two
selected TSNs. TSN6, which covers bilateral M1, exhibits a significant (p<0.05) change around the
time of the button press showing that we are ~200% more likely to observe this TSN during a single
finger movement (with one hand), compared to rest. Likewise TSN8, which covers bilateral sensory
cortex also exhibits a significant (p<0.05) task induced response. Similar results were observed for
the Sternberg data and are shown in Figure 4B. Here TSN7 (again bilateral M1) exhibits a significant
(p<0.05) change in occupancy around the time of the button press (t = 8.41 s). The lower panel also
shows probability timecourses, but contrasts trials with a fast reaction time (8.21 + 0.09 s), against
trials with a slow reaction time (8.78 + 0.59 s). Note the difference in time to peak and longevity of
response. These results support the hypothesis that on task initiation the relative occupancy of TSN

states is altered.
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Figure 4: Task induced fractional change in TSN probability. A) shows the self-paced data. Note that only the
two networks that exhibit a significant task induced change are shown. TSN6 covers bilateral motor cortex and
TSN8 captures bilateral sensory cortex. B) shows the Sternberg data. The upper panel shows the trial average
occupancy change for TSN7. The lower panel contrasts trials with a fast reaction time (8.21 + 0.09 s, blue trace)
with trials with a slow reaction time (8.78 + 0.59 s, red trace) see supplementary Figures S2 and S3 for further

results.
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Finally, Figure 5 probes the spatial and temporal scales of task induced change in functional
connectivity. Figures 5A and 5B show trial averaged canonical correlation between clusters covering
the sensorimotor network. The timecourses shown represent change in total inter-hemispheric
functional connectivity within the sensorimotor system. Note that in both the self-paced and
Sternberg experiments, a transient increase in connectivity between clusters is observable around
the time of the button press. However, this increase is modest, as evidenced by the bar charts which
show mean connectivity between clusters in windows capturing the button press compared to those
capturing resting state. In the self-paced data, the variance explained in the test cluster by the seed
was greater by 1149% in the windows containing the button press, whilst in the Sternberg data the
same measure increased by 9+3%; in both cases the change failed to reach statistical significance
across subjects. Figures 5C and 5D show measured task induced change in functional connectivity
between point locations selected on the basis of the TSN maps. Specifically, results show functional
connectivity between primary motor areas (TSN6 for self-paced data and TSN7 in Sternberg data).
Point-to-point connectivity is assessed using a univariate sliding window approach. Multiple window
widths are shown collectively in the figure. Connectivity is averaged over task trials; the x-axis shows
time relative to the button press, the y-axis shows log;o(window width) and the colour shows
connectivity strength (windowed correlation between beta envelope timecourses). The bar graphs
show variance explained by the seed location at the test location. Windows encapsulating the
button press are contrasted with those not encapsulating the button press. Figures 4 and 5 are
complementary. The increase in occupancy of specific TSNs during motor behaviour (Figure 4) shows
that efficient neural processing requires dominance of a specific sub-network to support movement.
During movement, sensorimotor network functional connectivity is thus dominated by a small
number of highly focal networks. This is evidenced by the increased functional connectivity between
bilateral M1 in Figures 5C and 5D. However, this focal increase has relatively little effect on inter-

hemispheric connectivity within the wider network (Figures 5A and 5B).
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Figure 5: Task induced change in functional connectivity at differing spatial and temporal scales. A/B)

Connectivity between clusters. Timecourses show trial averaged response whereas bar charts show mean

variance explained in the test cluster by the seed cluster, in windows capturing the button press compared to

those not capturing the button press. C/D) Univariate connectivity between point locations. Pairs of voxels were

selected based upon TSN6 (self-paced) and TSN7 (Sternberg). In the left hand plot the x-axis shows time relative

to the button press, the y axis shows logo(window width) and the colour shows the strength of connectivity

(correlation between the Hilbert envelopes of beta oscillations, within the window). The bar graphs show

variance explained by the seed location at the test location in windows encapsulating or not encapsulating the

button press.
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DISCUSSION

Using a new method for imaging transient patterns of functional connectivity, we have shown that
the static metrics most often used to characterise coupling between network nodes fail to provide a
complete picture of the complex spatio-temporal dynamics within the network they are attempting
to describe. By exploiting the excellent time resolution of MEG, with advanced leakage reduction
and multivariate connectivity modelling, we were able to show that the static sensorimotor network
can be decomposed into multiple dynamically changing sub-networks. These sub-networks have
been observed without the use of statistical priors and with unsurpassed spatiotemporal accuracy.
We have shown that these TSNs are not only a common feature across subjects, but are also a
common feature across completely independent multi-subject experiments. Indeed the evidence is
that the commonly observed static network oversimplifies the ground truth: our data show clearly
that individual areas of the larger network progress through stages of highly correlated,
uncorrelated and even strongly anti-correlated activity. In addition we have shown that TSNs are a
consistent feature of the resting state, and that task initiation serves to bias the likelihood of a

particular TSN being recruited.

The observed spatial patterns represent physiologically interpretable networks of connectivity. Most
noteworthy, our results show that, even outside a task, functionally specific and spatially focal brain
areas can be extracted blindly. In some cases broad complexes of bilateral homologous regions were
identified: For example in both studies the most commonly occurring TSN comprised bilateral M1
and S1, extending down to bilateral S2. Other networks revealed highly focal complexes, including
bilateral primary motor area (M1), bilateral primary somatosensory area (S1) and bilateral secondary
somatosensory area (S2). In particular, the clear separation of motor (M1) and somatosensory (S1)
cortices into two separate networks, despite these regions being separated by only a few
millimetres, shows the spatial accuracy of the technique. The extraction of such neuroanatomical
detail from MEG data is rare, particularly in the resting state. The existence of anti-correlated
networks in both tasks suggests a transiently occurring antagonistic relationship between beta
envelopes within some time windows. Such anti-correlation may result from random mind-
wandering; for instance it is known that attending to a particular location in the body causes anti-

correlated shifts in the amplitude of somatosensory beta band oscillations within the two

hemispheres [Bauer et al., 2012||van Ede et al.,, 2014). Likewise imagining movement, or even

specific body parts can cause similar effects [Brinkman et al., 2014}|de Lange et al., 2008). The

existence of an asymmetric network (covering right S2 and left S1/M1) is also interesting. It is known

that transient connections between left M1/51 and right S2 occur during tactile stimulus processing
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Simoes et al., 2003) and that connectivity between S1 and S2 has been associated with subjective

perception (Ploner et al., 2009). This observation is therefore physiologically interpretable.

An important point is that, although the results presented were obtained in the context of two
disparate paradigms, neither were “pure resting state”. In our self-paced task, participants were
pressing a button every 30s but for the remainder of the period participants remained at rest. This
allowed for confirmation of the existence of TSNs with the brain (apparently) at rest, and
simultaneously enabled validation of our methodology for robustly uncovering task induced
temporal fluctuations of sensorimotor sub-networks. This said, it is conceivable that differences may
result between the resting phase of our self-paced task, and ‘pure’ resting state data (in which
subjects lie in a scanner and “think of nothing”). To account for this limitation, our methodology was
also applied to 10 minute “pure rest” recordings in 10 subjects (for results see supplementary Figure
S4). Once again TSNs were largely similar with our methodology separating M1, S1 and S2 as well as
identifying anti-correlated and as asymmetric networks. This, coupled with our statistical (“miss-a-
TSN”) analyses shows convincingly that the TSNs presented are a consistent feature of the resting

state sensorimotor system.

Our secondary hypothesis was that, on initiation of a motor task, efficient neural processing would
favour recruitment of a specific set of transiently synchronising sub-networks. We have shown that
functional connectivity between sub-network nodes in bilateral M1 consistently and transiently
changes around the time of overt motor behaviour. This is evidenced by i) an increase in occupancy
of the M1 TSN (Figure 4) and ii) an increase in transient univariate connectivity measured between
bilateral M1 (Figures 5C and 5D). Interestingly, these highly focal changes do not result in a drastic
overall change in inter-hemispheric functional connectivity within the sensorimotor network (Figures
5A and 5B). At a practical level this is important: if region to region connectivity is measured the
overall effect of a task may be ‘washed out’ across voxels. However, if point-to-point connectivity is
assessed, this will likely result in significant task induced change. However, the latter necessarily
relies on a-priori selection of the precise points to be considered; our TSN analysis, for the first time,
offers a principled means to assess task induced changes in network connectivity without such
confounds. At a more theoretical level this finding offers an interpretation of task induced
connectivity. Figure 2 shows that sensorimotor network connectivity is maintained via several TSNs
and, at rest, all of these spatial signatures, including those identified as relating to movement
contribute to the high level of functional connectivity between the left and right sensorimotor strip.

We speculate that active processing of a motor response simply involves the transient
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reorganisation of the resting state TSNs. This implies that active processing is not an additive
process, but rests on simple spatial reorganization of the wider sensorimotor network. Such a model
explains the differences in connectivity across spatial scales shown in Figure 5 and should be further

tested in future studies of task induced functional connectivity change using the same methodology.

Technical Considerations
The methodology that we introduce is critically dependent on multiple factors, including selection of
the underlying source localisation algorithm, and selection of a parameter set for the CCA and k-

means algorithms. These important factors warrant further discussion.

At the core of the method is the beamformer spatial filter, however it is important to understand

that any source localisation technique (e.g. Minimum Norm, dSPM) could be used. It is well known

that beamforming supresses spatially separate but temporally correlated sources [Brookes et al.,

2007) and superficially this may appear as a confound for connectivity metrics which actively seek

temporal correlation between sources. However, the beamformer has been used successfully in

multiple studies of functional connectivity {Brookes et al., 2011aj|Brookes et al., 2011b}[Hipp et al.,

2012}, and could be argued to be the source localisation method of choice for such measurements.

To understand this, first note that for beamformer suppression to take place, zero time lagged
correlation must exist between source signals, whereas our metrics of connectivity measure
temporal correlation between oscillatory envelopes. Importantly, two envelopes can be perfectly
correlated whilst the underlying signals remain orthogonal. In fact, zero-time-lag correlated signals
potentially reflect source leakage; indeed our leakage reduction algorithm actively aims to remove
such effects. It therefore follows that, rather than the beamformer suppression of correlated
sources acting as a confound, it actually helps to supress leakage. Beamforming also offers excellent
interference rejection properties and good spatial resolution, both of which are attractive when
measuring functional connectivity. These important points should be noted when choosing

underlying source reconstruction methodology.

As with all neuroimaging methods, our technique requires selection of a parameter set, with
parameters including the number of eigenmodes d, the time frequency window size, the cluster
location/extent and the number of spatial modes, k. There is no hard rule for selection of these
parameters, and they will ultimately depend on the scientific question to be addressed. However,
technical limitations also underlie parameter selection and this deserves discussion. In the present

work we aimed to identify multiple TSNs in the sensorimotor system, with regions of interest
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covering bilateral sensory cortex and motor cortices. The previously published work in this area
allowed for narrowing of the frequency range of interest to the beta band. This meant that both
cluster size/location and frequency range was set directly by the neurophysiological question of
interest. Selection of the number of eigenmodes, d, involves a direct trade-off between the cluster
size and the time frequency window size used in the sliding window analysis. d must be sufficiently
high to allow for expression of all of the signal features observable within a cluster (ideally d would
be equal to the number of resolution elements within the cluster). Practically this can be quantified
by calculating the variance in the original data explained by features retained; here selecting d =
4 explained 77 + 3 % of data (average across all subjects and clusters). Selection of d also impacts on
the time window selection. As a rule of thumb, one requires more than 4d independent temporal
observations within the sliding time window for the multivariate test to be reliable (i.e. if d becomes
large then the number of time points in the window must also be large). Here we chose d=4 and we
employed a minimum window width of 3s: The number of independent time samples in an envelope
signal can be approximated as By, At where By represents signal bandwidth (17 Hz for the 13-30
Hz beta band) and At is the window width. This means that within any one 3s time window we have
~51 independent time points. For the present paper this is well above the lower limit of 4d = 16, in
order to ensure reliability of the test. In principle, using the data presented here, a 1s time window
should be possible. However, if the frequency band was reduced (e.g. if we looked at the alpha band
where the bandwidth is ~5 Hz) then either d must be reduced or the time window increased. Finally,
the number of states to extract via k-means (k) must also be selected. Here we chose k=8, which was
set empirically. Whilst this potentially reflects a limitation, such empirical selection not uncommon
and is analogous to methods employing ICA, in which number of components is often set by visual
inspection of the output. Most importantly, using our ‘miss-a-TSN’ analysis, the contribution of each
TSN to the overall explanation of variance in the connectivity images was assessed quantitatively. In
this way, we were able to show whether removal of specific TSNs impacted significantly the variance
explained in connectivity images. This analysis is key to avoid over fitting and should be undertaken

by researchers using this technique.

As a final note, we should mention that in this paper, following CCA we extract only the first of d
eigenmodes of connectivity to take forward to the subsequent k-means analysis. However, this
reflects a potential limitation. For any single window there are d-1 further modes available that are
(currently) ignored. These extra eigenmodes correspond to extra orthogonal mixtures of the
features in the seed and test clusters that may also describe transient networks. It is possible (even

likely) that the TSN maps shown in Figure 2 might also be represented in these higher order
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eigenmodes. For example, if a bilateral S2 network in window 1 becomes dominated by a bilateral
S1 network in window 2, it is likely that the S2 network has not ‘disappeared,’ but rather persists at a
lower level of functional connectivity and may well be represented by the extra eigenmodes.
Harnessing these modes, and incorporating them into k-means clustering, would not only generate
further insights and possibly allow tracking of individual transiently synchronising networks in time,
but may also increase the effective number of averages contributing to the TSN maps, hence

improve signal to noise. Future studies may wish to account for this.

CONCLUSION

Resting state networks are of fundamental importance to neuroscience with evidence suggesting
that they are integral to brain function and perturbed in pathology. However, the temporal
dynamics of the functional connectivities underlying RSN structure are poorly understood. We have
presented a framework to further our understanding of RSN dynamics. Using MEG, we have shown
that the canonical sensorimotor network can be decomposed into transiently synchronising sub-
networks, recruitment of which depends on current mental state. These sub-networks are highly
focal, show rich temporal dynamics, and the interpretation is that the larger canonical network
reflects only a temporal aggregate of transient functional sub-networks. The methodology
developed opens new frontiers to study RSN dynamics; for example our technique could be applied
to study other RSNs (e.g. DMN), between network connectivity, other frequency bands, different
tasks, and patient populations. In this way, we have provided a new dimension in which to reveal the

spatial, temporal and spectral signature of the human connectome in health and disease.

Acknowledgements

This work was funded by a Medical Research Council New Investigator Research Grant
(MR/MO006301/1) awarded to MJB and an MRC studentship awarded to GCO. We also acknowledge
Medical Research Council Partnership Grant (MR/K005464/1). The Wellcome Trust Centre for

Neuroimaging is supported by strategic award from the Welcome Trust.

Allen, E.A., Damaraju, E., Plis, S.M., Erhardt, E.B., Eichele, T., Calhoun, V.D., 2014. Tracking whole-
brain connectivity dynamics in the resting state. Cereb Cortex 24, 663-676.

Baker, A.P., Brookes, M.J., Rezek, I.A., Smith, S.M., Behrens, T., Probert Smith, P.J., Woolrich, M.,
2014. Fast transient networks in spontaneous human brain activity. Elife (Cambridge) 3, e01867.
Baker, A.P., Luckhoo, H., Brookes, M.J., Smith, P., Woolrich, M., 2012. Investigating the Temporal
Dynamics of Resting State Brain Connectivity using Magnetoencephalography., Organization of
Human Brain Mapping, Beijing, China.

26



Barnes, G.R., Litvak, V., Brookes, M.J., Friston, K.J.,, 2011. Controlling false positive rates in mass-
multivariate tests for electromagnetic responses. Neuroimage 56, 1072-1081.

Bauer, M., Kennett, S., Driver, J., 2012. Attentional selection of location and modality in vision and
touch modulates low-frequency activity in associated sensory cortices. J Neurophysiol 107, 2342-
2351.

Beckmann, C.F.,, DelLuca, M., Devlin, J.T., Smith, S.M., 2005. Investigations into resting-state
connectivity using independent component analysis. Philos Trans R Soc Lond B Biol Sci 360, 1001-
1013.

Biswal, B., Yetkin, F.Z., Haughton, V.M., Hyde, J.S., 1995. Functional connectivity in the motor cortex
of resting human brain using echo-planar MRI. Magn Reson Med 34, 537-541.

Brinkman, L., Stolk, A., Dijkerman, H.C., de Lange, F.P., Toni, I., 2014. Distinct Roles for Alpha- and
Beta-Band Oscillations during Mental Simulation of Goal-Directed Actions. J Neurosci 34, 14783-
14792.

Brookes, M.J., Hale, J.R., Zumer, J.M., Stevenson, C.M., Francis, S.T., Barnes, G.R., Owen, J.P., Morris,
P.G., Nagarajan, S.S., 2011a. Measuring functional connectivity using MEG: methodology and
comparison with fcMRI. Neuroimage 56, 1082-1104.

Brookes, M.J., O'Neill, G.C., Hall, E.L., Woolrich, M.W., Baker, A., Palazzo Corner, S., Robson, S.E.,
Morris, P.G., Barnes, G.R., 2014. Measuring temporal, spectral and spatial changes in
electrophysiological brain network connectivity. Neuroimage 91, 282-299.

Brookes, M.J., Stevenson, C.M., Barnes, G.R., Hillebrand, A., Simpson, M.I., Francis, S.T., Morris, P.G.,
2007. Beamformer reconstruction of correlated sources using a modified source model. Neuroimage
34, 1454-1465.

Brookes, M.J., Woolrich, M., Luckhoo, H., Price, D., Hale, J.R., Stephenson, M.C., Barnes, G.R., Smith,
S.M., Morris, P.G., 2011b. Investigating the electrophysiological basis of resting state networks using
magnetoencephalography. Proc Natl Acad Sci U S A 108, 16783-16788.

Brookes, M.J., Woolrich, M.W., Barnes, G.R., 2012. Measuring functional connectivity in MEG: a
multivariate approach insensitive to linear source leakage. Neuroimage 63, 910-920.

Chang, C., Glover, G.H., 2010. Time-frequency dynamics of resting-state brain connectivity measured
with fMRI. Neuroimage 50, 81-98.

de Lange, F.P., Jensen, O., Bauer, M., Toni, I., 2008. Interactions between posterior gamma and
frontal alpha/beta oscillations during imagined actions. Front Hum Neurosci 2, 7.

de Pasquale, F., Della Penna, S., Snyder, A.Z., Lewis, C., Mantini, D., Marzetti, L., Belardinelli, P.,
Ciancetta, L., Pizzella, V., Romani, G.L., Corbetta, M., 2010. Temporal dynamics of spontaneous MEG
activity in brain networks. Proc Natl Acad Sci U S A 107, 6040-6045.

Engel, A.K., Gerloff, C., Hilgetag, C.C., Nolte, G., 2013. Intrinsic coupling modes: multiscale
interactions in ongoing brain activity. Neuron 80, 867-886.

Filippini, N., MacIntosh, B.J., Hough, M.G., Goodwin, G.M., Frisoni, G.B., Smith, S.M., Matthews,
P.M., Beckmann, C.F., Mackay, C.E., 2009. Distinct patterns of brain activity in young carriers of the
APOE-epsilon4 allele. Proc Natl Acad Sci U S A 106, 7209-7214.

Fox, M.D., Snyder, A.Z., Vincent, J.L., Corbetta, M., Van Essen, D.C., Raichle, M.E., 2005. The human
brain is intrinsically organized into dynamic, anticorrelated functional networks. Proc Natl Acad Sci U
S A 102,9673-9678.

Gow, D.W.,, Jr., Segawa, J.A., Ahlfors, S.P., Lin, F.H., 2008. Lexical influences on speech perception: a
Granger causality analysis of MEG and EEG source estimates. Neuroimage 43, 614-623.

Gross, J., Kujala, J., Hamalainen, M., Timmermann, L., Schnitzler, A., Salmelin, R., 2001. Dynamic
imaging of coherent sources: Studying neural interactions in the human brain. Proc Natl Acad Sci U S
A 98, 694-699.

Hipp, J.F., Hawellek, D.J., Corbetta, M., Siegel, M., Engel, A.K., 2012. Large-scale cortical correlation
structure of spontaneous oscillatory activity. Nat Neurosci 15, 884-890.

Hotelling, H., 1936. Relations Between Two Sets of Variates. Biometrika 28, 321--377.

27



Huang, M.X., Mosher, J.C., Leahy, R.M., 1999. A sensor-weighted overlapping-sphere head model
and exhaustive head model comparison for MEG. Phys Med Biol 44, 423-440.

Hutchison, R.M., Womelsdorf, T., Allen, E.A., Bandettini, P.A., Calhoun, V.D., Corbetta, M., Della
Penna, S., Duyn, J.H., Glover, G.H., Gonzalez-Castillo, J., Handwerker, D.A., Keilholz, S., Kiviniemi, V.,
Leopold, D.A., de Pasquale, F., Sporns, O., Walter, M., Chang, C., 2013. Dynamic functional
connectivity: promise, issues, and interpretations. Neuroimage 80, 360-378.

loannides, A.A., Liu, L.C., Kwapien, J., Drozdz, S., Streit, M., 2000. Coupling of regional activations in a
human brain during an object and face affect recognition task. Hum Brain Mapp 11, 77-92.
Jenkinson, M., Beckmann, C.F., Behrens, T.E., Woolrich, M.W., Smith, S.M., 2012. Fsl. Neuroimage
62, 782-790.

Jerbi, K., Lachaux, J.P., N'Diaye, K., Pantazis, D., Leahy, R.M., Garnero, L., Baillet, S., 2007. Coherent
neural representation of hand speed in humans revealed by MEG imaging. Proc Natl Acad Sci U S A
104, 7676-7681.

Liu, X., Duyn, J.H., 2013. Time-varying functional network information extracted from brief instances
of spontaneous brain activity. Proc Natl Acad Sci U S A 110, 4392-4397.

Liu, Z., Fukunaga, M., de Zwart, J.A., Duyn, J.H., 2010. Large-scale spontaneous fluctuations and
correlations in brain electrical activity observed with magnetoencephalography. Neuroimage 51,
102-111.

Luckhoo, H., Hale, J.R., Stokes, M.G., Nobre, A.C., Morris, P.G., Brookes, M.J., Woolrich, M.W., 2012.
Inferring task-related networks using independent component analysis in magnetoencephalography.
Neuroimage 62, 530-541.

MacQueen, J., 1967. Some methods for classification and analysis of multivariate observations.
Berkeley Symp. on Math. Statist. and Prob. Univ. of Calif. Press, Berkeley, CA, pp. 281-297.

Marzetti, L., Della Penna, S., Snyder, A.Z., Pizzella, V., Nolte, G., de Pasquale, F., Romani, G.L,,
Corbetta, M., 2013. Frequency specific interactions of MEG resting state activity within and across
brain networks as revealed by the multivariate interaction measure. Neuroimage 79, 172-183.

Nolte, G., Bai, O., Wheaton, L., Mari, Z., Vorbach, S., Hallett, M., 2004. Identifying true brain
interaction from EEG data using the imaginary part of coherency. Clin Neurophysiol 115, 2292-2307.
Nolte, G., Ziehe, A., Nikulin, V.V., Schlogl, A., Kramer, N., Brismar, T., Muller, K.R., 2008. Robustly
estimating the flow direction of information in complex physical systems. Phys Rev Lett 100, 234101.
Ploner, M., Schoffelen, J.M., Schnitzler, A., Gross, J., 2009. Functional integration within the human
pain system as revealed by Granger causality. Hum Brain Mapp 30, 4025-4032.

Raichle, M.E., MaclLeod, A.M., Snyder, A.Z., Powers, W.J., Gusnard, D.A., Shulman, G.L.,, 2001. A
default mode of brain function. Proc Natl Acad Sci U S A 98, 676-682.

Ramnani, N., Behrens, T.E., Penny, W., Matthews, P.M., 2004. New approaches for exploring
anatomical and functional connectivity in the human brain. Biol Psychiatry 56, 613-619.

Robinson, S., Vrba, J., 1999. Functional neuroimaginf by synthetic aperture magnetometry (SAM). In:
Yoshimoto, T., Kotani, M., Kuriki, S., Karibe, H., Nakasato, N. (Eds.), Recent advances in
biomagnetism. Tohoku University Press, Sendai, pp. 302-305.

Sarvas, J., 1987. Basic mathematical and electromagnetic concepts of the biomagnetic inverse
problem. Phys Med Biol 32, 11-22.

Schlogl, A., Supp, G., 2006. Analyzing event-related EEG data with multivariate autoregressive
parameters. Prog Brain Res 159, 135-147.

Schoffelen, J.M., Gross, J., 2009. Source connectivity analysis with MEG and EEG. Hum Brain Mapp
30, 1857-1865.

Scholvinck, M.L., Leopold, D.A., Brookes, M.J., Khader, P.H., 2013. The -contribution of
electrophysiology to functional connectivity mapping. Neuroimage 80, 297-306.

Simoes, C., Jensen, 0., Parkkonen, L., Hari, R., 2003. Phase locking between human primary and
secondary somatosensory cortices. Proc Natl Acad Sci U S A 100, 2691-2694.

28



Soto, J.L., Pantazis, D., Jerbi, K., Lachaux, J.P., Garnero, L., Leahy, R.M., 2009. Detection of event-
related modulations of oscillatory brain activity with multivariate statistical analysis of MEG data.
Hum Brain Mapp 30, 1922-1934.

Soto, J.L.P., Pantazis, D., Jerbi, K., Baillet, S., Leahy, R.M., 2010. Canonical correlation analysis applied
to functional connectivity in MEG. Biomedical Imaging: From Nano to Macro, 2010 IEEE International
Symposium on, pp. 113-116.

Tass, P., Rosenblum, M.G., Weule, J., Kurths, J., Pikovsky, A., Volkmann, J., Schnitzler, A., Freund, H.J.,
1998. Detection of n:m Phase Locking from Noisy Data: Application to Magnetoencephalography.
Phys Rev Lett 81, 3291-3294.

van Ede, F., Szebenyi, S., Maris, E., 2014. Attentional modulations of somatosensory alpha, beta and
gamma oscillations dissociate between anticipation and stimulus processing. Neuroimage 97, 134-
141.

Van Veen, B.D., van Drongelen, W., Yuchtman, M., Suzuki, A., 1997. Localization of brain electrical
activity via linearly constrained minimum variance spatial filtering. IEEE Trans Biomed Eng 44, 867-
880.

Wens, V., Bourguignon, M., Goldman, S., Marty, B., Op de Beeck, M., Clumeck, C.,, Mary, A,
Peigneux, P., Van Bogaert, P., Brookes, M.J., De Tiege, X., 2014. Inter- and Intra-Subject Variability of
Neuromagnetic Resting State Networks. Brain Topogr.

29



