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Abstract Functional connectivity studies conducted at the
group level using magnetoencephalography (MEG) suggest
that resting state networks (RSNs) emerge from the large-
scale envelope correlation structure within spontaneous os-
cillatory brain activity. However, little is known about the
consistency of MEG RSNs at the individual level. This paper
investigates the inter- and intra-subject variability of three
MEG RSNs (sensorimotor, auditory and visual) using seed-
based source space envelope correlation analysis applied to
5 minutes of resting state MEG data acquired from a 306-
channel whole-scalp neuromagnetometer (Elekta Oy, Hel-
sinki, Finland) and source projected with minimum norm
estimation. The main finding is that these three MEG RSNs
exhibit substantial variability at the single-subject level across
and within individuals, which depends on the RSN type, but
can be reduced after averaging over subjects or sessions.
Over- and under-estimations of true RSNs variability are re-
spectively obtained using template seeds, which are poten-
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tially mislocated due to inter-subject variations, and a seed
optimization method minimizing variability. In particular,
bounds on the minimal number of subjects or sessions re-
quired to obtain highly consistent between- or within-subject
averages of MEG RSNs are derived. Furthermore, RSN to-
pography positively correlates with their mean connectivity
at the inter-subject level. These results indicate that MEG
RSNs associated with primary cortices can be robustly ex-
tracted from seed-based envelope correlation and adequate
averaging. MEG thus appears to be a valid technique to com-
pare RSNs across subjects or conditions, at least when using
the current methods.

Keywords Resting state networks · Functional connectiv-
ity · Brain oscillations ·MEG · Variability

1 Introduction

The recent discovery of resting state networks (RSNs) un-
doubtedly represents a cornerstone in neuroscience, demon-
strating that brain activity at rest does not merely amounts
to background noise but may be functionally relevant (for
reviews, see Deco and Corbetta (2011); Deco et al. (2011);
Raichle (2010)). RSNs are large-scale distributed spatiotem-
poral structures that emerge in the spontaneous brain activity
from the dynamic interaction between remote neural popula-
tions (for reviews, see Deco and Corbetta (2011); Deco et al.
(2011)). Neuroimaging studies have disclosed the existence
of RSN topographies that correspond to the sensorimotor,
auditory or visual networks as well as networks involved in
high-level associative processes such as the fronto-parietal,
the executive or the default mode networks. Those RSNs are
understood as background functional communication path-
ways that are related to the underlying structural connec-
tivity, but deviate from it through dynamic fluctuations of
resting state functional connectivity (rsFC) (for reviews, see
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Deco et al. (2011); Hutchison et al. (2013)). These rsFC
fluctuations seem to play a critical role for the retention of
prior information, the processing of future stimuli and task-
performance (for a review, see Deco and Corbetta (2011)).
In addition, the observation of abnormal rsFC in various
neurological or psychiatric disorders further supports the po-
tential functional relevance of RSNs (for a review, see Fox
and Greicius (2010)).

The main method for studying RSNs has been to apply
rsFC metrics in the slow fluctuations (< 0.1 Hz) of spon-
taneous blood oxygen-level dependent (BOLD) signals as
measured via functional magnetic resonance imaging (fMRI)
(Biswal et al. 1995; Fox and Raichle 2007). Nevertheless,
the hemodynamic basis of BOLD signal imposes two fun-
damental limitations. First, the effective low-pass filtering
due to the hemodynamic response precludes investigations
of fine temporal and spectral properties of RSNs. Second,
the poorly understood nature of neurovascular coupling ob-
scures the electrophysiological basis of the BOLD signal
(Liu 2013). This latter caveat may be particularly confound-
ing when studying rsFC modulations associated with chan-
ges in brain states or diseases, which may have a direct ef-
fect on the neurovascular coupling rather than neural activ-
ity per se (for reviews, see D’Esposito et al. (2003); Lin-
dauer et al. (2010)). Fortunately, these two significant limi-
tations can be overcome by using magnetoencephalography
(MEG), an electrophysiological neuroimaging modality that
measures magnetic fields induced by neuronal current flow.
MEG offers excellent temporal resolution (1 ms) and, when
combined with appropriate inverse modeling and structural
MRI, also allows reconstruction of neural current sources
with a reasonable spatial resolution (∼ 5 mm) (Del Gratta et
al. 2001; Hämäläinen et al. 1993). These properties of MEG
as a neuroimaging modality, as well as its straightforward
nature, make the derived signals rich in information, poten-
tially yielding novel information on the electrophysiological
basis of rsFC (for reviews, see Scholvinck et al. (2013); Hall
et al. (2013a)).

RSNs that are spatially similar to those observed in fMRI
have been evidenced with MEG by suitably adapting rsFC
measurement to source localized MEG recordings. Indepen-
dent component analysis (ICA) (Brookes et al. 2011; Bro-
okes et al. 2012b; Hall et al. 2013b; Luckhoo et al. 2012b;
Scholvinck et al. 2013) and seed-based correlation analysis
(Brookes et al. 2012b; de Pasquale et al. 2010; Hipp et al.
2012), both applied to source space projected MEG data,
have shown that the spatial signature of RSNs can emerge
from temporal co-variation patterns in slow fluctuations (< 1
Hz) of band-limited amplitude (or power) envelopes esti-
mated from ongoing electrical activity. This is somewhat
distinct from the works on MEG rsFC that focus on phase
synchronization (for a review, see Stam (2005)), although it
is noteworthy that recent work (Marzetti et al. 2013) may

offer a means to unify the two approaches. These findings
begin to unveil an electrophysiological basis for RSNs and
shed light on how neural oscillations may play an important
role. Furthermore, the excellent temporal resolution and di-
rect nature of MEG recordings allow investigation into the
spectral content of RSNs (Brookes et al. 2011; Hipp et al.
2012) as well as their temporal non-stationarity (de Pasquale
et al. 2010; de Pasquale et al. 2012), and to characterize task-
related changes in their oscillatory activity (Brookes et al.
2012a; Luckhoo et al. 2012b). Band-limited MEG envelope
rsFC also demonstrated its use for the investigation of neu-
ropathological conditions (Hawellek et al. 2013).

To date, MEG RSN studies have primarily focused on
group level analyses, and the important step of assessing
test/re-test reliability and inter-individual variability in MEG
RSNs is still missing. Uncovering MEG RSNs consistency
across and within individuals may lead to a better know-
ledge of the neural mechanisms at the basis of RSNs emer-
gence, as well as their functional relevance. Ultimately, it
would also better determine the usefulness of MEG, within
the armamentarium of functional neuroimaging techniques,
to investigate RSNs for research or clinical purposes.

This paper therefore investigates the inter- and intra-sub-
ject variability of MEG RSNs in a large group of healthy
adult subjects, focusing specifically on three RSNs associ-
ated with primary cortices (sensorimotor, auditory and vi-
sual) derived from the seed-based source envelope correla-
tion analysis previously described (Brookes et al. 2012b;
Hipp et al. 2012). First, the influence of inter- and intra-
subject variability on single-subject and group level RSN
maps is characterized. Second, this work examines the rela-
tion between RSN topography and various parameters such
as their connectivity and band-limited power levels, the mo-
ment of resting state data acquisition, as well as the effect of
raw MEG data quality or the embedding of resting state ses-
sions amongst task-related conditions. Finally, since RSNs
variability obtained using template seeds common to all sub-
jects may be over-estimated because of, e.g., seed misloca-
tion, under-estimation was also obtained using an individual-
level seed optimization method. Comparison of these two
approaches offers better insight into true MEG RSNs vari-
ability.

2 Materials and Methods

2.1 Subjects

Fifty-eight healthy adult subjects (31 females and 27 males,
mean age: 24.5 years, age range: 18 to 38 years) performed
a single resting state MEG session of 5 minutes (henceforth
referred to as the single session data). Data were gathered
from 4 studies (number of subjects per study: 9, 10, 15, 24),
each of which being conducted by a different experimenter
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and containing one resting state session amongst other task-
or stimulus-driven sessions (for details, see supplementary
material S6).

Four right-handed healthy adult subjects (1 female and
3 males, mean age 31 years, age range: 27 to 37 years) also
performed 20 resting state MEG sessions of 5 minutes in one
day (henceforth referred to as the multiple sessions data).
Two consecutive sessions were separated by approximately
15 minutes during which subjects performed various daily
activities outside the MEG.

No subject had a history of neurologic or psychiatric dis-
ease and all were right-handed as assessed by the Edinburgh
Handedness Inventory (Oldfield 1971). They participated af-
ter written informed consent. All studies were approved by
the ULB-Hpital Erasme Ethics Committee.

2.2 Data acquisition and preprocessing

MEG data were recorded in a magnetically shielded room
(Maxshieldł, Elekta Oy, Helsinki, Finland) using a 306-chan-
nel whole-scalp-covering neuromagnetometer (Vectorview,
Elekta Oy, Helsinki, Finland) installed at the ULB-Hôpital
Erasme (Carrette et al. 2011; De Tiège et al. 2008). During 5
minutes, subjects were asked to sit still while gazing at a fix-
ation cross on a screen (15 subjects, single session) or a point
on the opposite wall of the magnetically shielded room (43
subjects, single session; 4 subjects, multiple sessions). MEG
data were sampled at 1 kHz and bandpass-filtered at 0.1–330
Hz. Four head-tracking coils monitored subjects’ head posi-
tion inside the MEG helmet. The locations of the coils and
at least 150 head-surface (on scalp, nose and face) points
with respect to anatomical fiducials were recorded with an
electromagnetic tracker (Fastrak, Polhemus, Colchester, VT,
USA). Subject’s high-resolution 3D-T1 weighted MRI were
also acquired using a 1.5 T MRI scanner (Intera, Philips,
The Netherlands).

The raw MEG data were preprocessed off-line using the
signal space separation method (Taulu et al. 2005) to sub-
tract external interferences and correct for head movements.
Cardiac, eye-movement and electronic artifacts were remo-
ved by ICA (Vigario et al. 2000) and visual inspection ap-
plied to sensor time series filtered between 0.5 and 45 Hz
(number of removed components per subject: mean 3.6, range
2–8). Cleaned data were then filtered into the θ (4–8 Hz), α

(8–12 Hz) and β (12–30 Hz) bands.

2.3 Source reconstruction

Individual anatomical MRIs were segmented using the Free-
surfer software (Martinos Center for Biomedical Imaging,
Massachusetts, USA). MEG and segmented MRI coordi-
nate systems were co-registered using the three anatomi-

cal fiducial points for initial estimation and the head-surface
points to manually refine the surface co-registration. Indi-
vidual MEG forward models were then computed using the
Boundary Element Method implemented in the MNE soft-
ware suite (Martinos Center for Biomedical Imaging, Mas-
sachusetts, USA). To enable between-subject and group com-
parisons, forward models were based on a source grid ob-
tained from a common regular 5-mm grid defined on the
Montreal Neurological Institute (MNI) template brain by
applying a non-linear spatial deformation algorithm imple-
mented in Statistical Parametric Mapping (SPM8, Wellcome
Department of Cognitive Neurology, London, UK).

Inverse modeling was performed with a band-specific
weighted Minimum Norm Estimate (wMNE) (Dale and Se-
reno 1993) using gradiometer signals only to increase signal-
to-noise ratio and minimize the potential difficulties asso-
ciated with signal space separation (Luckhoo et al. 2012a).
For each frequency band, sensor-space noise covariance was
estimated from 5 minutes of artifact-free data recorded from
an empty room and filtered into the relevant frequency bands.
The wMNE regularization parameter was fixed using an es-
timate of the signal to noise ratio as prescribed in Hämäläi-
nen et al. (2010). The resulting inverse operator was applied
to the cleaned MEG data filtered in the associated band. The
dimension of each dipole moment was reduced from 3 to
1 by projection onto the direction of maximum variance,
which defined the power of the resulting source time series.
Finally, the analytic signal was derived using the Hilbert
transform.

2.4 Seed-based correlation analysis

The connectivity method used in this work was adapted from
the seed-based correlation analysis described in Brookes et
al. (2012b) and Hipp et al. (2012), but based upon source
reconstruction using wMNE, which has been used in similar
MEG functional connectivity work (de Pasquale et al. 2010;
de Pasquale et al. 2012). First, linear signal leakage from
the seed location, which gives rise to spurious connectivity,
was corrected via orthogonalization of each source’s ana-
lytic signal with respect to the seed’s analytic signal (Hipp
et al. 2012). Then, the envelope of the seed and of the leak-
age corrected sources was estimated by taking the modulus
of their analytic signal, and slow fluctuations (< 1 Hz) were
extracted by averaging over 1 s-long windows. Finally, the
Pearson correlation coefficient was computed between the
slow envelope fluctuations of the seed and of each corrected
source, hence resulting in a seed-based connectivity map. Of
notice, the reported connectivity levels were not corrected
for the envelope correlation underestimation bias induced
by orthogonalization. According to Hipp et al. (2012), true
connectivity values are recovered upon multiplication by a
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factor of
√

3. In any case, the absence of correction did not
affect the analyses performed in this paper.

The seeds were placed in the left primary sensorimo-
tor (SM1), auditory (A1) and visual (V1) cortices for the
homonymous RSNs. Based upon a previous publication (Hi-
pp et al. 2012), the template MNI coordinates defining the
location of these seeds and the frequency bands employed to
extract individual and group level RSNs were chosen as fol-
lows: SM1: [−42,−26,54] mm, β band; A1: [−54,−22,10]
mm, β band; V1: [−20,−86,18] mm, α band. To reduce
inter-subject variations potentially associated with variabil-
ity in structural or functional anatomy, individual RSNs were
also extracted for each seed comprised in a region of inter-
est centered on those coordinates (SM1 and V1: sphere with
radius R = 15 mm; A1: ellipsoid with semi-principal axes
lengths Rx = 24 mm, Ry = Rz = 12 mm; see supplementary
material S1) and subsequently subjected to an optimization
process described below.

2.5 Variability of individual MEG RSNs

2.5.1 Group level connectivity maps

Single-subject envelope connectivity maps were derived from
the 58 single sessions, yielding 58 maps (one per subject) for
each of the 3 considered MNI template seeds. Group level
connectivity maps were obtained by averaging over the 58
maps. The resulting group level maps were taken as canon-
ical representations of the 3 MEG RSNs investigated in this
study, and will henceforth be referred to as the “canonical
maps” or “canonical RSNs”.

2.5.2 Consistency of individual RSN topography

The consistency of individual RSN topography was assessed
using their spatial similarity with the corresponding canon-
ical RSN. Spatial similarity is defined as the spatial Pear-
son correlation coefficient between the individual connec-
tivity map and its associated canonical map, and charac-
terizes the topographical quality of an individual RSN. To
avoid the bias of a spatial similarity driven only by high lev-
els of connectivity in a single hemisphere, an additional in-
dex focusing on inter-hemispheric rsFC was derived from
the maps restricted to the hemisphere contralateral to the
seed (right-hemisphere in this case). These two indices will
henceforth be referred to as “whole-brain spatial similarity”
(rwhole) for the former and as “right-hemisphere spatial sim-
ilarity” (rright) for the latter. The dependence of individual
maps spatial similarities on the RSN (SM1, A1 and V1)
was tested using a non-parametric Kruskal-Wallis one-way
ANOVA with the RSN as a factor, and specific differences
between RSNs were then investigated post-hoc using non-

parametric one-sided t-tests based on null distributions gen-
erated via 105 permutations of the 58 subjects.

2.5.3 Dependence of RSN topography on mean connectivity
and power levels

Spatial similarity indices yielded topographical information
about individual RSNs topography that was a priori distinct
from their mean connectivity level. Therefore, within-net-
work connectivity was also computed, for each individual
map, by averaging the envelope correlation coefficients over
the 25% of sources with largest values in the associated
canonical connectivity map, which allowed proper delimita-
tion of the regions involved in each RSN. Similarly, within-
network power levels in the θ , α and β bands were com-
puted by averaging individual band-limited source power
levels over the same masks. Since an absence of correla-
tion with band-limited power levels does not preclude a re-
lation with their ratios, which are known to be predictive
of the subject’s state of vigilance, the ratios between within-
network power levels in the different frequency bands (α/θ ,
α/β and θ/β ) were also calculated. The existence of a rela-
tion between spatial similarities and these connectivity/po-
wer indices was tested using Spearman rank correlation. In
the case of within-network connectivity level, a sigmoid-
based model r = a tanh(bρ + c) of whole-brain spatial sim-
ilarity r as a function of within-network connectivity level
ρ , was also fitted to these data using a standard least-square
criterion.

2.5.4 Consistency of group level RSN topography

The consistency of group level RSNs as a function of the
number N of subjects used to estimate group averages was
evaluated using a resampling approach. For each integer N
from 2 to 30, 1000 distinct subpopulations of size N were
generated by randomly picking N amongst the 58 subjects
without replacements. Individual connectivity maps were
then averaged over each subpopulation, yielding 1000 sam-
ples of size N group level maps. Their spatial similarities
with the associated canonical map were then derived. The
number of subjects required to obtain reliable RSNs topog-
raphy across subpopulations was heuristically estimated as
the smallest N such that the mean minus one standard devia-
tion of whole-brain and right-hemisphere spatial similarities
be simultaneously above 0.9. This high correlation threshold
indeed ensured highly consistent size N group level maps
across samples, and thus conservative estimation of N.

2.5.5 Seed optimization

Since the primary cortices structural and functional anatomy
may differ at the individual level from the template seeds,
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leading to potential over-estimation of RSNs variability, an
optimization procedure based upon spatial similarity indices
was implemented in order to minimize RSNs variability as
much as possible. For each subject and RSN, connectivity
maps were computed using orthogonalized slow envelope
correlation, for each seed in the corresponding region of in-
terest (see Section 2.4 and supplementary material S1). This
resulted in a large number of connectivity maps per subject
and RSN. Their spatial similarities with the canonical map
were derived, and the map with the highest mean spatial sim-
ilarity (rmean = (rwhole + rright)/2) was selected as the opti-
mized individual RSN. The above analyses (Sections 2.5.2–
2.5.4) were then carried over using the resulting maps based
on optimized seeds.

2.6 Intra-subject and inter-subject variability of MEG
RSNs

2.6.1 Multiple sessions connectivity maps and
within-subject averages

Intra-subject variability was assessed using the multiple ses-
sions data obtained in 4 subjects. For each subject, con-
nectivity maps were derived for each session from template
seed-based envelope correlation analysis, yielding a total of
20 maps per subject for each RSN. Within-subject average
connectivity maps, in which intra-subject (or inter-session)
fluctuations are smoothed out, were then obtained by aver-
aging over the 20 sessions.

2.6.2 Consistency of multiple sessions RSN topography
(intra-subject variability)

The consistency of individual RSN topography across ses-
sions was assessed using whole-brain and right-hemisphere
spatial similarities of each multiple sessions connectivity-
map with their associated canonical map. Furthermore, to
enable a truly within-subject analysis and avoid reference to
canonical maps, the whole-brain and right-hemisphere spa-
tial correlations between each multiple sessions map and
their associated within-subject average were also computed.
The latter indices will henceforth be referred to as within-
subject spatial similarities. The dependence of spatial simi-
larities on the subject and on the RSN was tested using non-
parametric Kruskal-Wallis one-way ANOVA tests.

2.6.3 Dependence of multiple sessions RSN topography on
time

To test for the existence of temporal structure in the multi-
ple sessions RSNs within each subject, a turning point test
for whiteness (see, e.g., Brockwell and Davis (1987)) was

applied, within each subject, to both whole-brain and right-
hemisphere within-subject spatial similarities expressed as a
function of time, to check if they significantly deviated from
mere white processes. The idea of this test is to count the
number of local extrema (turning points) in the time series
and check if this number is significantly different from its
expectation value for a white process. The null distribution
of this statistic presents universal features; i.e., it only de-
pends on the whiteness assumption and on the number n of
time samples, has known mean and variance, and converges
to a Gaussian in the large n limit. However, in our case n
is rather small (n = 20), so the null distribution was non-
parametrically generated using 105 random permutations of
the n time samples. The result was also necessary to justify
the applicability of the resampling analysis described next.

2.6.4 Consistency of within-subject average RSN
topography

To investigate the consistency of within-subject average con-
nectivity maps as a function of the number N of sessions
used to average multiple sessions maps and dampen intra-
subject fluctuations, a resampling analysis similar to that
of Section 2.5.5 was performed within each of the 4 sub-
jects. For each integer N from 2 to 18, 150 distinct subsets
of N resting state sessions were picked randomly without
replacement amongst the 20 available sessions, and connec-
tivity maps were averaged over each of these subsets, yield-
ing 150 samples of N-sessions maps. Their within-subject
spatial similarities with the associated within-subject aver-
age maps (corresponding to N = 20) were then derived. The
number of sessions required to obtain reliable individual av-
erage RSN topography across subsets was heuristically esti-
mated as the smallest N such that the mean minus one stan-
dard deviation of whole-brain and right-hemisphere within-
subject spatial similarities be simultaneously above 0.9. The
independence assumption on the sample maps needed for
this resampling analysis requires the absence of temporal
structure in within-subject spatial similarities; this hypoth-
esis was therefore first checked (see Section 2.6.3) before
proceeding.

2.6.5 Seed optimization

A seed optimization procedure similar to that of Section
2.5.5 was also applied to each subject and session of the
multiple sessions data, in order to bias connectivity maps
towards the canonical RSNs as much as possible.
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Fig. 1 Canonical connectivity maps superimposed on the MNI brain.
The template seeds are indicated with white dots. The lower and upper
thresholds were respectively fixed at the minimum and maximum of
connectivity. The envelope correlation values indicated are uncorrected
for the orthogonalization bias (Hipp et al. 2012)

3 Results

3.1 Variability of individual MEG RSNs

3.1.1 Canonical RSNs

Figure 1 illustrates, for each considered RSN, the canonical
maps obtained from template seeds, which were used for the
spatial similarity analyses and for seed optimization. Typi-
cal inter-hemispheric connectivity was observed within each
network (left SM1 to right SM1, left A1 to right A1, left V1
to right V1).

3.1.2 Consistency of individual RSN topography

The consistency and variability of single session connectiv-
ity maps are summarized in Figure 2, which shows the distri-
bution of whole brain and right-hemisphere spatial similari-
ties for each RSN across the 58 subjects. Figure 2A presents
their mean and standard deviation, whereas Figure 2B gives
the fraction of subjects with spatial similarities above given
values. Qualitatively, these distributions indicate that RSNs
topography is fairly variable across subjects for all RSNs.
For example, Figure 2B indicates that, amongst the subjects,
only 58% of the SM1 maps, 14% of the A1 maps and 29%
of the V1 maps presented both spatial similarities above 0.7.
Two extreme examples of individual maps are presented for

Fig. 2 Mean ± standard deviation (computed across 58 subjects) of
whole-brain and right-hemisphere spatial similarities between single
session individual connectivity maps and canonical maps (A), and frac-
tion of subjects presenting spatial similarities above given values r (B).
Mathematically, the latter curves are determined from the cumulative
distribution functions F(r) of each spatial similarity index via the for-
mula 1−F(r), and thus give a full description of their distribution

each RSN in the supplementary material (left part of Figure
S2).

The ANOVA tests on spatial similarity indices revealed
an effect of the RSN type (p < 4×10−5). Post-hoc analysis
at significance level 0.05 showed that the SM1 RSN pre-
sented higher spatial similarities than the other RSNs, and
that the V1 RSN had higher right-hemisphere spatial simi-
larity than the A1 RSN, but with no difference between their
whole-brain spatial similarities (see Figure 2A).

3.1.3 Dependence of RSN topography on mean connectivity
levels

Inter-subject fluctuations in spatial similarities are related
to those in within-network connectivity levels. Indeed, both
whole-brain and right-hemisphere spatial similarities incre-
ased monotonically with within-network connectivity levels
(p < 10−6 for all RSNs, Spearman correlation test) in a sig-
moid fashion, as illustrated and modeled in Figure 3.

3.1.4 Dependence of RSN topography on mean power
levels

After Bonferroni correction for n = 12 comparisons (2 spa-
tial similarities× 6 power levels and ratios), significant power
correlates of whole-brain and right-hemisphere spatial sim-
ilarities were found only with the α/θ and α/β power ra-
tios in the V1 RSN (positive Spearman correlation, p < 4×
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Fig. 3 Whole-brain spatial similarity r of individual (single session) connectivity maps with the associated canonical maps, as a function of their
within-network connectivity level ρ . For each RSN, a model based on the sigmoid r(ρ) = a tanh(bρ + c) was fitted (SM1: a = 0.80, b = 6.91,
c = 0.09, σε = 0.09; A1: a = 0.83, b = 3.86, c = 0.05, σε = 0.10; V1: a = 0.66, b = 8.19, c =−0.25, σε = 0.15; where σε is the standard deviation
of the model error ε = r− r(ρ)). When ρ is low enough, r increases approximately linearly with ρ , until the sigmoid saturates at the maximal
value of r given by the model parameter a. The saturation domain ρs ≤ ρ ≤ 1, where r ≈ a becomes independent of ρ , can be approximated as
the interval in which r(ρ) is at least 99% of a (SM1: ρs = 0.37; A1: ρs = 0.67; V1: ρs = 0.35). Results for right-hemisphere spatial similarity are
analogous

10−4, uncorrected), showing that the larger these ratios are,
the higher is the V1 RSN spatial similarity. Without cor-
rection, a tendency for significance was also observed be-
tween both spatial similarities and the α power in the V1
RSN and the β power and β/θ power ratio in the A1 RSN
(p < 0.06, uncorrected). All other correlations had uncor-
rected p-values above 0.10. See also supplementary material
S3 for further related tests.

3.1.5 Robustness of group level RSN topography

Figure 4 depicts the mean and standard deviation of spa-
tial similarities plotted as a function of the population size
N. This description of RSNs variability is actually redun-
dant (see supplementary material S4), but allowed quanti-
fying how group averaging dampens inter-subject fluctua-
tions. The criterion given in Section 2.5.4 yielded the fol-
lowing minimum numbers of subjects necessary to obtain
highly consistent size N group level maps: N = 6 for the
SM1 RSN, N = 12 for the A1 RSN and N = 10 for the V1
RSN. See supplementary material (right part of Figure S2)
to check the group maps with the lowest spatial similarities
among the 1000 group maps obtained using the resampling
analysis.

3.1.6 Relation between RSN topography and other
parameters

See supplementary material for further statistical tests re-
porting no effect of raw MEG data quality (S5) or of embed-
ding resting state session amongst task-related conditions
(S6) on RSNs spatial similarities.

3.1.7 Effect of seed optimization

The effect of the seed optimization procedure on the con-
sistency and variability of single session connectivity maps

is illustrated in Figure 5, which compares the distribution
of whole brain and right-hemisphere spatial similarities for
each RSN across the 58 subjects, using optimized versus
template seeds. Figure 2A presents their mean and standard
deviation, whereas Figure 2B gives the fraction of subjects
with spatial similarities above given values. Qualitatively,
this indicates that optimized maps have higher spatial sim-
ilarities and thus decreased variability. For example, Figure
2B indicates that the fraction of subjects with both spatial
similarities above 0.7 increased to 84% for the SM1 RSN
and 48% for the A1 and V1 RSNs. Likewise, the estimate of
the minimum number of subjects necessary to obtain highly
consistent size N group level maps decreased to N = 4 for
the SM1 RSN and N = 7 for the A1 and V1 RSNs (see
also supplementary material, Figure S7). The various tests
described in the preceding sections disclosed qualitatively
similar results and will not be further described here.

3.2 Intra-subject and inter-subject variability

3.2.1 Within-subject average RSNs

Figure 6 shows the within-subject average connectivity maps
obtained by averaging over the 20 sessions within each sub-
ject that performed multiple resting state sessions. The SM1
maps exhibited the typical inter-hemispheric connectivity
between left and right SM1 in all subjects, although with
more diffuse and noisier connectivity patterns. In the A1
maps, the inter-hemispheric connectivity between left and
right A1 was observed in subjects 2 and 3 but absent from
the 2 others. Finally, in the V1 maps, the inter-hemispheric
connectivity between left and right V1 was observed in all
subjects but subject 2.
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Fig. 4 Mean± standard deviation of whole-brain (top) and right-hemisphere (bottom) spatial similarities between size N group connectivity maps
(1 ≤ N ≤ 30) derived from optimized seeds and their associated canonical map, as a function of the population size N. The means and standard
deviations were estimated using single sessions obtained in 58 subjects (N = 1) or 1000 randomly chosen subpopulations (N ≥ 2). The insets zoom
on values of N ≥ 15

Fig. 5 Comparison of the distributions across subjects of whole-brain
and right-hemisphere spatial similarities between single session in-
dividual connectivity maps and canonical maps, with and without
seed optimization. The means and standard deviations were computed
across 58 subjects (A). The fraction of subjects presenting spatial sim-
ilarities above given values r were obtained from their cumulative dis-
tribution functions F(r) via the formula 1−F(r) (B)

3.2.2 Robustness of multiple sessions RSN topography
(intra-subject variability)

The robustness and variability of multiple sessions connec-
tivity maps are illustrated in Figure 7, which shows the dis-
tribution of whole-brain and right-hemisphere within-subject
spatial similarities across the 20 sessions, for each RSN and
each subject. Figure 7A presents the mean and standard de-
viation over sessions, whereas Figure 7B gives the mean
and standard deviation over the 4 subjects of the fraction of
sessions with within-subject spatial similarities above given
values. Qualitatively, this indicates good consistency and low
variability of RSNs across sessions, especially for the SM1
and A1 RSNs. For example, it follows from the distributions
plotted in Figure 7B that, amongst the 20 sessions, 95% ±
4% of the SM1 maps, 78% ± 18% of the A1 maps and
49% ± 38% of the V1 maps (mean ± standard deviation,
calculated over subjects) have both whole-brain and right-
hemisphere within-subject spatial similarities above 0.7. Si-
milar plots for spatial similarities with canonical RSNs (see
supplementary material, Figure S8) suggest the existence
of significant variations across subjects on top of variations
across sessions, especially in the V1 RSN.
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Fig. 6 Within-subject average connectivity maps derived from 20 sessions using seed optimization and superimposed on the MNI brain. The seeds
are indicated with white dots. The lower and upper thresholds were respectively fixed at the minimum and maximum of connectivity. The values
of the RSNs whole-brain (rwhole) and right-hemisphere (rright) spatial similarities with the associated canonical RSN are also indicated

The ANOVA tests revealed a dependence on the subject
for both spatial similarities in the SM1 and V1 RSNs (p <

10−5, uncorrected), a tendency for right-hemisphere spatial
similarity in the A1 RSN (p = 0.04, uncorrected), and none
for whole-brain spatial similarity in the A1 RSN (p = 0.19,
uncorrected). Spatial similarities also depended on the RSN
(p < 4× 10−4, uncorrected), but with post-hoc differences
that varied from subject to subject without clear pattern.

3.2.3 Dependence of multiple sessions RSN topography on
time

The turning point test for whiteness was not able to reject the
null hypothesis (i.e., no temporal structure) either in whole-
brain or right-hemisphere within-subject spatial similarity
time series (p > 0.08, uncorrected). An exception arose in
one subject, which had p = 0.02 (uncorrected) for whole-
brain within-subject spatial similarity in the A1 RSN. How-
ever, in view of the multiple comparisons involved and of
the fact that the associated right-hemisphere index presented
a very large uncorrected p-value (p = 0.60), the hypothesis
that RSNs are temporally independent (white) was not re-
jected.

Fig. 7 Mean ± standard deviation (computed across 20 sessions,
within each subject) of whole-brain and right-hemisphere within-
subject spatial similarities between single session individual connec-
tivity maps and their within-subject average (A), and mean ± standard
deviation (computed across 4 subjects) of the fraction of sessions pre-
senting spatial similarities above given values r (B). Mathematically,
the latter curves are determined from the cumulative distribution func-
tions F(r) of each spatial similarity index via the formula 1−F(r), and
thus give a full description of their distribution across sessions, within
each of the 4 subjects
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3.2.4 Consistency of within-subject average RSN
topography

Figure 8 plots, for each subject and each RSN, the mean
and standard deviation of whole-brain and right-hemisphere
within-subject spatial similarities of average maps as a func-
tion of the number N of sessions used to perform the av-
erage. It contains a redundancy similar to that previously
described (see supplementary material, Figure S4) but al-
lows to quantify how averaging over sessions dampens intra-
subject fluctuations. The criterion given in Section 2.6.4 yiel-
ded the following minimal number of sessions necessary
to obtain highly reliable within-subject average maps: 2 ≤
N ≤ 3 for the SM1 RSN, 2 ≤ N ≤ 5 for the A1 RSN and
3≤ N ≤ 11 for the V1 RSN (range for the 4 subjects).

3.2.5 Relations between multiple sessions RSN topography
and mean connectivity and power levels

See supplementary material S9 for further statistical tests re-
porting no clear patterns relating within-subject spatial sim-
ilarities and mean connectivity or power at the intra-subject
level.

3.2.6 Effect of seed optimization

The effect of the seed optimization procedure improved the
robustness of single session and multiple sessions RSNs. For
example, the minimal number of sessions required to obtain
highly reliable within-subject average maps (as defined by
the criterion in Section 2.6.4) decreased to N = 2 for the
SM1 RSN, 2 ≤ N ≤ 3 for the A1 RSN and 3 ≤ N ≤ 7 for
the V1 RSN (range for the 4 subjects) (see supplementary
material, Figure S10).

4 Discussion

This study demonstrates that single-subject MEG RSNs de-
rived from template seeds chosen in the SM1, A1 and V1
cortices exhibit substantial variability in their topography
both across and within individuals. This variability depends
on the RSN type, the SM1 RSN being the more robust. Apart
from a clear correlation with mean RSN connectivity at the
inter-subject level, neither the raw MEG data quality, the ex-
perimental condition, nor the moment of resting state acqui-
sition is associated with the quality of MEG RSN topogra-
phy. Furthermore, band-specific power levels or their ratios
do not relate to RSN topography, except for the V1 RSN
topography that is related to α/θ and α/β power ratios at
the inter-subject level. Estimates for the number of subjects
or sessions required to obtain highly consistent between- or
within-subject averages of MEG RSNs are also given.

4.1 Variability of individual MEG RSNs

This study shows the existence of a substantial variability
both in the topography and the connectivity level of individ-
ual RSNs when using template MNI seeds.

The topographical quality of single session connectiv-
ity maps was assessed here using spatial similarity indices.
Whole-brain spatial similarity gives a concise global com-
parison with the canonical RSNs, whereas right-hemisphere
spatial similarity focuses on inter-hemispheric rsFC patterns
that are typical of networks associated with primary cor-
tices. The distribution of these two indices across subjects
was then used to quantify the variability that affects indi-
vidual maps topographies. The SM1 RSN was found to be
the most robust, whereas the A1 and V1 RSNs were more
variable across subjects.

Importantly, the validity of this analysis based on spa-
tial similarity indices requires that canonical RSNs, defined
here via group averaging, accurately represent the underly-
ing RSNs. This assumption was taken as valid, since the
canonical RSNs obtained in this study were very similar to
the MEG RSNs previously described (Brookes et al. 2011;
Brookes et al. 2012b; Hipp et al. 2012); e.g., compare Fig-
ure 1 with Figures 2b, 2c, 2d in Hipp et al. (2012). Of no-
tice, there were two major differences in the methods used
in this paper compared to these previous works. First, rest-
ing state data were obtained using 204 planar gradiometers
from an Elekta Neuromag MEG system instead of 275 ax-
ial gradiometers from CTF MEG systems. That RSNs can
be reproduced using an Elekta Neuromag MEG was first
shown by Luckhoo et al. (2012a) using ICA and both mag-
netometers and gradiometers. This paper presents a similar
conclusion but using seed-based connectivity maps. Second,
inverse modeling was based on wMNE, as in de Pasquale
et al. (2010), rather than Beamforming. Despite the differ-
ences in their underlying hypotheses, group map topogra-
phies qualitatively converged. A more systematic compari-
son of these two methodologies was recently performed by
O’Neill et al. (2013). These observations therefore argue
for the robustness of group level MEG RSNs against data
acquisition and source reconstruction methods. However, it
should be stressed that the quantitative analyses discussed
below are specific to the methods used in this paper. The ex-
tent to which these results apply to other methodologies was
not investigated here and would deserve further study before
any conclusion can be drawn for MEG RSNs extracted, e.g.,
from CTF systems.

Interestingly, a highly significant sigmoidal relation was
observed between spatial similarity indices and mean con-
nectivity levels. This finding is of particular interest since
these two aspects of rsFC could a priori fluctuate indepen-
dently as spatial correlation between two maps is unaffected
by linear transformation. This relation can be easily under-
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Fig. 8 Mean ± standard deviation of whole-brain (left) and right-hemisphere (right) within-subject spatial similarities of multiple sessions maps
as a function of the number N of sessions. The means and standard deviations were estimated using 20 sessions (N = 1) or 150 randomly chosen
subsets of sessions (N ≥ 2). Insets zoom on values of N ≥ 7

stood. Indeed, when within-network connectivity is too low,
rsFC is dominated by noise, hence inducing a low spatial
similarity with the canonical RSN. Spatial similarity increa-
ses with within-network connectivity, as the ratio of gen-
uine connectivity to noise connectivity becomes larger, until
it saturates to a maximal value. Spatial similarity becomes
independent of within-network connectivity once in this sat-
uration domain, indicating that connectivity noise is too low
to contribute to RSN topography. This result makes the vari-
ations in RSN topography and in their connectivity level
inter-related (although not equivalent in view of the satu-
ration domain). Of notice, at the single-subject level where
resting state data were sampled from multiple sessions, these
relations were less clear; i.e., they were still observed within
some individuals but with smaller p-values than across sub-
jects, not in others, with no clear pattern emerging. This
suggests that the intra-subject component of RSN variabil-
ity makes their topographical pattern and their connectiv-

ity level fluctuate in a less correlated manner than the inter-
subject component.

To investigate further the possible causes of individual
RSN variability, the existence of a relation with various pa-
rameters has been explored. RSNs were found likely inde-
pendent of most parameters considered in this study, which
therefore allowed us to exclude several possible sources of
variability such as raw MEG data quality. This latter find-
ing suggests that artifact rejection (signal space separation,
ICA) and head movement correction procedures efficiently
subtract artifactual signals from raw data and do not im-
pair RSN extraction. The absence of a relation with some
of those parameters also has a practical impact on the exper-
imental design of MEG RSN studies. An obvious potential
source of RSN variability in the resting state data used in
this study could result from gathering data from 4 different
studies that were performed by various experimenters and
used different experimental designs (e.g., cross fixation on
a screen versus merely gazing at a point; resting state ses-
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sion performed before, after, or randomized with, other task-
specific sessions). However, the effect of the experimental
condition on individual RSN spatial similarities and con-
nectivity level was not found significant here. The present
study was limited to the three RSNs associated with pri-
mary cortices (SM1, A1 and V1), even though additional
higher-level associative MEG RSNs have also been identi-
fied at the group level (Brookes et al. 2011; Brookes et al.
2012b; de Pasquale et al. 2010; Hipp et al. 2012). Those
networks, such as the DMN, are known to be affected by the
experimental condition and previous cognitive tasks (Yan et
al. 2009). Extending this study to higher-level associative
RSNs would therefore require a dedicated study with better
control on the experimental condition.

Power correlates of individual RSN topography and their
connectivity level were also considered. This aspect is inter-
esting to explore in order to further understand the neuro-
physiological basis of RSNs, and in particular their depen-
dence on brain states, since the latter are known to be closely
related to power levels in specific frequency bands. In prin-
ciple, power correlates of rsFC allow investigation of this
question, since the scale invariance of correlation implies
that, in the absence of such underlying dependencies, rsFC
as calculated from envelope correlation between sources os-
cillations is independent of their absolute power. In prac-
tice, however, higher source power generates a higher sig-
nal to noise ratio, which could thus affect rsFC estimates
(Schoffelen and Gross 2009). No clear rule emerged from
the Spearman correlation analysis between spatial similar-
ities or within-network connectivity level and RSNs band-
limited power levels, either at the inter- or intra-subject level.
Yet, the absence of correlation with band-limited power lev-
els does not preclude a relation with their ratios, which are
known to be influenced by eyes closure or the subject’s state
of vigilance. The results showed no clear relation between
spatial similarities or within-network connectivity levels and
individual RSN power levels for the 2 RSNs computed from
β band rhythms (SM1 and A1), suggesting that eye-closure
or vigilance state (which were not monitored properly in
this study) are not an important confound when studying
these RSNs. On the other hand, a clearly significant rela-
tion was found for the V1 RSN, which was derived from α

band neural oscillations, and indicated that spatial similarity
for the V1 RSN improves as the α/θ and α/β power ratios
increase. This might suggest that opening the eyes or a de-
crease in vigilance has a negative impact on the V1 RSN, but
this clearly needs further investigations before drawing firm
conclusions. Of notice, this relationship was not significant
at the intra-subject level.

Another point of practical interest that needs to be con-
sidered is the impact of RSN variability on group level RSN
studies. Indeed, variability might induce a loss of sensitivity
when comparing RSNs across groups or conditions, since

the effects sought may be smaller than the natural variabil-
ity. It may therefore be mandatory in some studies to include
a sufficient number of subjects in order to average out ran-
dom fluctuations and isolate the effect of interest. Although
the required number of subjects will in general depend on
the investigation, rather conservative estimates were derived
in this paper in a heuristic manner for each RSN. The con-
sistency of group level MEG RSNs associated with primary
cortices with N ≥ 12 subjects is in line with the consistency
of RSNs derived from ICA across two groups of N = 10 sub-
jects described in the supplementary material of Brookes et
al. (2011). Of course, the number of subjects could in prin-
ciple be reduced if certain parameters at the origin of RSN
variability could be controlled and optimized. For example,
if the genuinely inter-subject component could be isolated
within each subject (by averaging over multiple sessions),
the required number of subjects could decrease.

In the above considerations, RSNs extraction was per-
formed on the basis of template seeds common to all sub-
jects. This potentially induces an over-estimation of RSNs
variability associated with, e.g., inter-subject structural or
functional anatomical differences in the location of primary
cortices across individuals and possible suboptimal co-regis-
tration between MEG and MRI coordinate systems. In par-
ticular, the analysis based on template seeds yielded quite
conservative upper bounds for the number of subjects (or
sessions when considering intra-subject variability, see be-
low) needed to average out RSNs variability. To obtain a
more complete picture, analyses were repeated using a seed
optimization method based on spatial similarity maximiza-
tion. This procedure was defined in order to bias single-
subject RSNs topography towards the canonical RSNs to-
pography, hence yielding an under-estimation of RSNs vari-
ability. In particular, the ensuing evaluation of the number of
subjects (or sessions) needed to average out RSNs variabil-
ity was smaller and can be taken as a lower bound estimate.
Comparison of these two approaches (template versus op-
timization) therefore gives a more complete picture of true
RSNs variability, which should lie somewhat in between.
A direct approach to avoid seed mislocation and get closer
evaluation of true RSNs variability, would be to determine
the right seed locations for each subject using functional lo-
calizers, as in Brookes et al. (2012b) for the SM1 RSN. This
method was not used here, since this may be difficult to do
when coming to clinical applications with patients having
difficulties in performing tasks and it would decrease the
obvious practical interest of resting state investigations; i.e.,
they do not require any explicit task.

4.2 Intra-subject and inter-subject variability

To investigate and compare the intra- and inter-subject com-
ponents of RSN variability, data were acquired and analyzed
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in 4 subjects that performed multiple resting state sessions
in one day. The contribution of intra-subject variability was
analyzed in this paper in a subject-specific manner using
spatial similarity indices. In particular, within-subject spatial
similarities were used to compare single-session connectiv-
ity maps and their within-subject average over the day. Their
distribution across sessions was considered to quantify the
intra-subject (or inter-session) variations of single-session
RSN topographies. The validity of this subject-specific anal-
ysis based on within-subject spatial similarities requires that
the within-subject average RSNs correctly represent the un-
derlying individual RSN. To approach this ideal situation,
the number of resting state sessions performed by each sub-
ject was chosen greater than the largest number of subjects
necessary to obtain reproducible group level RSNs. Since
N = 12 subjects were found to be sufficient to average out
all RSNs fluctuations, 20 sessions are presumably sufficient
to average out their intra-subject component only. On the
basis of this analysis, the SM1 and A1 RSNs were found to
be very robust and the V1 RSN least robust against intra-
subject variations. On the other hand, the intra-subject vari-
ations varied with the subject, which suggests the existence
of an interaction between inter- and intra-subject variability.

As discussed above, intra-subject variability only induces
a mild co-variation between single-session RSN topography
and their connectivity level, and none with the time of acqui-
sition or their power levels and ratios (except in some sub-
jects but with no clear rule). More generally, the question
of the effect of time on individual RSNs can be considered.
Variations of RSNs across sessions, and thus their tempo-
ral fluctuations on a very slow time scale (about one sample
every 20 min), may a priori contain both random and tempo-
rally structured components. Examples of the latter include
an effect of the circadian cycle on RSNs, or a specific trend
in weariness of the subject as the day goes by. However, no
such temporal structure could be found. In practice, this sug-
gests that when studying the three RSNs considered in this
study, resting state data can be acquired anytime during the
day without significantly influencing RSNs. In theory, part
of intra-subject fluctuations may originate from slow non-
stationarities in rsFC, which would therefore constitute an
irreducible source of variability. Indeed, even though this pa-
per focused on a stationary rsFC estimate in which relatively
rapid (∼ 10 s) dynamic variations (de Pasquale et al. 2010;
de Pasquale et al. 2012) were smoothed out, the finite length
of the data did not preclude non-stationarities over longer
time scales (a few minutes). The origins and properties of
such hypothetic very slow dynamic fluctuations (< 0.01 Hz)
in source envelope rsFC remain unexplored and would need
to be investigated conjointly with the other known properties
of RSNs; e.g., through the explicit inclusion of long-lasting
neuromodulatory effects in the large-scale neural models re-
viewed in Deco et al. (2011). In this context, the present

discussion suggests that very slow non-stationary rsFC vari-
ations within the SM1, A1 and V1 RSNs, if they exist, do
not exhibit temporal autocorrelations and can be described
as white processes at those time scales. However, this would
need to be investigated more carefully before any firm con-
clusions may be drawn on this topic, since other uncon-
trolled sources of variability might also contribute to intra-
subject variability. Studying this latter question is an inter-
esting technical issue that was not addressed in this work.

Averaging out inter-session fluctuations appears useful
when comparing RSNs across subjects or conditions at the
individual level. Two simple ways to achieve this goal are
either to average over multiple sessions or to increase the
resting state acquisition length. The first approach was con-
sidered in this work by using fixed-length (5 min) sessions.
Although the minimal number of sessions needed to average
out intra-subject fluctuations depends both on the RSN and
the subject (since inter-subject RSN variability influences
intra-subject RSNs variability), conservative estimates were
derived in this paper. These estimates (2 ≤ N ≤ 11) can be
compared with analogous studies on BOLD rsFC. For exam-
ple, Anderson et al. (2011) found that 5 sessions are required
to reliably extract BOLD RSNs in a single subject using
ICA. The second method to dampen intra-subject variations
was recently studied in fMRI in Birn et al. (2013), which
suggested that increasing the scan length yields more reli-
able estimates of BOLD rsFC than using multiple sessions.
Furthermore, Damoiseaux et al. (2006) derived BOLD RSNs
from 40 min-long resting state sessions in 10 subjects ac-
quired twice, and showed them to be highly consistent across
subjects and time. In light of these comments, it would be in-
teresting to explicitly study the effect of session length in the
context of MEG RSNs, which was not done in this study.

The averaging procedure over sessions within the 4 con-
sidered subjects also allowed isolation of the inter-subject
component of RSNs variability across them. Although the
small number of subjects involved in this paper limits analy-
ses, the existence of a significant inter-subject variability on
top of intra-subject fluctuations was found. However, a de-
tailed comparison of inter- and intra-subject would require
extending the analysis to more than 4 subjects.

5 Conclusions

This study systematically investigates the robustness and va-
riability of the SM1, A1 and V1 MEG RSNs derived from
seed-based envelope correlation. Two estimations of RSNs
variability are given, one based on template MNI seeds, whi-
ch potentially over-estimates variability due to seed mislo-
cation, and the other based on optimized seeds, which bias
RSNs extraction towards minimal variability. True RSNs va-
riability should lie in between.
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The main finding is that inter- and intra-subject variabi-
lity is substantial and non-trivial, especially for the A1 and
V1 RSNs, but can however be dampened by averaging over
a reasonable (N ∼ 10) number of subjects or sessions. Inter-
estingly, MEG RSNs seem unaffected by many features of
resting state acquisition as neither the raw MEG data qual-
ity, the experimental condition, the moment of acquisition,
the power levels nor the power band ratios had significant
effects on MEG RSNs topography, except for power band
ratios on the V1 RSN.

Therefore, MEG appears to be a valid technique to study
and use RSNs at least for networks associated with primary
cortices and upon sufficient averaging and critically comp-
lements the more classical resting state fMRI studies by al-
lowing exploration of the spatiotemporal brain dynamics un-
derlying the emergence and potential functions of RSNs.
This study suggests practical implications for the potential
use of MEG RSNs in single-subject studies based on Vec-
torview Elekta Neuromag systems and wMNE source mod-
eling, particularly in clinics where diagnostic, prognostic or
therapeutic applications should be restricted to a single and
relatively short resting state MEG session.
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Supplementary materials

S1 Regions of interest used for seed optimization

See Figure S1.

Fig. S1 To apply the seed optimization method, regions of interest
were defined in the MNI brain as spheres or ellipsoids (red) centered
on the template seeds (white). These regions contained 123 (SM1),
110 (A1) and 119 (V1) different sources. The corresponding sources,
mapped onto each subject’s brain, were then used for single-subject
connectivity analysis

S2 Examples of individual and group level connectivity
maps

See Figure S2.

S3 Relation between RSN mean connectivity and power
levels

After Bonferroni correction for n = 6 comparisons (6 power
levels and ratios), significant power correlates of within-net-
work connectivity levels were found in the SM1 RSN with
the β/θ power ratio (p < 4×10−3, uncorrected), and in the
V1 RSN with the α/θ and α/β power ratios (p < 10−5, un-
corrected). Without correction, a tendency for significance
was also observed with the α/β power ratio in the SM1
RSN, and with the α/θ and β/θ power ratios in the A1
RSN, and with the α power in the V1 RSN (p < 0.04, un-
corrected). All other correlations had uncorrected p-values
above 0.11.

S4 Redundancy of the resampling analysis plot (Figure 4)

The description presented in Figure 4 is redundant. The val-
ues for the mean and standard deviation of spatial similari-
ties for 1 ≤ N ≤ 30 are actually inter-related, and only de-
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Fig. S2 Examples of single-subject (single session) and size N group level connectivity maps, superimposed on the MNI brain. The template
seeds are indicated as white dots. The lower and upper thresholds are respectively fixed at the minimum and maximum of connectivity. The
envelope correlation values indicated are uncorrected for the orthogonalization bias (Hipp et al. 2012). The values of whole-brain (rwhole) and
right-hemisphere (rright) spatial similarities with the associated canonical RSN are also indicated below the corresponding maps. Left: The two
single-subject maps with the highest (left) and lowest (right) average spatial similarity rmean = (rwhole + rright)/2 across the 58 subjects. Right:
The size N group level map with lowest rmean among the 1000 group maps obtained using the resampling analysis for a given population size N
(chosen according to the results of Section 3.1.5)

pend on the standard deviation of individual (single ses-
sion, N = 1) maps spatial similarities, as illustrated in Fig-
ure S4 for whole-brain spatial similarity. Results for right-
hemisphere spatial similarities are analogous.

Despite this redundancy, this description involves a rear-
rangement of the information contained in spatial similari-
ties that is useful to quantify how group averaging dampens
inter-subject variability as a function of the number of sub-
jects.

S5 Relation between RSN topography and raw MEG data
quality

To assess to which extent spatial similarity indices are re-
lated to raw MEG data quality, the ratio of mean gradiome-
ters variance of raw data (no artifact correction, no signal
space separation, no movement compensation and no ICA;
but data filtered between 0.5 Hz and 45 Hz) to mean gra-
diometers variance of artifact-cleaned data was computed.
To assess the effect of subject’s head movement, the vari-
ance of the 6 quaternions parameters (3 rotation, 3 transla-
tion) describing the subject’s frame (Besl and McKay 1992)
was computed using the head movement estimation based
on signal space separation (Taulu et al. 2005; Uutela et al.
2001). The existence of a relation between spatial similari-
ties and these indices was tested using Spearman rank cor-
relation. Even without correction for multiple comparisons,
this analysis did not reveal a significant relation between
spatial similarities and fraction of data variance removed by

artifact correction or subject’s head movement parameters
(p > 0.08, uncorrected).

S6 Dependence of RSN on experimental condition

The resting state MEG data used in this paper came from
4 different studies investigating either the cortico-kinematic
(9 subjects) (Bourguignon et al. 2011) or cortico-vocal (10
subjects) (Bourguignon et al. 2013) coherence phenomena,
the effect of procedural memory consolidation on central µ

rhythm (15 subjects) (Mary et al. 2013), or central µ rhythm
modulations by various sensorimotor stimulations (24 sub-
jects, data under analysis). Resting state sessions were ac-
quired in a randomized order relative to task- or stimulus-
driven sessions in three studies, and were always acquired
first in one study (procedural memory consolidation). We
will refer to this as the experimental condition of the resting
state session.

Considering the potential influence of previous behav-
ioral tasks on RSNs (for a review, see Deco and Corbetta
(2011)), the effect of the experimental condition on single
session RSNs (58 subjects gathered from 4 studies) was in-
vestigated by applying a non-parametric Kruskal-Wallis one-
way ANOVA test on single session spatial similarities and
within-network connectivity levels, after partitioning them
into the 4 subpopulations (of respective sizes 9, 10, 15, 24)
corresponding to each MEG study in which resting state data
were recorded.

These ANOVA tests did not reveal a significant effect of
the experimental condition either for whole-brain or right-
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Fig. S4 Left: The plot of the 30 standard deviations σ of whole-brain spatial similarity of size N subpopulation maps as a function of their mean
µ shows that they are linearly related. For each RSN, a model σ(µ) = a(1−µ) was fitted using linear regression (SM1: a = 0.46; A1: a = 0.42;
V1: a = 0.49). Right: A log-log plot of σ versus N shows that σ converges to zero as N increases. For N large enough, this convergence takes
place according to a power law σ(N) = N−k whose exponent was estimated for each RSN from a log-log linear regression restricted to N ≥ 10
(SM1: k = 1.60; A1: k = 1.58; V1: k = 1.62). This shows that the variables σ(N) (and thus µ(N)) only depend on the value of σ(N = 1), quite
independently of the RSN in view of the similarity in the estimates of a and k

hemisphere spatial similarities (p > 0.13 for all RSNs), or
for within-network connectivity levels (p> 0.28 for the SM1
and A1 RSNs; p = 0.06 for the V1 RSN, indicating a possi-
ble trend in this case).

S7 Resampling analysis plot for seed optimized maps

See Figure S7.

S8 Distribution of spatial similarities with canonical RSNs
across sessions

See Figure S8.

S9 Relations between multiple sessions RSN topography,
mean connectivity levels and mean power levels

The mean connectivity level of multiple sessions connectiv-
ity maps (derived from N = 1 session) and the associated
band-limited power levels and ratios were computed as in
Section 2.5.3 for each subject, RSN and session. The ex-
istence of a relation between these parameters and within-
subject spatial similarities was tested using Spearman rank
correlation.

At the level of intra-subject fluctuations, the clear depen-
dence between the spatial similarities and within-network
connectivity level observed in Section 3.1.3 was not pre-
served in all subjects. Indeed, such relations could be de-
duced in all subjects except 3 for the SM1 RSN and 2 for
the V1 RSN, for which whole-brain and right-hemisphere
spatial similarities were not correlated with within-network
connectivity level (p > 0.06, uncorrected).

Fig. S8 Mean± standard deviation over sessions (within each subject)
of whole-brain and right-hemisphere spatial similarities of single ses-
sion connectivity maps with canonical maps (A), and mean± standard
deviation over the 4 subjects of the fraction of sessions with within-
subject spatial similarities above given values (B)

No clear and systematic relation could be observed be-
tween spatial similarities and mean power levels or their
ratios, or between within-network connectivity and mean
power levels or their ratios.

S10 Resampling analysis plot for seed-optimized
within-subject spatial similarities

See Figure S10.
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Fig. S7 Mean ± standard deviation of whole-brain (top) and right-hemisphere (bottom) spatial similarities between size N group connectivity
maps (1 ≤ N ≤ 30) derived from optimized seeds and the associated canonical map, as a function of the population size N. The means and
standard deviations were estimated using single sessions obtained in 58 subjects (N = 1) or 1000 randomly chosen subpopulations (N ≥ 2). The
insets zoom on values of N ≥ 10. It follows from the distributions depicted in B that, amongst the 20 sessions, 53% 46% of the SM1 maps, 21%
22% of the A1 maps and none of the V1 maps presented both whole-brain and right-hemisphere spatial similarities with the canonical RSN above
0.7
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Fig. S10 Mean± standard deviation of whole-brain (left) and right-hemisphere (right) within-subject spatial similarities of multiple sessions maps
with seed optimization, as a function of the number N of sessions. The means and standard deviations were estimated using 20 sessions (N = 1)
or 150 randomly chosen subsets of sessions (N ≥ 2). Insets zoom on values of N ≥ 7
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