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a b s t r a c t
Power correlations of orthogonalized signals have recently been introduced for MEG as a powerful tool to noninvasively investigate functional connectivity in the human brain. Little is known about the applicability of this
approach to EEG, and how compatible the results are between EEG and MEG. To address this, we systematically
compared power correlations of simultaneously recorded and source co-registered 64-channel EEG and 275channel MEG in resting human subjects. For both modalities, connectivity peaked at around 16 Hz. For this frequency range, seed-based correlation maps showed comparable patterns across modalities, with generally
more distinct patterns for MEG. A brain-wide pattern correlation analysis also revealed maximum similarity
around 16 Hz. Correcting for different signal-to-noise ratio (SNR) across frequencies and modalities revealed pattern correlation between modalities close to one across a broad frequency range from 1 to 32 Hz and only slightly
smaller for higher frequencies. The decrease above 32 Hz likely reﬂected higher susceptibility to muscle artifacts
for EEG than for MEG. Our results show that power correlation of orthogonalized signals is feasible for studying
functional connectivity with 64-channel EEG. Furthermore, besides differences in SNR, for frequencies from
about 8 to 32 Hz, EEG and MEG measure the same correlation patterns across the entire brain.
© 2016 Elsevier Inc. All rights reserved.

Introduction
Electroencephalography (EEG) and magnetoencephalography
(MEG) measure neuronal population activity in the human brain with
millisecond temporal resolution. This temporal resolution allows for
assessing the spectral features of neural activity and connectivity.
More speciﬁcally, spectrally resolved analyses allow investigating the
covariance of narrow band oscillations between brain regions as a window into large-scale neuronal interactions in the healthy and diseased
human brain (Brookes et al., 2012; Hipp et al., 2012, 2011; Nolte et al.,
2004; Siegel et al., 2012; Stam, 2014). Recently, this approach has
been fostered by methodological advances that overcome key limitations for studying co-ﬂuctuations of neuronal oscillations with M/EEG
(Brookes et al., 2012; Hipp et al., 2012). Nearby sensors or source estimates share artifactual variance due to electromagnetic ﬁeld spread
and the limited spatial resolution of source-projection methods (Palva
and Palva, 2012; Schoffelen and Gross, 2009). By removing signals
with zero phase lag through orthogonalization, this artifactual correlation can be discounted (Brookes et al., 2012; Hipp et al., 2012). Recent
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studies have established this approach as a promising tool for investigating large-scale neuronal interactions with MEG: The correlation
structure of spontaneous cortical oscillations is well structured, stable
over subjects, and frequency dependent (Brookes et al., 2012; Hipp
et al., 2012; Wens et al., 2014). It reﬂects known functional relationships
between brain regions (Hipp et al., 2012; O'Neill et al., 2015), predicts
BOLD fMRI correlations (Cabral et al., 2014; Hipp and Siegel, 2015),
and is altered in brain pathologies (Hawellek et al., 2013; Kitzbichler
et al., 2015).
So far, no study has systematically investigated the feasibility of
power correlations from orthogonalized signals with EEG. Thus, although EEG is more readily available than MEG, in particular for clinical
contexts, it remains unclear how these results transfer to EEG. Inhomogeneous tissue distribution, the high resistance of the skull and the anisotropy of current ﬂow have stronger effects on EEG than on MEG. As a
result, EEG forward models are typically more complex and MEG yields
better source estimation accuracy (Babiloni et al., 2004; Brookes et al.,
2011b; Fuchs et al., 1998; Klamer et al., 2015; Malmivuo, 2012; Molins
et al., 2008; Perdue and Diamond, 2013). However, dipole sensitivity
decreases faster with depth in MEG than in EEG (Malmivuo, 2012;
Molins et al., 2008): At around 70% of the head's radius, MEG source localization accuracy drops below EEG (Fuchs et al., 1998). Additionally,
differences in sensor sensitivity to dipole orientations further imply
that the information collected with both measures are at least partly
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independent (Baillet et al., 2001; Cho et al., 2015; Hari and Salmelin,
2012; Malmivuo, 2012). It is unclear how these differences between
modalities inﬂuence measures of functional connectivity in the resting
state. In sum, it is unknown if EEG allows for assessing large-scale neuronal interactions from power correlations of orthogonalized signals
and, if so, how the correlation structure relates to that of MEG. Here
we address these questions.
We simultaneously recorded standard EEG (64 channels) and MEG
(275 channels) from eleven healthy subjects. We applied the same processing pipeline – except for physical forward models, which differ by
construction – to both measures and co-registered both measures at
the source-level. We then quantiﬁed and compared functional connectivity by the correlation of power envelopes of orthogonalized signals
at the source-level.
Methods
Participants
We collected simultaneous EEG and MEG resting-state measurements from eleven healthy subjects (mean age 26.6 years ± 4.6 years
std., 7 female). The subjects were instructed to let their minds wander
and think about nothing in particular with their eyes closed (resting
state). The study was approved by the local ethics committee and conducted in accordance to the Declaration of Helsinki. All participants
gave written informed consent before participating.
Electrophysiological recordings
We collected 10 min of simultaneous MEG and EEG data per subject.
The MEG was continuously recorded with a 275-channel whole-head
system (Omega 2000, CTF Systems Inc., Port Coquitlam, Canada) in a
magnetically shielded room. The head position relative to the MEG sensors was controlled using three head localization coils (nasion, left/right
preauricular points). MEG signals were recorded at a sampling rate of
2343.75 Hz (anti-aliasing ﬁlter at 1/2 Nyquist-frequency).
Simultaneously, we recorded the continuous 64-channel EEG
with Ag–AgCl ring electrodes mounted on an elastic cap (antNeuro
waveguard, Enschede, Netherlands), referenced against the mastoid.
We kept electrode impedances below 20 kΩ. EEG signals were recorded
at 2000 Hz sampling rate (anti-aliasing ﬁlter at 1/2 Nyquist-frequency).
Additionally, a 2-channel (horizontal and vertical) bipolar electrooculogram (EOG) and a 1-channel bipolar electro-cardiogram (ECG)
were measured to control for cardiovascular and eye-movement artifacts. Ofﬂine, synchronization between EEG and MEG was achieved in
two steps: First, we estimated and corrected for differences in system
clocks and temporal offsets between the MEG and EEG systems based
on triggers that were simultaneously sent to both systems every second
during the entire recording. Second, we low-pass ﬁltered and interpolated the data of both modalities to a common sampling rate of
1000 Hz (300 Hz anti-aliasing low-pass ﬁlter, 4th order zero-phase
Butterworth).
Artifact rejection
Artifact rejection was carried out in a two-step procedure: First, we
ﬁltered line noise with a notch ﬁlter at 50 Hz and at the ﬁrst six harmonics (stop-band width: 1 Hz). We visually inspected the data for
muscle-, eyeblink-, and technical artifacts (i.e. SQUID-jumps) and
rejected corresponding time intervals and malfunctioning or noisy
channels (mean: 1 MEG-channel; 1.6 EEG-channel; range: 0 to 3 channels). Second, we high-pass ﬁltered the data at 0.5 Hz with a 4th order
Butterworth ﬁlter and split the data into two frequency bands: A low
frequency band from 0.5–20 Hz (EEG) and 0.5–30 Hz (MEG) and a
high frequency band with frequencies above 20 or 30 Hz, respectively.
Independent component analysis (ICA) (Hyvärinen and Oja, 2000)

was performed for each frequency range and modality. This approach
takes advantage of the different nature of physiological artifacts: eyeblink, eye-movement and cardiovascular artifacts show prominent
low frequency features whereas muscle activity comprises higher frequencies. We chose different cutoff frequencies between modalities to
optimally separate between low and high frequency artifacts in each
modality. In principle, this may have introduced differences between
modalities that affected our results in this frequency range. Repeating
our analysis on uncut, non ICA-cleaned data provided a control that
this was not the case. We did not ﬁnd differences in the 16–32 Hz frequency range between the ICA-cleaned data and the uncut, non ICAcleaned data, suggesting that the different cutoff frequencies between
EEG and MEG had little effects on our main analyses and results (see
Fig. 6a).
Independent components were visually inspected and artifactual
components rejected according to their topology, time-courses and
spectra (Chaumon et al., 2015; Hipp and Siegel, 2013). Subsequently,
both frequency bands were recombined.
MRI data acquisition
The subjects were scanned in a Siemens MAGNETOM Trio 3T scanner (Erlangen, Germany) with a 32-channel head coil. A T1-weighted
sagittal MP-RAGE (TE = 2.18 ms, TR = 2300 ms, TI = 1100 ms, ﬂip
angle = 9°, 192 slices, voxel size = 1 × 1 × 1 mm3) and a sagittal T2weighted fat suppressed scan (TE = 185 ms, TR = 3200 ms, 192 slices,
voxel size = 1 × 1 × 1 mm3) were obtained from each participant to
construct individual high-resolution head models.
Spectral analysis
Time-frequency representations TFR(t,f) of time-domain MEG and
EEG data D(t) were generated using Morlet's wavelets (Goupillaud
et al., 1984):
 pﬃﬃﬃ1  t2
wðt; f Þ ¼ σ t π 2 e 2σ t 2 ei2πft

ð1Þ

TFRðt; f Þ ¼ ðDwÞðt; f Þ

ð2Þ

where TFR is the number-of-sensors by samples matrix. The number of
samples varies with frequency. The bandwidth of wavelets was 0.5 octaves (f/σt =5.83, kernel size was 6 σt). We derived spectral estimates
for frequencies f from 0.8 to 128 Hz (2–1/2 to 27) in quarter octave
steps. The temporal step-size for frequency f was σt/2. Time points, for
which the kernel overlapped with periods marked as artifacts, were
discarded.
Physical forward model
Source-reconstruction of EEG and MEG was based on individual
head models generated from each subject's MRI data. MRI scans were
segmented using a customized SimNIBS pipeline (Windhoff et al.,
2013), which combines the segmentation algorithms of FreeSurfer
(Fischl, 2012) and FSL (Smith et al., 2004) to produce optimized head
models. We conducted the segmentation based on regular T1 images
and the summation of the T1 and T2 MRI-contrasts to optimize the separation of skull and skin. Head models consisted of ﬁve tissue classes:
gray (GM) and white matter (WM), cerebrospinal ﬂuid (CSF), skull
and skin. Based on this segmentation we generated a single shell
head model for MEG source-reconstruction (Nolte, 2003) and a ﬁvecompartment Finite Element Method (FEM) model for EEG sourcereconstruction (Windhoff et al., 2013). FEM conductivities were set
to: GM 0.276, WM 0.126, CSF 1.654, skull 0.010, and skin 0.465
(Thielscher et al., 2011).

M. Siems et al. / NeuroImage 129 (2016) 345–355

Forward models (leadﬁelds) were computed for sources on a regularly spaced grid with 1 cm distance covering the entire brain (3294
sources) in MNI-space. The leadﬁeld describes how a dipole with ﬁxed
current pointing to each of the 3 principal axes (x-, y-, z-axis) projects
to the sensors. We non-linearly transformed the source locations to individual headspace using each participant's T1-weighted MRI scan. The
coordinates for the seed-based connectivity analyses were adopted
from Hipp et al. (2012). For every seed, the source location with minimum Euclidean distance from the seed coordinates was chosen. Source
coordinates, head model, EEG and MEG channels were co-registered on
the basis of the three head localization coils.
Source projection
Sensor-level EEG and MEG data were projected to source-space
using adaptive linear spatial ﬁltering (DICS, beamforming; Gross et al.,
2001; Van Veen et al., 1997). For each source i, the ﬁlter A is derived
from the MEG/EEG cross-spectral density matrix CSD speciﬁc for frequency f and the physical forward model L (leadﬁeld), which is the
number of sensors-by-3 matrix corresponding to three orthogonal dipoles. The CSD is the outer product over time points of the frequencydomain sensor level data TFR(f) with its complex conjugate transpose
(Hermitian transpose) normalized by the number of time points nt:
0

CSDð f Þ ¼ TFRð f ÞTFR ð f Þ=nt

ð3Þ

where TFR'(f) denotes the complex conjugate transpose of TFR(f).
For each frequency band f and source position i, we derived the 3dimensional ﬁlter-matrix A (Van Veen et al., 1997):
h
i1
T
1
T
1
Aði; f Þ ¼ Lði; f Þ CSDreal ð f Þ Lði; f Þ Lði; f Þ CSDreal ð f Þ

ð4Þ

where CSDreal(f) is the real part of the sensor-level cross-spectral density
matrix. Beamforming ﬁlters transmit activity from sources of interest
with unit gain, while maximally suppressing contribution from all
other sources. While theoretically beamforming assumes uncorrelated
sources, the method is robust to moderate, i.e. biologically plausible,
levels of correlation (Van Veen et al., 1997). The regularization
parameter was set to 5% of the frequency speciﬁc signal power.
Beamforming was applied separately for EEG and MEG. For each source,
we projected the sensor-level CSD through the ﬁlter, which yielded the
3-by-3 source-level CSD (CSDi(f)), where it's real part describes the covariance between the 3 orthogonal dipole orientations. We performed
principal component analysis (singular value decomposition) on the
source-level CSD to estimate the source-level data along the dominant
dipole orientation:


T
CSDi ð f Þ ¼ real Aði; f ÞCSDð f ÞAði; f Þ
T

U ði; f ÞSði; f ÞV ði; f Þ ¼ svdðCSDi ð f ÞÞ

ð5Þ
ð6Þ

Functional connectivity analysis
As a measure of functional connectivity, we computed brain-wide
pairwise correlations (Pearson's r) between log-transformed power at
all source locations i and j. In the following sections i always denotes
the row index and j the column index. Without further processing,
these correlations suffer from source leakage: Source estimates are not
independent due to ﬁeld spread and limited ﬁlter resolution. This
leads to an overestimation of short-distance correlations (Brookes
et al., 2012; Hipp et al., 2012). Source leakage has an effect only on instantaneous relations, since electromagnetic ﬁelds propagate at speed
of light. To eliminate these spurious correlations Hipp et al. (2012) proposed to orthogonalize any two signals before correlating (Pearson's
r) their envelopes (see also Brookes et al., 2012).
x0j ðt; f Þ

xi orth ðt; f Þ ¼ imag xi ðt; f Þ 
x j ðt; f Þ

T

Apri ði; f Þ ¼ U 1 ði; f Þ Aði; f Þ

ð7Þ

Finally, for every source position i, we derived the source-level data
xi by multiplying the complex sensor-level data TFR with the real-valued
ﬁlter Apri.
xi ðt; f Þ ¼ Apri ði; f ÞTFRðt; f Þ

ð8Þ

!
ð9Þ

By projecting the original complex signal xi as a function of frequency f and time t onto the vector orthogonal to the complex signal xj(t, f),
we derived the orthogonalized signal xi orth(t,f). This approach suppresses instantaneous contribution of signal xj on xi. As was shown by
Brookes et al. (2014) removal of volume conduction by orthogonalization is optimal for data with Gaussian distributions (Brookes et al.,
2014). Furthermore it should be noted, that the employed orthogonalization does only discount mutual ﬁeld spread between the two sources
of interest, but it does not affect any ﬁeld-spread of other sources on
these two sources (Palva and Palva, 2012). For all pairs of source locations i and j, we computed log-power envelopes p(t, f) applying the
orthogonalization in both directions:
xi on xj;


pi orth ðt; f Þ ¼ log xi orth ðt; f Þx0i orth ðt; f Þ

ð10Þ



p j ðt; f Þ ¼ log x j ðt; f Þx0j ðt; f Þ

ð11Þ

xj on xi;


pi ðt; f Þ ¼ log xi ðt; f Þx0i ðt; f Þ

ð12Þ



p j orth ðt; f Þ ¼ log x j orth ðt; f Þx0j orth ðt; f Þ

ð13Þ

We computed correlations for the complete adjacency matrix C(f) as
the averaged correlations across both orthogonalization directions
Cdir(xi on xj; and xj on xi):


cov pi orth ðt; f Þ; p j ðt; f Þ
1≤t ≤T
ci; j dir ð f Þ ¼ rﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ

ﬃ
var ðpi orth ðt; f ÞÞ var p j ðt; f Þ

ð14Þ



cov pi ðt; f Þ; p j orth ðt; f Þ
1≤t ≤T
c j;i dir ð f Þ ¼ rﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ

ﬃ
var ðpi ðt; f ÞÞ var p j orth ðt; f Þ

ð15Þ



 


ci; j ð f Þ ¼ c j;i ð f Þ ¼ tanh atanh ci; j dir ð f Þ =2 þ atanh c j;i dir ð f Þ =2Þ

ð16Þ

1≤t ≤T

The ﬁrst Eigenvector of the principle component analysis equals the
dominant dipole orientation at the given source. Hence, we projected
the ﬁlter onto the ﬁrst Eigenvector U1.
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1≤t ≤T

1≤t ≤T

1≤t ≤T

where ci,j denotes the i-th row and j-th column element of matrix C.
Discarding the relation between sources with zero phase lag causes
underestimating correlations by a factor of approximately 0.577 (Hipp
et al., 2012). All correlations were corrected accordingly.
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Seed-based analysis
We computed log-power correlations of orthogonalized signals between homologous early sensory areas and whole brain seed correlations. Seed correlations were further computed for selected higher
order cortices. We adapted seed locations from Hipp et al. (2012): left
auditory cortex (lAC) [− 54, − 22, 10]; left somatosensory cortex
(lSSC) [42, −26, 54]; left visual cortex (lVC) [−20, −86, 18]; right dorsal prefrontal cortex (rDPFC) [54, −63, −8]; and right lateral parietal
cortex (rLPC) [46, −45, 39] (all MNI coordinates).
For our further analyses we focused on the spatial structure of amplitude correlations. To pinpoint the spatial structure while discounting for
general offsets in correlation strength between subjects, we standardized (z-scored) the square adjacency matrices C(f) within each column
j and participant:

ci; j zsc ð f Þ ¼ ci; j ð f Þ– mean ci; j ð f Þ =
1 ≤ i ≤ N source

reliabilities r EEG and rMEG by averaging over all S(S − 1)/2 betweensubject comparisons.
To compute the SNR corrected between-modality correlations rcorr,
we employed Spearman's correction of attenuated correlation coefﬁcients (Bergholm et al., 2010a; Hipp and Siegel, 2015; Spearman, 1904):
qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
r i; j corr ð f Þ ¼ r i; j between ð f Þ= r i; j MEG ð f Þri; j EEG ð f Þ

The between-modality correlation r between was normalized by the
pooled within-modality reliabilities r EEG and r MEG . Correlations can
only be corrected for reliable estimates. Thus, only sources i with
correlation-pattern reliabilities consistently larger than zero for both
modalities were included (Student's t-test at puncorr b 0.05).
t i EEG ð f Þ ¼

std

1 ≤ i ≤ N source

ci; j ð f Þ

ð17Þ

Each element of the standardized adjacency matrix Ci, j zsc corresponds to the row-wise standardized connection strength within a
given subject. Each row describes the standardized correlation pattern of a source j. For the seed-based analysis we tested across all S subjects, which connections showed a standardized correlation ci,j zsc larger
than zero, i.e. which connections showed correlations signiﬁcantly
stronger than the average correlation across all sources (Student's
t-test). The resulting p-values were corrected for false discovery
rate (FDR; Benjamini and Hochberg, 1995) within each column of
Czsc(pcorr b 0.05).

ð20Þ

r i EEG ð f Þ
pﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
std r i;s EEG ð f Þ= SðS  1Þ=2  1

ð21Þ

1≤s≤S

The index s denotes the pairwise comparisons for which s1 ≠ s2
holds. Sources with a non-signiﬁcant reliability in either of the two
modalities were excluded from correction. Attenuation correction was
independently applied in each frequency.
Degree distribution of functional networks
To assess the strength of connectivity of speciﬁc sources within the
network structure we computed the network degree of each source
for each frequency band and modality. Adjacency matrices C of each
subject s were binarized to values larger than the 90th percentile rp90.

Intermodal correlation and attenuation correction

C bin ðsÞ ¼ C ðsÞNr p90

For the whole-brain analysis of the similarity of EEG and MEG, we
correlated the standardized adjacency matrices (correlation structures)
– for different subjects s1 ≠ s2, at each source j (column of czsc), and frequency f – between modalities rbetween:

We calculated the degree Deg as the marginal of the binarized matrices and averaged across subjects s for each frequency f.

r j;s1;s2 between ð f Þ


cov
ci; j;s1 zsc EEG ð f Þ; ci; j;s2 zsc MEG ð f Þ
1 ≤ i ≤ Nsource
¼ rﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ




ci; j;s1 zsc EEG ð f Þ
var
ci; j;s2 zsc MEG ð f Þ
var
1 ≤ i ≤ N source

ð18Þ

1 ≤ i ≤ Nsource

Correlation was computed between different subjects to match the
computation of within-modality reliabilities (see below). We averaged
the overall possible S(S−1) combinations of subjects, which yields the
average brain-wide between-modality similarity of correlation patterns
(r between ).
The spatial structure of intermodal correlation patterns does not
only depend on the true correlations of the underlying correlation patterns but also on the ﬁdelity (signal-to-noise ratio, SNR), with which
each modality measures these patterns. Signal power is neither equally
distributed over space nor over frequencies. Furthermore, EEG and MEG
are sensitive to different proportions of artifacts and environmental
noise. To control for different levels of SNR, we ﬁrst estimated the SNR
for each modality and frequency as the between subject reliability of
correlation structure within each modality (rEEG, rMEG).


cov
ci; j;s1 zsc EEG ð f Þ; ci; j;s2 zsc EEG ð f Þ
r j;s1;s2 EEG ð f Þ ¼ rﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ



 ð19Þ
ci; j;s1 zsc EEG ð f Þ
var
ci; j;s2 zsc EEG ð f Þ
var
1 ≤ i ≤ N source

1 ≤ i ≤ Nsource

1 ≤ i ≤ N source

We correlated the standardized adjacency matrices for each column
j between subjects s1 ≠ s2, which yielded a single reliability value for
each source pattern and comparison. We computed the reliability
maps of MEG accordingly and derived the average within-modality

Deg j ð f Þ ¼

1 S
N
ðs; f Þ
∑ ∑ source c
S s¼1 i¼1 i; j bin

ð22Þ

ð23Þ

For each source, this yields the average number of connections with
correlation above the 90th percentile. This approach partly circumvents
the problem of different average degrees with ﬁxed thresholds in binary
graphs (Van Wijk et al., 2010).
All analyses were performed in Matlab (Mathworks, Massachusetts,
USA) using custom scripts and the FieldTrip (Oostenveld et al., 2010),
and SPM toolboxes (Friston et al., 2011).
Results
Interhemispheric correlations of homologous sensory areas
Previous studies have demonstrated prominent anatomical (Shen
et al., 2015) and functional (Biswal et al., 1995; Brookes et al., 2011a,
2011b; Cordes et al., 2001; Hipp et al., 2012; Nir et al., 2008) connectivity between homologous sensory cortices in both hemispheres. Thus,
we ﬁrst compared power envelope correlations of orthogonalized left
and right sided auditory, somatosensory and visual seeds between
both modalities (Fig. 1a,b).
Our MEG and EEG ﬁndings conﬁrmed the results of Hipp et al.
(2012). Overall, the raw correlations were highly similar and positive
in both modalities. Correlations peaked in the frequency range from 8
to 32 Hz with correlations signiﬁcantly above average in both modalities
(p b 0.05). The visual areas showed a pronounced peak in the alpha
range (8 to 11 Hz) and another peak around 19 Hz for MEG. The auditory areas showed a distribution similar to the average connectivity
strength. The somatosensory areas showed a broader pattern with
peak connectivity between 8 and 22 Hz.
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Fig. 1. Interhemispheric correlations between homologous early auditory (red), somatosensory (yellow) and visual (blue) areas for A) MEG and B) EEG. C) Standardized interhemispheric
correlations for MEG and D) EEG. Asterisks indicate correlations that are signiﬁcantly (p b 0.05) stronger than the average across the brain (dashed line). Colored bars in C) and D) indicate
signiﬁcantly larger standardized correlations in the respective modality than in the other modality (p b 0.05). A schematic of the investigated connections is shown as inset in B). Shaded
areas indicate standard errors.

Next, we assessed the spatial structure of correlations between sensory areas as compared to the rest of the brain. To this end, we standardized (z-scored) the correlations for each participant by subtracting the
mean and dividing by the standard deviation of correlations across all
connections (Fig. 1c,d). This revealed generally higher standardized correlations, i.e. spatial structure of correlations in early sensory areas, for
MEG (Student's t-test; p b 0.05), in particular, in the frequency range
with strongest correlations (8 to 32 Hz).
We next investigated if power correlations in MEG and EEG were
mutually predictive. In other words, we asked if subjects with strong interhemispheric correlation in MEG also showed strong interhemispheric correlation in EEG. Indeed, we found that in particular in the alpha
and beta frequency range (8–32 Hz), the strength of MEG and EEG
power correlations were mutually predictive for all sensory seeds as
well as for the grand average across connections (Fig. 2a).

The comparison of standardized correlations for sensory regions
suggested a stronger spatial correlation structure for MEG than for
EEG. To investigate the correlation structure across the entire brain,
we compared the distribution of power envelope correlations across
all connections between modalities. More speciﬁcally, we quantiﬁed
the skewness of MEG and EEG correlation distributions across connections (Fig. 2b). We hypothesized that above average correlations, i.e.
spatial structure of connectivity, result in a right-tailed distribution
with positive skewness. Indeed, for both modalities, we found positive
skewness over the entire spectrum. For MEG, the skewness spectrum
well resembled the average correlation spectrum (Fig. 1a) with highest
skewness around 16 Hz. For frequencies below 32 Hz, MEG and EEG behaved similarly. MEG showed higher skewness corresponding to more
distinct connectivity peaks than EEG (p b 0.05). For frequencies above
32 Hz, we found a qualitative difference between EEG and MEG:
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Fig. 2. Relation between EEG and MEG connectivity. A) Predictive power (Pearson correlation) between EEG and MEG interhemispheric correlation for early auditory (red), somatosensory
(yellow) and visual (blue) areas as well as for all connections (dashed line) across participants. Shaded areas indicate standard errors. Colored bars indicate signiﬁcant correlation between
modalities (p b 0.05). B) Skewness of standardized correlation distributions for EEG (red) and MEG (green) averaged across participants. Shaded areas show standard deviation across
participants. Colored bars indicate signiﬁcant differences of skewness between modalities (green MEG N EEG, red EEG N MEG; p b 0.05).
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While MEG skewness dropped similar to the average correlation spectrum (Fig. 1a), EEG skewness strongly increased, yet above the skewness for lower frequencies and the maximum skewness in MEG
(Fig. 2b).
Correlation structure of early sensory and higher order cortices
To further investigate the spatial structure of power envelope correlations assessed with both modalities, we spatially resolved the connectivity of speciﬁc cortical seeds (Fig. 3). First, we imaged the brain-wide
correlation strength for the three sensory seeds investigated above.
We focused this analysis on 16 Hz carrier frequency because it showed
the strongest raw correlations over the entire brain in both modalities
(Fig. 1), and to foster the comparison with previous MEG studies
(Hipp et al., 2012). In accordance with these previous results (Hipp
et al., 2012), for both MEG and EEG, all three sensory seeds showed

A

MEG

the strongest correlation to neighboring cortical regions and homologous regions in the other hemisphere. In general, EEG and MEG correlation patterns were well compatible (lAC: r = 0.83; lSSC: r = 0.89; lVC:
r = 0.87). However, as indicated above (Figs. 1 and 2), standardized correlations were generally higher for MEG than for EEG with stronger
inter-hemispheric correlations. This was in particular the case for the
auditory cortex (compare also Fig. 1c,d). Furthermore, correlation patterns generally appeared spatially smoother in MEG than in EEG.
Next, we investigated the brain-wide correlation structure of higher
order cortices (Fig. 4). We focused on the right dorsal prefrontal cortex
(rDPFC) and the right lateral parietal cortex (rLPC). These brain regions
have previously been shown to exhibit a complex power correlation
structure in MEG (Hipp et al., 2012) and are thus well suited to test
for complex correlation structure in EEG. Again, our MEG results conﬁrmed previous ﬁndings. For rLPC the patterns overlapped well between MEG and EEG (r = 0.89) with ipsilateral and contralateral

EEG
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Fig. 3. Seed-based correlation structure for the left auditory (top), left somatosensory (middle) and left visual cortex (bottom) for MEG (top row) and EEG (bottom row). Blue dots mark
seed locations. Correlation structure is masked for correlation signiﬁcantly larger than the average correlation (p b 0.05, FDR corrected). The color scale is adapted to the minimum 5% and
maximum 95% percentile for each seed.
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Fig. 4. Seed-based correlation structure for A) right dorsal prefrontal cortex (rDPFC) and B) the right lateral parietal cortex (rLPC) for MEG (left) and EEG (right). Blue dots mark seed
locations. The correlation structure is masked for connections signiﬁcantly larger than the average (p b 0.05, FDR corrected). The color scale is adapted to the minimum 5% and
maximum 95% percentile for each seed.

peaks in LPC. For the rDPFC, MEG correlations peaked ipsi- and
contralaterally around the DPFC as well as bilaterally in the postcentral
gyrus. In contrast, EEG did not resolve a distinct correlation peak in the
contralateral postcentral gyrus. However, pattern correlation still indicated a strong overlap between modalities (r = 0.80). Furthermore,
standardized correlation values were again generally lower for EEG
than for MEG (Student's t-test, p b 0.01).
Conclusively, seed correlation patterns of 275-channel MEG and 64channel EEG were generally very well compatible. In accordance with
the much larger number of MEG sensors, distinct correlation patterns
were generally better resolved with MEG.
Brain-wide intermodal relation of correlation structure
So far, we investigated the similarity of EEG and MEG correlation
structure for 16 Hz carrier frequency and selected seeds in sensory
and higher order cortices. To systematically analyze the pattern similarity across the entire brain and spectrum, we correlated the seed correlation maps of MEG and EEG for every source and frequency (Fig. 5).
Averaged across all seeds, we found positive correlations for all frequencies with highest correlations in the frequency range from 8 to 32 Hz
(Fig. 5a). For lower frequencies (1 to 8 Hz), similarities were highest
for occipital regions (Fig. 5b). Around 16 Hz, peak similarity shifted toward parietal and frontal regions. In the low gamma range (32 Hz), similarity peaked again in occipital and parietal areas. From 64 to 128 Hz
similarity patterns became very sparse, again with consistent peaks in
occipital and parietal regions.
Signal-to-noise corrected brain-wide intermodal correlation of patterns
The observed spectral and spatial distributions of pattern similarity
between MEG and EEG resemble the known signal-to-noise (SNR)

characteristics of cortical population signals as measured with these
techniques (Niedermeyer and da Silva, 2005). For example, in the
alpha frequency range intermodal patterns overlap best in occipital regions, whereas in the beta frequency range motor areas show peak similarity, which matches the strong alpha and beta rhythms found in
occipital and motor regions, respectively. Also the peak of average pattern similarity around 16 Hz matches prominent cortical population signals and strongest correlations structure in that frequency range
(Fig. 1). Thus, the observed spectral and spatial distribution of intermodal similarity may not reﬂect the genuine relation between MEG
and EEG, but the ﬁdelity i.e. the SNR of the compared correlation patterns within each modality. E.g. low intermodal similarity at frequencies
below 16 Hz may rather reﬂect the low SNR of correlation patterns
within EEG and MEG, than a substantial difference in the patterns measured by both modalities.
To investigate the inﬂuence of SNR, we computed the attenuation
corrected correlation between MEG and EEG (Bergholm et al., 2010b;
Hipp and Siegel, 2015; Spearman, 1904) (Fig. 6). Attenuation corrected
correlation can be interpreted as the correlations that would have been
measured for perfect reliability within each modality (i.e. no measurement error). In this procedure, the within-modality reliability of patterns across subjects is taken as the measure for the SNR. Raw
intermodal correlations are then divided by the pooled withinmodality reliabilities (see “Methods” section). Attenuation correction
was only performed if both EEG and MEG showed signiﬁcant withinmodality reliability (Fig. 6b). If both modalities measure the same underlying networks, but are prone to noise processes, the attenuation
correction converges to one. In contrast, if both modalities are sensitive
to different aspects of the signal, independent of the inﬂuence of noise,
attenuation corrected values are smaller than one.
Attenuation corrected intermodal correlations approached 1 for almost all frequencies (Fig. 6a, solid blue line). However, above 32 Hz,
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Fig. 5. A) Spectrum of intermodal correlation of seed-correlation patterns averaged across
all seeds. The shaded band indicates standard deviation across seeds. B) Cortical maps of
intermodal correlations of seed-correlation patterns masked for signiﬁcant correlations
(p b 0.05). Color scale was adapted to 0 and the maximum of the 95% percentile across
all frequencies. We did not ﬁnd any signiﬁcant negative correlations.

attenuation corrected correlations slightly decreased to around 0.8.
From about 4 to 32 Hz, many sources that were broadly distributed
across the brain showed signiﬁcant reliabilities to estimate attenuation
corrected intermodal correlation (Fig. 6b and c). For very high and low
frequencies, only few sources showed signiﬁcant reliabilities to estimate
attenuation corrected intermodal correlation. But the remaining sources
still had mean attenuation corrected intermodal correlations around
0.98 (range: 0.95–0.99) and 0.8 (range: 0.70–0.98) for low and high frequencies, respectively.
The decrease of attenuation corrected intermodal correlations for
high frequencies suggests that MEG and EEG do not reﬂect identical patterns of power correlations for these frequencies. We hypothesized that
this may reﬂect the stronger sensitivity to muscle artifacts for EEG. To
test this, we repeated the analysis on the raw data without removing independent components reﬂecting muscle activity (Fig 6a, dashed purple line). If the decrease of attenuation corrected correlation reﬂected
the effect of muscle activity we expected this decrease to be more pronounced for the raw data. Consistent with this hypothesis, the attenuation corrected correlation in the not-cleaned data decreased from 32 to
128 Hz to around 0.6 (range: 0.55–0.64).
Degree distribution of functional networks
In a ﬁnal set of analyses, we applied simple graph-theoretical measures (degree) to identify cortical hubs, i.e. brain regions with strongest
connectivity to other regions. This approach may identify differences in
spatial sensitivity between modalities that are not picked up by the correlation of correlation structures. For each participant and frequency
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Fig. 6. Signal-to-noise corrected correlation coefﬁcients for intermodal correlations.
A) Spectrum of attenuation corrected intermodal correlations (solid blue) in comparison
to the distribution of raw intermodal correlations (solid yellow) and attenuation
corrected intermodal correlations for non-ICA cleaned data (dashed purple). Shaded
bands indicate standard deviation across sources. B) Fraction of source with reliable
correlation patterns in both modalities for the ICA cleaned data (p b 0.05 for both
modalities). The intermodal correlation can be corrected only for sources with reliable
patterns in both modalities. C) Spatially resolved spectrum of attenuation corrected
intermodal correlations. Sources without signiﬁcant reliability in both modalities
(p N 0.05 for at least one modality) are masked. The color scale ranges from 0 to 1. There
were no negative SNR-corrected intermodal correlations.

band, we deﬁned a connection if the correlation between the orthogonalized signals of two sources was higher than the 90th percentile.
We computed the marginal of the resulting binary connectivity matrices and averaged over participants. The resulting vector yielded the
brain-wide degree distribution (Fig. 7).
For frequencies below 32 Hz, there was good correspondence of the
cortical degree distributions between EEG and MEG. From 1 to 4 Hz,
highest degrees were broadly distributed across occipital, parietal, and
frontal areas. From 8 to 16 Hz, the patterns became spatially very
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Fig. 7. Spatially resolved degree spectrum of power correlations for A) MEG and B) EEG. For each frequency and participant, a binary connection was assigned if the raw correlation
between two sources was above the 90th percentile across all pair-wise correlations. The color scale is adapted to the 5% and 95% percentile for each modality and frequency.

distinct: The degree prominently peaked in bilateral posterior parietal
cortex spreading also further anterior at 16 Hz. From 32 Hz on, the patterns diverged between modalities. For MEG, at 32 Hz and 64 Hz the degree distribution peaked in central regions. At 128 Hz, occipital cortex
showed maximum degree. In contrast for EEG, from 32 to 128 Hz
highest degrees were consistently located in anterior frontal and temporal regions.
Discussion
Here, we systematically compared the power correlations of simultaneously recorded, source-level co-registered, and orthogonalized
MEG and EEG. Our results demonstrate the feasibility of this approach
for EEG, and reveal several commonalities as well as differences between 275-channel MEG and 64-channel EEG.
Seed-based connectivity analyses
Our seed-based analysis showed that the spectral pattern of interhemispheric correlations is very similar in both modalities and that
the spatial structure of seed-correlations is well compatible between
modalities. Inter-hemispheric correlation as well as correlation
structure peaked around 16 Hz for MEG and EEG. Furthermore,
inter-hemispheric connectivity correlated well between modalities in
particular in this middle frequency range. For both modalities, seedcorrelation maps at 16 Hz indicated connectivity of homologous interhemispheric regions. For higher order cortices both modalities revealed
complex patterns of bilateral connectivity that accorded well with the
previous MEG results (Hipp et al., 2012). In sum, our seed-based results
showed a strong overlap between MEG and EEG and were well compatible with recent MEG studies (Brookes et al., 2011b, 2012; Hipp et al.,
2012). It should be noted though, that the identiﬁed networks had simple spatial structure as compared to resting-state networks identiﬁed
with functional connectivity magnetic resonance imaging (fcMRI)
(Fox and Raichle, 2007). This is largely due to the limited spatial resolution of non-invasive electrophysiological techniques. However, the application of more complex analytical approaches, such as graph theory
(Hipp et al., 2012) or ICA (Brookes et al., 2011a) to MEG, allows for revealing more subtle spatial patterns with similarity to fcMRI networks.
Nevertheless, the relation between electrophysiological and BOLDrelated functional networks is complex and power correlations of a single frequency band are not sufﬁcient to describe fcMRI networks (Hipp
and Siegel, 2015).

Besides general similarity, the seed-based analysis also revealed differences between MEG and EEG. Three lines of evidence indicate that for
275-channel MEG correlation patterns were generally more distinct
than for 64-channel EEG. First, standardized correlations, which measure the spatial structure of correlations, were consistently larger for
MEG than for EEG (Fig. 1c,d). Second, some spatial features of correlation structure that were well resolved by MEG could not be clearly measured by EEG (Fig. 3 auditory seed and Fig. 4a rDPFC seed). Third, for
frequencies up to 32 Hz, MEG showed a higher skewness of the correlation distribution than EEG, i.e. more positive outliers relative to a normal
distribution. Interestingly, above 32 Hz, correlation skewness was larger
for EEG than for MEG. As we will further discuss below, we hypothesize
that this effect reﬂects the modality speciﬁc inﬂuence of muscle
artifacts.
The observed advantage of MEG for resolving distinct correlation
patterns is likely at least partly due to the much larger number of
MEG sensors (275) as compared to EEG electrodes (64) employed.
Thus, the observed difference should not be interpreted as a general advantage of MEG over EEG. In fact, given the difference in the number of
sensors, it seems remarkable how similar correlation patterns were between modalities and how well the 64-channel EEG could resolve the
patterns obtained with 275-channel MEG. On the one hand, this suggests that a standard 64-channel EEG, which is readily available in clinical settings, may sufﬁce for resolving a substantial fraction of the
correlation structure detectable with 275-channel MEG. On the other
hand, high-density EEG, e.g. with 256 channels, may allow for resolving
further spatial structure that was not available with the present 64channel EEG system (Malmivuo, 2012).
Another difference between MEG and EEG was that MEG correlation
patterns were generally smoother than EEG patterns. This may be surprising at ﬁrst, because the number of channels, and thus the implicit
degrees of freedom or smoothness of the source-reconstruction was
lower for EEG as compared to MEG. This suggests that the more noisy
appearance of EEG correlation patterns may reﬂect the more complex
head model physics (FEM vs. single-shell) and ﬁeld distributions in
EEG as compared to MEG (Cho et al., 2015; Malmivuo, 2012).
Brain-wide intermodal correlation
The systematic correlation of seed-correlation maps between modalities revealed strongest intermodal similarity around 16 Hz in occipital and central regions. We adapted an approach that was recently
introduced for the comparison between MEG and fMRI (Hipp and
Siegel, 2015) to test if this spectral and spatial structure reﬂected
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genuine difference between modalities or rather their SNR. For frequencies below 32 Hz, accounting for the SNR yielded almost perfect pattern
similarity for regions with reliable correlation patterns in both modalities. Furthermore, from about 8 to 32 Hz reliable patterns were identiﬁed for more than 95% of the brain. Thus, from about 8 to 32 Hz, MEG
and EEG power correlations display the same functional networks.
This ﬁnding sheds new light on the nature of the neuronal activity
driving the power correlations measured with EEG or MEG. Both modalities have different sensitivities for speciﬁc dipole orientations and locations (Cho et al., 2015; Malmivuo, 2012). In particular, MEG is blind to a
substantial number of sources, i.e. radially oriented dipoles on the top of
gyri and at the bottom of sulci. Thus, our results suggest that the spatial
extend of cortical sources that drive the measured correlation patterns
is broader than the resolution of gyri and sulci, which differs between
EEG and MEG. We conclude, that although on the level of raw dipole
measurements EEG and MEG have different sensitivities, on the level
of power correlations, especially from 8 to 32 Hz, both measures reﬂect
the same underlying network activity. These results are promising for
potential clinical applications (Stam, 2014), for which EEG is more readily available than MEG. Our results suggest that recent MEG ﬁndings
(Brookes et al., 2012; Hawellek et al., 2013; Hipp et al., 2012;
Kitzbichler et al., 2015; O'Neill et al., 2015) may be well extrapolated
to potential EEG applications. However, it remains to be determined to
what extent EEG network analyses could provide a diagnostic and predictive tool in the clinical routine, particularly on the single-subject
level.
Furthermore, it should be noted that attenuation correction is only
applicable for sources with reliable correlation patterns within both
modalities. For frequencies below 8 Hz or above 32 Hz, we did not
ﬁnd reliable correlation patterns for the entire brain in both modalities.
Thus, in principle for these frequencies ranges, there may be differences
in correlation patterns between modalities in areas we could not
correct.
Muscle artifacts
Our results reveal a small but substantial difference between MEG
and EEG for frequencies above 32 Hz. Speciﬁcally, our results suggest
that for this frequency range, i.e. the gamma band, electromyogenic artifacts substantially confound EEG power correlations, which is much
less the case for MEG. Several ﬁndings support this reasoning. First, for
this frequency range attenuation corrected intermodal correlations did
not approach one, but values around 0.8 (range: 0.70–0.98). Intermodal
pattern similarity further decreased, if independent components that
reﬂected muscle activity were not removed from the data (range:
0.55–0.64). Second, above 32 Hz, the skewness of EEG power correlation progressively increased, indicating a substantial amount of strong
correlations beyond a normal distribution. This was not the case for
MEG. Third, for EEG above 32 Hz, the degree distribution, which pinpoints to those regions with strongest correlations, peaked in superﬁcial
anterior frontal and temporal regions well compatible with leaked
electromyogenic activity from forehead, eye, and temporal muscles.
This pattern was not found for MEG.
Notably, we observed the effects of muscle activity on EEG power
correlations although we applied several complementary approaches
to discount electromyogenic artifacts for MEG and EEG. We excluded
epochs with obvious muscle activity, we rejected ICA components
reﬂecting muscle activity, and we employed adaptive spatial ﬁltering
(beamforming) for source-reconstruction. This suggests that EEG
power correlations are particularly sensitive to confounding by
electromyogenic artifacts and more so than MEG. This accords well
with recent reports of the substantial inﬂuence of electromyogenic artifacts on EEG gamma-band activity (Goncharova et al., 2003; Hipp and
Siegel, 2013; Whitham et al., 2008; Yuval-Greenberg et al., 2008) and
highlights the importance of careful artifact rejection in network analyses of electrophysiological data.

Conclusions
In summary, our results show that power correlation of orthogonalized signals is feasible for studying functional connectivity with 64channel EEG. Furthermore, besides the differences in SNR, for frequencies from about 8 to 32 Hz, EEG and MEG reﬂect identical underlying
correlation patterns across the brain. Above 32 Hz, power correlation
patterns differ between modalities, which likely reﬂects the higher susceptibility to muscle artifacts for EEG than for MEG.
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