
NeuroImage 179 (2018) 79–91
Contents lists available at ScienceDirect

NeuroImage

journal homepage: www.elsevier.com/locate/neuroimage
Elucidating relations between fMRI, ECoG, and EEG through a common
natural stimulus

Stefan Haufe a,b,c,*, Paul DeGuzman d, Simon Henin e, Michael Arcaro f, Christopher J. Honey g,
Uri Hasson h, Lucas C. Parra b,d,**

a Technische Universit€at Berlin, Berlin, Germany
b City College New York, New York, NY, USA
c Columbia University, New York, NY, USA
d Neuromatters LLC, New York, NY, USA
e NYU Langone Medical Center, New York, NY, USA
f Harvard Medical School, Boston, MA, USA
g Johns Hopkins University, Baltimore, MD, USA
h Princeton University, Princeton, NJ, USA
A R T I C L E I N F O

Keywords:
fMRI
ECoG
EEG
Repeat-reliability
Inter-method correlation
* Corresponding author. Technische Universit€at B
** Corresponding author. City College New York,

E-mail addresses: stefanhaufe@gmail.com (S. Ha

https://doi.org/10.1016/j.neuroimage.2018.06.016
Received 28 January 2018; Received in revised for
Available online 15 June 2018
1053-8119/© 2018 Elsevier Inc. All rights reserved
A B S T R A C T

Human brain mapping relies heavily on fMRI, ECoG and EEG, which capture different physiological signals.
Relationships between these signals have been established in the context of specific tasks or during resting state,
often using spatially confined concurrent recordings in animals. But it is not certain whether these correlations
generalize to other contexts relevant for human cognitive neuroscience. Here, we address the case of complex
naturalistic stimuli and ask two basic questions. First, how reliable are the responses evoked by a naturalistic
audio-visual stimulus in each of these imaging methods, and second, how similar are stimulus-related responses
across methods? To this end, we investigated a wide range of brain regions and frequency bands. We presented
the same movie clip twice to three different cohorts of subjects (NEEG¼ 45, NfMRI¼ 11, NECoG¼ 5) and assessed
stimulus-driven correlations across viewings and between imaging methods, thereby ruling out task-irrelevant
confounds. All three imaging methods had similar repeat-reliability across viewings when fMRI and EEG data
were averaged across subjects, highlighting the potential to achieve large signal-to-noise ratio by leveraging large
sample sizes. The fMRI signal correlated positively with high-frequency ECoG power across multiple task-related
cortical structures but positively with low-frequency EEG and ECoG power. In contrast to previous studies, these
correlations were as strong for low-frequency as for high frequency ECoG. We also observed links between fMRI
and infra-slow EEG voltage fluctuations. These results extend previous findings to the case of natural stimulus
processing.
Introduction

The most frequently-used functional neuroimaging techniques are
functional magnetic resonance imaging (fMRI) and electroencephalog-
raphy (EEG). Both are complementary in that fMRI provides high spatial
but low temporal resolution, while the opposite is true for EEG. Invasive
methods such as electrocorticography (ECoG), on the other hand,
combine high temporal resolution with relatively high spatial resolution;
however, such procedures are only used in small cohorts of neurological
patients. ECoG, EEG and fMRI also differ in their underlying
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neurophysiological origin, are susceptible to different noise sources (e.g.,
artifacts, pathological activity), and generally differ in terms of their
inherent signal-to-noise ratio (SNR). From a practical perspective, it is,
therefore, of interest to quantify and map out the amount of task-related
information that each imaging modality contains in order to decide on
the appropriate technique for a particular study.

At the same time, it is an ongoing endeavor to reveal the relationships
between brain imaging techniques in order to better understand the
physiological foundations underlying these methods. There have been
significant efforts to relate the electrical neural signal measured with
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EEG/ECoG (Buzs�aki et al., 2012) to the hemodynamic
blood-oxygen-level dependent (BOLD) signal captured by fMRI (Log-
othetis, 2003). In respective experiments, imaging modalities are linked
either through simultaneous recordings or through separate recordings
tied together by a common task. Numerous studies in humans have used
simultaneous fMRI–EEG recordings, including Laufs et al. (2003);
Moosmann et al. (2003); Ritter and Villringer (2006); Scheeringa et al.
(2008); Ritter et al. (2009); Scheeringa et al. (2011, 2016). Simultaneous
fMRI–ECoG recordings are only available in animals (Logothetis et al.,
2001; Niessing et al., 2005; Magri et al., 2012) with a recent exception in
human (Carmichael et al., 2017). Most human studies have relied instead
on a common task (Mukamel et al., 2005; Nir et al., 2007; Hermes et al.,
2012; Winawer et al., 2013; Harvey et al., 2013). The main findings of
these studies are that high-frequency power in the ECoG correlates
positively with fMRI, while low frequencies correlates negatively with
fMRI. These effects may, however, not be uniformly distributed across
cortical brain structures, and can display frequency-dependent spatial
variations (Scheeringa et al., 2008, 2009; Harvey et al., 2013). The
observed correlations may also depend on the specific task (Muthuku-
maraswamy and Singh, 2009; Maier et al., 2008). Recent evidence sug-
gests that the correlations between hemodynamic and electrical activity
can have a non-neuronal physiological origin (Mateo et al., 2017), which
can be decoupled from task-related neural processing (Winder et al.,
2017). Thus, it is not certain whether the results of previous studies apply
also in more realistic stimulus condition in humans, nor is it clear which
of these relationships persist once controlling for physiological con-
founds unrelated to the brain functions under study.

The link between scalp EEG and invasive electrical recordings has
been explored predominantly in non-human primates using simple visual
stimuli. While visually evoked gamma activity generally correlates in the
two imaging modalities (Whittingstall and Logothetis, 2009), there ap-
pears to be a complex relationship between lower frequency activity in
the EEG and high-frequency intracranial activity (Snyder et al., 2015). In
human, the link between ECoG and EEG has been explored mostly in the
context of epileptic activity, but we are not aware of a systematic analysis
of different frequency bands. Such an analysis may be warranted, given
that results on visual evoked gamma activity, for instance, do not seem to
readily extend to humans (Juergens et al., 1999) and likely depend on the
stimulus (Scheeringa et al., 2016).

Here, we consider the case of a complex audio-visual movie stimulus
and ask two basic questions that have not been sufficiently addressed in
the previous literature. First, how reliable are the responses evoked by
such a stimulus in EEG, fMRI and ECoG, given the cohort sizes that are
typically available in respective studies? And, second, to what extent are
these three imaging modalities reflecting the same stimulus-related brain
activity?

To study these questions, we analyzed correlations within and be-
tween EEG, fMRI and ECoG recordings across different brain structures
and frequency bands. Data were acquired from three different cohorts of
subjects within separate EEG, ECoG and fMRI studies, in which subjects
watched an audio-visual movie. The richness of the movie stimulus
thereby ensured that not only auditory, visual and multi-sensory systems
were engaged in the viewing task, but also a host of higher-level cogni-
tive functions such as language, memory, and attention. Using the same
movie for all subjects allowed us to temporally align data of different
recordings, and to quantify their similarity using correlations (Hasson
et al., 2004, 2010). Relationships between imaging modalities were
studied in a common anatomical space in terms of correlations between
signals of different subject cohorts, here referred to as inter-method cor-
relations (IMC). Additionally, the presence of two repeated viewings
within each subject allowed us to assess repeat-reliability, which we
quantified here in terms of inter-viewing correlations (IVC). The use of
IMC/IVC thereby ruled out correlations induced by physiological or
artifactual fluctuations not related to the task, which would be present in
concurrent multi-modal recordings. To allow meaningful comparisons of
correlations across methods, we harmonized the spatial and temporal
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scales of the different datasets using spatial co-registration and the
standardization of correlation coefficients using data-dependent null
distributions. For EEG and fMRI, we analyze data of single subjects as
well as the grand-average across subjects. This grand-averaging captures
stimulus-related activity that is similar across subjects and increases
correlations across repeated viewings and between imaging methods.
Our study represents the first comprehensive quantification of the
stimulus-related brain activity that is expressed within and shared be-
tween three important functional brain imaging modalities. As such, it
complements and extends parallel work on the relation between mag-
netoencephalography and fMRI (Lankinen et al., 2018).

Methods

Three separate cohorts of subjects were presented with a 325 s long
segment of a feature film (Dog Day Afternoon; previously used by Honey
et al., 2012) two times, and neural activity was recorded with EEG
(N¼ 45 subjects), fMRI (N¼ 11) and ECoG (N¼ 5). We analyzed corre-
lations of ‘raw’ broad-band signals of all imaging methods as well as of
EEG/ECoG power fluctuations in five frequency bands: θ (4–8Hz), α
(8–12Hz), β (12–28Hz), γ (28–56 Hz) and the high frequencies (HF,
64–116Hz). To quantifying the effects that can be resolved from entire
cohorts of realistic sizes, we performed grand-averaging (GA) of the EEG
and fMRI data after spatial normalization. In ECoG, averaging across
subjects is not possible, as electrode montages differ between subject; we,
therefore, combined the ECoG channels of all subjects into a single
dataset (without averaging). For comparison we also present fMRI and
EEG results obtained on single subjects.

Study subjects

fMRI—Eleven subjects (six female; 20–35 years old) participated in
the fMRI experiment. All subjects were in good health without history of
psychiatric or neurological disorders and gave their informed consent to
participate in the study and consent to publish in accordance with pro-
cedures approved by the Princeton University Institutional Review Board
and with ethical standards set out by the Federal Policy for the Protection
of Human Subjects (or ’Common Rule’, U.S. Department of Health and
Human Services Title 45 CFR 46). Subjects had normal or corrected-to-
normal visual acuity. All subjects were experienced MRI subjects that
were well trained to lay still during scans. There were no specific
recruitment goals with respect to gender or race/ethnicity; however,
fluency in English was required.

ECoG—ECoG data used in this study have been described in detail in
Honey et al. (2012). The following description is quoted from Honey
et al.: “Five patients (four female; 20–47 years old) experiencing phar-
macologically refractory complex partial seizures were recruited via the
Comprehensive Epilepsy Center of the New York University School of
Medicine. Patients had elected to undergo intracranial monitoring for
clinical purposes and provided informed consent both pre- and
post-electrode implantation in accordance with National Institutes of
Health guidelines administered by the local Institutional Review Board.
For each patient, electrode placement was determined by clinicians
based on clinical criteria. We focus here on patients with entirely or
predominantly left-lateralized coverage, all of whom had left-lateralized
language function.” We are excluding right-hemisphere electrodes
available from two patients with bilateral coverage.

EEG—Data were obtained from two separate batches. In the first
batch, thirty healthy subjects were recruited (fifteen male; 19–31 years
old). Procedures were approved by the Western Institutional Review
Board (Puyallup, WA). These data have previously been used in Dmo-
chowski et al. (2017). In the second batch, fifteen healthy subjects were
recruited from the campus of City College (nine male; 18–28 years old).
These additional data have not been previously published. All procedures
for this batch were approved by the Institutional Review Board of the
City University of New York. Prior to the start of the experiments, all
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subjects gave written informed consent. There were no specific recruit-
ment goals with respect to gender or race/ethnicity; however, fluency in
English was required.

Experimental setting

The audiovisual stimulus was a 325 s long movie clip selected from
the 1975 commercial film Dog Day Afternoon (DDA).

fMRI—Subjects viewed two repetitions of DDA clips. In addition to
original (intact) clips, twomanipulated variants, in which the scene order
was randomized either on a coarse or fine level, were presented.

Presentation order was randomized across individuals. In most cases,
two scrambled movies were interspersed, amounting to about 11min
between the two intact movies. The Psychophysics Toolbox in MATLAB
was used to display the movie clips and synchronize the movie onset with
the MRI data acquisition. Audio for the movie was delivered via in-ear
headphones. Movie clips subtended 20� horizontally and 16� vertically.

ECoG—Subjects viewed DDA in alternation with two more movie
clips (two presentations per clip) at bedside on a MacBook laptop located
40–60 cm from their eyes. PsychToolbox Extensions (Kleiner et al., 2007)
for MATLAB (MathWorks, Natick, MA) were used to display the movies
and trigger their onsets. Subjects viewed intact, coarse, and fine rendi-
tions of the clips. The order of presentation was fixed: intact, coarse,
intact, fine, coarse, fine. Presentation of each clip was preceded by a 30 s
period in which subjects fixated on a central white square (< 1� visual
angle) on a black background. The time elapsed between two viewings of
the intact movies was 12min.

EEG—Subjects of the first batch watched two repetitions of the intact
movie interspersed with single presentations of the manipulated version:
intact, coarse, fine, intact. Before the second presentation of the intact
movie, three recordings of an unrelated audio clip of 7min length were
played. Between 40 and 45min elapsed between the two viewings of the
intact movie. In-house software (Neuromatters LLC, NY) was used for
video playback. Only data recorded during presentation of intact stimuli
(two viewings per subject and imaging method) were analyzed in the
present study. Subjects of the second batch watched the intact DDA clip
twice, with each exposure separated by approximately 45min, at the
beginning and the end of an unrelated experiment. The video clip was
presented via a custom version of mplayer (Mplayer media player,
http://mplayerhq.hu), modified to generate parallel port triggers once
per second.

Signal acquisition

fMRI—Data were acquired with a 3T Skyra magnetic resonance im-
aging (MRI) scanner (Siemens, Munich, Germany) using a 16-channel
head coil. All functional acquisitions used a gradient echo, echo planar
sequence with a 64 square matrix (slice thickness of 4mm, interleaved
acquisition) leading to an in-plane resolution of 3 � 3mm2 (field of view
[FOV], 192 � 192mm2, GRAPPA iPAT¼ 2, 27 slices per volume; repe-
tition time [TR]¼ 1.5 s; echo time [TE]¼ 30ms; flip angle¼ 72�). High
resolution structural scans were acquired in each scan session for regis-
tration to surface anatomical images (MPRAGE sequence; 256 � 256
matrix; 240 � 240mm2 FOV; TR¼ 1.9 s; TE¼ 2.1ms; flip angle¼ 9�;
0.9375 � 0.9375 � 0.9375mm3 resolution).

ECoG—Signals were recorded from 922 electrodes across all five
subjects. Subdural arrays of platinum electrodes embedded in silastic
sheeting (8� 8 square grids, 4� 8 rectangular grids, or 1� 8 strips) were
placed purely according to clinical criteria. Electrodes had an exposed
diameter of 2.3 mm and were spaced 10mm center-to-center. Depth re-
cordings were not analyzed in the present study. Screws in the skull
served as reference and ground. Signals were sampled at 30 kHz using a
custom-built digital acquisition system (based on the open-source NSpike
framework (L.M. Frank and J. MacArthur, Harvard University Instrument
Design Laboratory, Cambridge, MA) that included a 0.6 Hz high-pass
filter in hardware.
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EEG—EEG data were recorded with a BioSemi Active Two system
(BioSemi, Amsterdam, Netherlands) at a sampling frequency of 2048Hz.
Subjects of the first batch were fitted with a standard, 32-electrode cap
following the international 10/20 system, while subjects in the second
batch were fitted with a 128-electrode cap according to an equiradial
system (Biosemi). Six additional electrooculogram (EOG) electrodes
were placed around the eyes to record and allow for the removal of eye-
movement artifacts. Sony MDR 7506 headphones were used for audio
playback during video viewing for the first batch of subjects, whereas the
second batch of subjects were presented the audio over a pair of studio
monitors, each situated at a 45� angle to the subject (e.g., left/right side)
and at a distance of approximately 1m (Fostex, PM0.3 Active monitors,
Tokyo, Japan).

For this investigation, we pooled the data of the two EEG batches. To
this end, 32 out of 128 electrodes used in the second batch of recordings
were matched with the 32 electrodes used in the first batch of recordings
based on nearest Euclidean distance of their standardized locations
(median distance: 6mm, maximum: 12mm). This yielded N¼ 45 re-
cordings with 32 EEG and six EOG electrodes available in each.

Spatial registration

All data were processed using in-house MATLAB code unless other-
wise noted.

fMRI—Data were preprocessed using AFNI (Cox, 1996). Subject-wise
data were transformed to MNI standard space using a two-step linear and
nonlinear registration (AFNI's 3dAllineate and 3dQWarp), and
re-sampled to a common rectangular grid at 4mm resolution using linear
interpolation. Data were then spatially smoothed using a Gaussian kernel
(full-width-at-half-maximum: 10mm; with less smoothing IVC were
lower and areas above significance more disconnected). After extraction
of the brain volume, 32,798 voxels were retained. Volumetric data were
further mapped to the cortical surface of the ‘New York Head’ (Huang
et al., 2016), a high resolution anatomical template extending the
ICBM152 head (Fonov et al., 2011), based on minimum Euclidean dis-
tance. This resulted in the selection of 16,037 greymatter voxels (8080 in
the left hemisphere) to be analyzed.

ECoG—T1-weighted MR images were acquired from each subject
both before and after the implantation of electrodes. Electrodes were
localized on the individual cortical surfaces using a combination of
manual identification in the T1 images, intraoperative photographs, and
a custom MATLAB tool based on the known physical dimensions of the
grids and strips (Yang et al., 2012). Subsequently, the individual-subject
T1 images were non-linearly registered to an MNI template using the
DARTEL algorithm via SPM (Ashburner, 2007), and the same trans-
formation was applied to map individual electrode coordinates into MNI
space. Out of 656 artifact-free labeled and MNI-registered electrodes
obtained from Honey et al. (2012), only those 511 located in the left
hemisphere were retained (see Fig. 1 for a depiction of the electrode
locations). Note that this set slightly differed from the total of 573 elec-
trodes reported in Honey et al. as we excluded right-hemisphere elec-
trodes based on MNI coordinates, while Honey et al. used channel labels
indicating the intended position as the exclusion criterion.

EEG—For plotting purposes, electrode coordinates were aligned with
the surface of the New York Head (Huang et al., 2016) using MNI co-
ordinates provided by EEGLAB (Delorme et al., 2011) (see Fig. 1 for
electrode locations). Source reconstruction (see EEG source modeling
section) was conducted in order to map EEG activity to cortical anatomy
in MNI standard space.

Data preprocessing

fMRI—Functional data were slice-time and motion corrected (AFNI's
3dvolreg). The remaining data were linearly detrended, and high-pass
filtered at 0.01 Hz using the discrete Fourier transform (DFT) and its
inverse.

http://mplayerhq.hu


Fig. 1. Location of ECoG and EEG electrodes on the scalp/cortical surfaces. ECoG electrodes are drawn in a different color for each of the five subjects.
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ECoG—For each subject, the mean voltage time course of all channels
was removed from the time course of each individual channel using
linear regression. Signals were also down-sampled to 400 Hz (see pro-
cedures described in Honey et al., 2012). Data of all five subjects were
pooled and subsequently treated as one single dataset. In order to facil-
itate comparisons between ECoG and EEG data, ECoG data were further
decimated to 256Hz after appropriate low-pass filtering using
anti-aliasing finite impulse response filters (8th order Chebyshev Type I,
MATLAB's resample function).

EEG—Data were decimated to 256Hz using MATLAB's resample.
Data were then high-pass filtered at 0.5 Hz and notch-filtered between 59
and 61Hz using third order Butterworth infinite response (IIR) filters.
Signal from six electrooculogram (EOG) channels was removed from all
EEG channels through multivariate linear regression and subtraction, i.e.
noise canceling using standard procedures (Parra et al., 2005); code
available from Cohen and Parra (2016). Artifact channels, defined as
those with unusually small or large standard deviations (SD< 1 μ V or SD
> 50 μ V or SD > meanch (SD) þ 2 SDch (SD), where SDch are mean and
standard deviations over channels, respectively) were set to zero. This,
however, affected only one channel per subject on average and had a
negligible impact on the overall results.

In all datasets, the first 15 and the last 13 s were excluded, leaving a
period of 297 s to be analyzed. The initial time is typically removed to
allow the T1 saturation to reach a steady state and avoid any potential
evoked responses due to scanning onset. There was also a brief blank
screen period at the end of the recording. The number of EEG/ECoG
samples at 256Hz sampling rate was T¼ 76,032, while the number of
fMRI samples (TR's) at 0.67 Hz was T¼ 198.
EEG source modeling

For source analysis, EEG data at 32 channels were mapped to 2004
locations covering the entire cortical surface (1002 in the left hemi-
sphere) by inverting a precise standardized volume conductor model of
current flow in an average human head (Huang et al., 2016). This step
was performed on grand-average signals for analyses of raw broad-band
EEG time courses, as grand-averaging and source reconstruction using
eLORETA are both linear operations whose order of execution can be
reversed (as linear mappings are commutative). For analyses of the
log-power of brain oscillations (see below), source reconstruction was
performed separately for each subject. This inefficient treatment is
necessary, because the computation of the log-power is a non-linear
operation that neither commutes with the linear source reconstruction
applied beforehand nor the linear grand-averaging applied afterwards.

Prior to source imaging, data and head model were transformed into
common average electrical reference. The inversion was carried out
using eLORETA (Pascual-Marqui, 2007). The regularization parameter λ
was adjusted on grand-average raw EEG data using two-fold cross--
validation. To this end, electrodes were split into two subsets comprising
19 and 13 electrodes, respectively, both covering the whole scalp.
Sources were first estimated based on the subset of 19 electrodes for 11
logarithmically spaced choices of the regularization parameter λ. The
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resulting source activity was projected back to the scalp using the volume
conductor model. The resulting scalp potentials were evaluated at the 13
remaining channels, and the discrepancy to the potentials actually
recorded at those electrodes was measured in terms of the mean-squared
error (MSE). Using the value of λ that minimized this MSE, sources were
re-estimated based on all 32 electrodes. This choice of λ was used in all
subsequent source analyses, including the band-power analyses in source
space.

Three-dimensional source current estimates were further reduced to
scalar activations. This was done by projecting the current vector using
location-specific 3D projection vectors that were designed to maximize
the correlation of the grand-average raw EEG signal between the first and
the second viewing (Dmochowski et al., 2012). We verified – using a
separate analysis involving disjoint training and test datasets – that the
spatial filter optimization was not affected by overfitting and, therefore,
could not induce any upward bias in the presented inter-viewing and
inter-method correlations. The projection vectors computed on the raw
source EEG data were used throughout all further source analyses.
Calculation of EEG/ECoG band-power

In addition to the ‘raw’ broad-band EEG and ECoG signals (pre-
processed as described above), we also calculated the instantaneous
amplitude in five common frequency bands. These bands included θ
(4–8Hz), α (8–12 Hz), β (12–28Hz), γ (28–56Hz) and a high-frequency
band (HF, 64–116 Hz). Subject-level data were filtered in each band
using third-order Butterworth IIR filters. We applied the Hilbert trans-
form to obtain the complex-valued analytic signal, the absolute value of
which provides the instantaneous band-amplitude. For single-subject
analysis (see supplementary Fig. S1 B, C), the logarithm was then
applied. Additional sets of grand-averaged instantaneous log band-power
were obtained as described in Section 2.8. Additional down-sampled
datasets were obtained by reducing the EEG and ECoG band data to
the fMRI sampling rate of 0.67 Hz using Matlab's resample.
Grand-averaging

In addition to the subject-level data, grand-averages (GA) across
subjects were calculated from the fMRI and EEG data.

fMRI—A grand-average fMRI signal was obtained by averaging the
pre-processed BOLD data at the 8080 previously-selected left-hemisphere
cortical voxels across subjects.

EEG—Grand-average EEG signals were computed for raw broad-band
time series and the log-band-amplitude traces in sensor and source space.
Raw signals were averaged at the level of the 32 EEG sensors to yield the
sensor-space GA. The corresponding GA in source-space was obtained by
performing source reconstruction of the sensor-space GA using eLORETA.
Grand-average instantaneous log band-power in sensor space was ob-
tained by taking themean of the subject-wise squared band-amplitudes at
each EEG channel across subjects, and applying the logarithm on the
mean. The corresponding GA in source space was obtained by applying
the same procedure to the squared band-amplitudes of the reconstructed
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source at each of the 2004 source voxels.

Inter-viewing correlation (IVC) within imaging methods

All data were linearly detrended. Correlations between time series
recorded during the first and second movie viewing were assessed using
the Pearson product-moment correlation coefficient, yielding one inter-
viewing correlation (IVC) coefficient per channel, frequency band and
imaging method.

Mappings between fMRI, ECoG and EEG spaces

In order to study correlations across imaging methods we selected
channels (electrodes/cortical locations) that were co-located. The pro-
cedures to match channels between methods as well as to harmonize the
temporal scale of the data for each pair of methods are outlined below.

ECoG–fMRI—For each of the 511 ECoG channels, corresponding
BOLD activity was defined as the average of the activity of all cortical
fMRI voxels within a 6mm radius around that ECoG electrode. The
down-sampled ECoG log band-power data at 0.67 Hz sampling rate were
convolved with a canonical hemodynamic response function (HRF, SPM
package, Penny et al., 2011). ECoG data were then detrended, high-pass
filtered at 0.01 Hz using the Fourier transform, and cropped to the
common 297 s interval.

ECoG–EEG—EEG channels pick up activity from the entire brain as a
result of the spread of neuronal electrical activity in the head. It is,
therefore, impossible to associate individual EEG channels with ECoG/
fMRI counterparts, which is why we worked on EEG source estimates
obtained as described above. Source locations were assigned to the
closest ECoG electrode based on minimum Euclidean distance.

fMRI–EEG—EEG (source) log band-power traces at 0.67 Hz sampling
rate were convolved with a canonical HRF, detrended, high-pass filtered
at 0.01 Hz, and cropped. EEG sources were interpolated to match fMRI
voxel locations based on minimum Euclidean distance.

Inter-method correlation (IMC) analysis

For each of the three pairs of measurement techniques, correlations
between the appropriately mapped time courses (averaged across the two
viewings) were assessed using Pearson's product-moment correlation,
yielding one inter-method correlation (IMC) value per channel and pair
of imaging techniques.

Statistical significance of correlations

As neurophysiological time series are auto-correlated, correlations
between them cannot be assessed using standard analytical tests
assuming independent and identically distributed samples. Instead, the
distribution of observed correlations under the null hypothesis of zero
true correlation needs to be estimated empirically. For each correlation
score measured on the original data, we generated 100 surrogate datasets
using the method of Theiler et al. (1992), following the suggestions of
Schaworonkow et al. (2015). This procedure uses the discrete Fourier
transform and its inverse to randomize complex phases separately for
each frequency while leaving the corresponding amplitudes intact. The
resulting surrogate data have the same power spectrum as the original
data but lack any measurable dependency across viewings or modalities;
thus, these data are consistent with the null hypothesis of zero (inter--
viewing or inter-method) correlation. To preserve potential
non-Gaussianity of the original data, data were transformed to obey a
Gaussian distribution prior to phase-randomization, and the reverse
transformation was applied after randomization, such that original and
phase-randomized data were also identically distributed (amplitu-
de-adjusted Fourier-transform, Theiler et al., 1992).

Correlation values r obtained on original and surrogate data were
mapped to the interval ½�∞;∞� using the Fisher z-transform ρ¼ atanh(r),
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where atanh is the hyperbolic tangent. For each channel, we confirmed
that the null distribution of the z-transformed correlation scores is
consistent with a Gaussian distribution using the Kolmogorov-Smirnov
test (p < 0.05). Means μ0 and standard deviations σ0 estimated from
surrogate data were used to standardize correlation coefficients observed
on the original data, yielding z-scores z ¼ (ρ-μ0)/σ0. We derived p-values
assuming that these z-scores are standard normal distributed under the
null hypothesis. We demonstrate the exactness of this approach empiri-
cally with numerical simulations in Appendix A. Testing for significant
correlation between auto-correlated time series: simulation.

As we did not expect any negative inter-viewing correlations, right-
tailed tests were used for all IVC analyses. In contrast, inter-method
correlations were assessed using two-tailed tests, except for correla-
tions involving ‘raw’ EEG or ECoG signals, the polarity of which depends
on recording and inverse source reconstruction parameters, and is
essentially arbitrary, as is the sign of the resulting inter-method corre-
lations. Consequently, we tested the absolute value of the IMC in these
cases using a one-tailed test. For each analysis, the false discovery rate
(FDR) was controlled at level q¼ 0.05 by applying the Benjamini-
Hochberg correction (Benjamini and Hochberg, 1995) across all voxels.
Only z-scores that were significant after FDR correction are reported.

Visualization

Color-coded r-values and z-scores were rendered onto the surface of
either the outer head surface or the cortical surface of the ‘New York
Head’ (Huang et al., 2016). EEG sensor-space results were projected onto
the outer head surface using a spherical harmonics expansion interpo-
lation. fMRI results as well as results of EEG–fMRI IMC analyses were
mapped to the cortical surface using to the nearest-neighbor rule, where
distance was measured along the geodesics of the cortical manifold.
ECoG results as well as results of ECoG–fMRI and EEG–ECoG IMC ana-
lyses were mapped onto the cortical surface by coloring all surface nodes
within 6mm distance of each ECoG channel. Cortical surfaces were
smoothed for display purposes. Electrodes/voxels with z-scores signifi-
cant after FDR correction are shown in color, while non-significant lo-
cations are shown in gray. Identical r-values/z-scores are displayed in
identical colors in all plots throughout the paper except for Fig. 2 D and
for supplementary Fig. S1. To cover the entire range of values observed,
we used non-linear saturating color scales. For each analysis, a colorbar is
plotted that shows the range of attained r-scores/significant z-scores.

Results

Reliability of responses within imaging methods

To assess the repeat-reliability of stimulus-related brain activity for
each method, we calculated the correlation of the continuous neural
responses across the two renditions of the stimulus, which we refer to as
the inter-viewing correlation (IVC). Correlations were assessed sepa-
rately for each anatomical location using Pearson's r, and their statistical
significance was assessed by comparing observed values to a null dis-
tribution obtained from surrogate data. The resulting z-scores correct for
unequal variances of the estimated correlation coefficients that arise
from different sampling frequencies and data-dependent auto-correlation
spectra. We interpret z-scores as objective measures of how much the
observed correlations stand out against random fluctuations in the data.
They can be directly compared across different imaging methods and
differing sampling rates, whereas r-values are sensitive to the sampling
rate and spectral content of the signals.

Comparable repeated-reliability when averaging over typical cohort sizes
We observed strong IVC of neural activity for all three imaging

methods (r-values in Fig. 2, and corresponding z-scores to determine
significance in Fig. 3). The grand-average fMRI BOLD signal (GA-fMRI)
reached a maximum IVC of rmax¼ 0.79, where strongest correlations



Fig. 2. Repeat-reliability of stimulus-related brain activity measured with EEG, ECoG and fMRI BOLD measured as inter-viewing correlations (IVC), r of signals
acquired during two separate viewings of a 325 s long audio-visual movie stimulus. EEG-45: Grand-average EEG data of N¼ 45 subjects were analyzed at 32 sensors
and 2004 cortical locations after source reconstruction by eLORETA. fMRI-11: Grand-average fMRI data of N¼ 11 subjects were analyzed at 16,037 cortical locations.
ECoG-1: Single-subject ECoG data were analyzed pooling here electrodes from 511 cortical locations across five subjects. ‘Raw’ broad-band EEG and ECoG voltage
fluctuations were analyzed at 256 Hz sampling frequency (panels D, E). In addition, the instantaneous log-power of EEG and ECoG oscillations in the following
frequency bands were analyzed at the same sampling frequency as fMRI (0.67 Hz, panels A–C): θ (4–8 Hz), α (8–12 Hz), β (12–28 Hz), γ (28–56 Hz) and high-frequency
(HF, 64–116Hz). EEG data of 45 subjects and fMRI data of 11 subjects were grand-averaged before IVC analysis. IVC was measured in terms of Pearson correlation, r,
and plotted onto the outer head surface (sensor-space EEG) or the smoothed cortical surface of the left brain hemisphere (ECoG, fMRI, source-space EEG, shown from
left, top, and bottom). Numbers above the color bars indicate maximal correlation values. As ECoG data do not provide a full coverage of the cortex (see Fig. 1), dark
gray areas mark the absence of any electrode within 12mm distance.
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were observed in temporal, parietal, occipital and fronto-temporal areas
known to implement auditory and visual processing hierarchies (Fig. 2
A).

Strong IVCs of single-subject ECoG band-power traces were observed
in very similar areas in all studied frequency bands (Fig. 2 B). In contrast
to fMRI, significant IVC were present in central sensori-motor areas,
while the lack of ECoG electrode coverage in parietal regions (see also
Fig. 1) prevented IVC analysis in these regions. The strongest IVC were in
the same range as those observed for GA-fMRI (rmax¼ 0.77), and were
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observed in the superior temporal gyrus for high-frequency oscillations.
GA-EEG band-power in the lower frequency bands (θ, α, and β)

reached maximal IVC levels only slightly below what is observed for
ECoG and GA-fMRI (rmax¼ 0.72, see Fig. 2C). The levels of IVC were
comparable when computed on scalp sensor data and on cortical sources
estimated using a linear solution to the EEG inverse problem (Pascual--
Marqui, 2007, eLORETA). In both cases, the topography of IVC showed a
broad global pattern, with low IVC values observed only in
fronto-temporal regions. High-frequency and γ-band activity has



Fig. 3. Statistical significance of inter-viewing correlation (IVC). Observed correlations, r, were standardized based on the mean and standard deviation of a null
distribution established from phase-randomized surrogate data, yielding a standard normal distributed z-score for each scalp/cortical location. z-scores are shown in
color if they indicate statistical significance at level q < 0:05 (one-tailed test, FDR corrected). The figure shows that even small IVC values observed for ‘raw’ broad-
band EEG/ECoG voltage fluctuations (c.f., panels D, E to corresponding panels of Fig. 2) are highly significant when compared to surrogate time series with identical
autocorrelation spectrum but no IVC. Numbers above the color bars indicate maximal correlation values.
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negligible IVC, speaking to the susceptibility of the EEG signal to
movement artifacts and the relative weakness of coherent brain activity
reaching scalp sensors in these frequency ranges.

Raw broad-band EEG and ECoG voltage fluctuations (Fig. 2C, D), IVC
reached maximal values of rmax ¼ 0:56 in GA-EEG and rmax ¼ 0:26 in
ECoG. The topography of raw EEG was similar to the topography ob-
tained with EEG θ-band power, while the raw-ECoG topography closely
resembled the ICV distribution observed in HF-ECoG.

To demonstrate the effects of grand-averaging, we also computed IVC
on single subjects (supplementary Fig. S1). Without averaging, the
maximum IVC in fMRI reached only rmax¼ 0.39 with a similar spatial
distribution (panel A). Grand-averaging was particularly effective for
EEG (compare Fig. 2C, E with supplementary Fig. S1 B, C). Without
grand-averaging, IVC for single-subject EEG only reached values around
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0.1 (notice that the color map has been enhanced to show these smaller
value). These smaller IVC are consistent with previous reports in EEG and
MEG (Dmochowski et al., 2012; Lankinen et al., 2014, 2018).

Repeat-reliability is highly significant in all modalities, independent of
sampling rate

To ensure compatibility with fMRI and previously published ECoG
results (Honey et al., 2012), the IVCs computed for EEG and ECoG
band-power traces shown in Fig. 2 B, C were obtained on data reduced to
the fMRI sampling rate of 0.67 Hz. Note, however, that correlation values
typically depend on the spectral content of the signal and should not be
directly compared across different sampling rates. Similarly, maximum
values should not be directly compared between differing sampling rates
as they depend on the number of samples. Indeed, when evaluated at a
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higher sampling rate of 256 Hz, IVCs of the band-passed powers dropped
to a maximum of rmax ¼ 0:23 for ECoG and rmax ¼ 0:53 for EEG
(compare supplementary Fig. S2 A, B with Fig. 2 B, C).

The z-scores we calculated (Fig. 3) measure how much the observed
IVCs depart from values obtainedwith random signals that have the same
spectral content as the original signals in the Statistical significance of
correlations section. Significant z-scores were obtained for all three im-
aging modalities across large portions of the cortex (Fig. 3). The by far
strongest values were observed for the raw GA-EEG and single-subject
ECoG (zmax¼ 23.4 for both, see Fig. 3 D, E) despite the moderate to
weak r-values (compare with Fig. 2 D, E).

The dependence of the r-values on sampling rate noted above largely
disappear for the z-scores (compare Fig. 3 B, C and S3 A, B). An expla-
nation for this stability is that the noise (non-stimulus-related activity)
above 0.33 Hz diminishes inter-viewing correlations as well as
Fig. 4. Similarity of stimulus-related brain activity between EEG, ECoG and fM
localized single-subject ECoG, grand-average EEG and grand-average fMRI BOLD act
band EEG and ECoG voltage fluctuations at 256 Hz sampling rate (panel D, notice th
EEG, between fMRI and EEG band-power, between between fMRI and ECoG band-po
rate. Frequency bands are the same as in Fig. 2. Matching of co-localized ECoG e
reconstructed EEG activity (eLORETA) was computed for each fMRI voxel location.
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correlations that arise under the null hypothesis, limiting the variance of
the latter. Removing that noise through low-pass filtering increases IVC,
but to the same extent also correlations that could arise under the null
hypothesis, leading to the same level of significance (see also Fig. S4 in
the supplement). If anything, maximal z-scores were higher for EEG
power fluctuations in the θ-, α-, and β-bands when sampled at 256 Hz
(zmax ¼ 15:9) as compared to 0.67 Hz (zmax ¼ 9:2). The same was
observed for HF-ECoG oscillations (zmax ¼ 15:3 for 256Hz compared to
zmax ¼ 10:5 for 0.67 Hz sampling rate). This increase in correlation
suggests that stimulus-related amplitude fluctuations in these data are
predominantly occurring at frequencies below 0.33 Hz (see Fig. S4 in the
supplement). However, down-sampling reduced z-scores because a sub-
stantial amount of reliable activity occurs above 0.33 Hz, as verified by
applying a spectrally-resolved inter-viewing coherence analysis (sup-
plementary Fig. S4).
RI BOLD as measured in terms of inter-method correlations (IMC) between co-
ivity. IMC was assessed in terms of Pearson correlation, r, between ‘raw’ broad-
e different color scale compared to panels A–C as well as between fMRI and raw
wer, and between EEG and ECoG band-power (panels A–C) at 0.67 Hz sampling
lectrodes and cortical fMRI voxels was based on Euclidean distance. Source-
Numbers above color bars indicate maximal correlation values.
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Similarity of responses between imaging methods

To assess the similarity of responses between imaging methods, we
measured the inter-method correlation (IMC) after spatial co-registration
(see Spatial registration and Mappings between fMRI, ECoG and EEG
spaces sections). As before, results for fMRI and EEGwere computed with
the signal averaged across subjects (grand-average). We observed sig-
nificant correlations of stimulus-related responses between all three
neuroimagingmethods (IMC are shown in Fig. 4 and the corresponding z-
scores in Fig. 5). IMC were strongest between the GA-fMRI and ECoG
band-power with absolute values exceeding rmax ¼ 0:61 in all frequency
bands (Fig. 4 A). ECoG power in the lower frequency bands (θ, α, β) was
negatively correlated with BOLD in virtually all studied areas with large
IMC (θ: rmin ¼ � 0:72, α: rmin ¼ � 0:72, β: rmin ¼ � 0:70). In
contrast, γ- and HF-ECoG power in the same areas was positively
Fig. 5. Statistical significance of inter-method correlations between single-subject E
distribution established from phase-randomized surrogate data, observed correlations
(using FDR control at level q ¼ 0:05) are drawn in color.
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correlated with fMRI (γ: rmax ¼ 0:61Þ, HF: rmax ¼ 0:72). Negative
correlations between ECoG γ-power with GA-fMRI were not significant
(Fig. 5 A).

EEG low-frequency band-power was positively correlated with ECoG
low-frequency power but negatively correlated with high-frequency
ECoG (Fig. 4 B). Positive correlations in the low-frequency bands (θ, α,
β) extended over central and temporal cortices, and are strongest in oc-
cipital cortex (in the range of rmax ¼ 0:48 to 0.58. For γ and HF ECoG,
correlations with low-frequency EEG were predominantly negative and
again strongest in occipital cortex (rmax ¼ 0:47).

EEG α- and β-power fluctuations correlated negatively with fMRI in
occipital and parietal areas (Fig. 4C, rmin ¼ �0:67 for both).

When analyzing ‘raw’ EEG and ECoG evoked responses (not powers
but phase-sensitive signals), we observed significant correlations be-
tween the fMRI signal and raw infra-slow EEG below 0.33 Hz (Fig. 4C),
CoG, grand-average EEG and grand-average fMRI BOLD activity. Using a null
were transformed into standard normal distributed z-scores. Significant z-scores
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predominantly in temporal areas (rmax ¼ 0:51). There was also highly
significant correlation of the raw ECoG with raw EEG fluctuations over
temporal areas (Fig. 4 D, rmax ¼ 0:11). A similar IMC analysis between
raw ECoG and fMRI was not possible due to a high-pass filter of 0.6 Hz
that was applied to the ECoG data at recording time.

Finally, note that correlations between fMRI, EEG band-power and
ECoG band-power were assessed above on data sampled at 0.67 Hz so
that correlations and in particular maximum values can be compared
between methods (Fig. 4). When repeating these analyses at 256Hz
sampling frequency, we obtained similar results (supplementary
Figs. S5–S6).

Discussion

In this work, we addressed two basic questions concerning fMRI,
ECoG and EEG. First, how reliably can each imaging modality measure
responses elicited by naturalistic stimuli? Second, how similar are these
stimulus-responses in the three modalities? Our analyses identified
brain areas related to the processing of a complex audio-visual narrative
in temporal, occipital, parietal and sensori-motor areas, in line with
previous reports (Honey et al., 2012; Jacques et al., 2016). Reliable
stimulus-related activity in these areas was found not only in fMRI
BOLD signals and high-frequency power of the ECoG, but also in
low-frequency EEG and ECoG rhythms as well as in raw broad-band EEG
and ECoG voltage fluctuations. The regions involved in stimulus-related
processing are strikingly consistent between fMRI and ECoG, suggesting
that both methods pick up similar brain responses, as previously
established. This finding was further corroborated by studying correla-
tions between methods. In line with results obtained in simultaneous
fMRI-ECoG recordings in animals (Logothetis et al., 2001; Niessing
et al., 2005; Magri et al., 2012) as well as in human (Carmichael et al.,
2017), we observed positive correlations between fMRI and
high-frequency ECoG activity and negative correlations with
low-frequency ECoG. We also observed negative correlations between
EEG α band-power and BOLD in parietal, occipital and rolandic areas in
line with previous reports on simultaneous recordings (Laufs et al.,
2003; Moosmann et al., 2003; Ritter et al., 2009; Scheeringa et al.,
2009). Overall, these results are in line with the accepted notion that
fMRI and HF ECoG capture similar activity, namely, neuronal firing
(Logothetis, 2003; Nir et al., 2007; Manning et al., 2009), yet
low-frequency oscillations are qualitatively different. α-band activity in
particular is often said to reflect top-down inhibitory processes (Kli-
mesch et al., 2007; Halgren et al., 2017) that suppress neuronal firing,
and is thus negatively correlated with HF activity (Spaak et al., 2012).
Importantly, and contrary to previous work (Magri et al., 2012), here
we find that these lower frequencies are just as much correlated with
fMRI BOLD as high frequencies for the studied natural-stimulus viewing
task.

A noteworthy result of the present study is that we identified strong
stimulus-induced correlations of the BOLD signal and the infra-slow EEG
signals below 0.33 Hz (Fig. 4, panel B). Previous links between hemo-
dynamic responses and infra-low EEG had been associated with resting-
state fluctuations (Hiltunen et al., 2014), slow cortical potential such as
the contingent negative variation (Nagai et al., 2004; He and Raichle,
2009), and arterial blood pressure (Nikulin et al., 2014). Recent research
in mice has revealed that infra-slow electrophysiological activity is a
distinct neurophysiological process that is different from higher fre-
quency local field potential activity but reflected in fMRI blood oxygen
signals (Mitra et al., 2018). Most studies in this field, however, use
simultaneous recordings; correlated activity could therefore be the result
of common physiological or artifactual confounds such as heart beat,
breathing, etc. . Here, we could exclude the presence of any confound
unrelated to the cognitive task. The observed correlations between
infra-slow EEG and fMRI were most pronounced over temporal areas,
suggesting auditory and speech perception processes as drivers, though
this may be specific to the present audiovisual video stimulus.
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Benefits and limitations of inter-subject correlations

Our analyses relied on correlations between separately-acquired but
synchronized recordings within and across imaging methods. While this
framework is limiting in that it requires identical timings of all relevant
events, it does allow us to assess the similarity of signals from different
imaging methods without requiring multi-modal recordings. An advan-
tage of this approach is that one can prevent the technical complications
and significant signal-loss resulting from simultaneous recordings. More
importantly, the approach prevents task-irrelevant physiological pro-
cesses from driving the results (Hasson et al., 2004; Mukamel et al.,
2005), a concern that has been recently highlighted for fMRI, in partic-
ular during ‘resting state’ (Winder et al., 2017). The study of cognitive
processes using inter-subject correlations is well established in fMRI
(J€a€askel€ainen et al., 2008; Mantini et al., 2012; Chen et al., 2017), ECoG,
(Honey et al., 2012), EEG (Dmochowski et al., 2012; Ki et al., 2016;
Cohen and Parra, 2016), and MEG (magnetoencephalography, Lankinen
et al., 2014). As with those studies, all correlations reported here
exclusively relate to brain processes involved in processing the
audio-visual narrative. The spatial distribution of reliable brain activity
reported here must, therefore, be interpreted exclusively in terms of that
cognitive task, and should not be mistaken as representative of all brain
signals captured by the different imaging methods.

Cohort size and impact of grand-averaging

EEG and fMRI data presented here were averaged across subjects
before assessing the reliability of the task-related responses they contain.
This form of ‘grand-averaging’ is well established to analyze evoked
potentials in EEG and has recently also been used in fMRI (Schmaelzle
et al., 2017). We did not average across subjects in ECoG due to incon-
sistent electrode montages in each of the five subjects. Using
grand-averaging in EEG and fMRI, the repeat-reliability could be
increased to reach similar levels of reliability as in single-subject ECoG.
Without grand-averaging, the observed reliability of fMRI was lower than
in ECoG. This drop was even more pronounced in EEG. Note that the
sample sizes used here are typical in research studies, and are indicative
of the ease of obtaining these data for the different methods. The obvious
disadvantage of averaging is the potential loss of spatial (and functional)
resolution due to anatomical or functional misalignment across subjects,
as well as the loss of subject-level information. Whether or not
grand-averaging is a useful approach in a given neuroimaging study will
depend on this trade-off between (functional) resolutions and
signal-to-noise ratio as well as the general analysis goal.

Among the various signals analyzed here, raw EEG/ECoG times series
(above 0.6 Hz), typically referred to as ‘evoked responses’, were some-
what less reliable across stimulus repetitions, but were highly significant
compared to chance fluctuations (for the EEG, after grand-averaging).
Raw stimulus-evoked EEG activity has traditionally been studied by
averaging brain responses across many repetitions of a simple stimulus
within highly controlled experiments (Luck, 2014). More recently it has
been used with naturalistic stimuli by correlating activity between sub-
jects (Dmochowski et al., 2014; Ki et al., 2016; Cohen and Parra, 2016).
Recent evidence places the origin of these evoked responses to superficial
cortical layers with broad spatial coherence (Halgren et al., 2017), sug-
gesting a likely reason for why they dominate the scalp EEG. Here we
found that the potential fluctuations evoked by the video stimulus
correlate between EEG and ECoG, most strongly over temporal cortex.

Identifying the most reliable time-scale

We analyzed amplitude fluctuations in EEG and ECoG at the original
sampling rate of 256Hz as well as at 0.67 Hz. Low-pass filtering to the
lower sampling rate substantially increased inter-viewing and inter-
method correlations. Slow fluctuations below 0.33 Hz were found to
capture most of the stimulus-related signal in these amplitude traces.
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Interestingly, z-scores were found to be larger before low-pass filtering,
while corresponding inter-viewing correlations increased. This suggests
that z-scores are less sensitive to the power-spectrum of the stimulus-
related and noise portions of the signal, and a drop in z-scores in-
dicates that reliable activity has been removed.

Comparing reliability between imaging methods

An important advantage of z-scores over r-values is that they allow
direct comparison between datasets. For homogeneous datasets consist-
ing of a fixed number of independent samples, there is a monotonous
relationship between r-values and z-scores. Thus, comparisons of datasets
in either of the two metrics lead to the same conclusion. This is not
anymore the case if the number of samples differs between datasets, as
correlations estimated on fewer samples are more variable and therefore
reach statistical significance less easily. The same effect is caused by
dependencies between samples, which lead to increased variance by
decreasing the effective number of samples. Such dependencies are
naturally present in all neurophysiological time series, and are expressed
in dataset-specific autocorrelation spectra. Appendix A. Testing for sig-
nificant correlation between auto-correlated time series: simulation
provides a numerical demonstration that z-scores as computed here
achieve correct false-positive rates (p-values) despite different number of
samples and autocorrelation spectra. Thus, z-scores are suitable to
compare IVC in EEG, fMRI and ECoG despite differing numbers of sam-
ples and differing spectra of these signals.

In practice, the choice of the ‘right’ metric depends on one's analysis
goals. Strong correlations (if significant) are useful if one wants to predict
one time course from another, where stronger correlations imply better
predictability. This could, for example, be of practical relevance if one
wanted to approximate ECoG activity from non-invasive EEG measure-
ments. In contrast, if one is interested in statistical significance, then the
relevant metric is the z-score. For example, one may want to test if IVC
differs between task conditions. In those instances, the relevant question
is not how large or small the correlations are, but rather, how stable they
are in the face of chance fluctuations. There, a high z-score is more
relevant than a large r-value.

One limitation of the present study is that the original data were
collected in different experimental contexts. For instance, differences in
time between repetitions could have variably affected IVC for the
different modalities due to psychological effects that depend on time (e.g.
fatigue or novelty). Moreover, differing intervening stimuli (scrambled
movies vs. listening to an unrelated story) likely incurred different psy-
chological effects.

Spatial heterogeneity

The EEG, ECoG and fMRI datasets studied here strongly differ in the
number of simultaneously-acquired measurements, as well as in the
spatial domains sampled by these measurements. EEG was measured at
32 scalp sites, whereas ECoG and fMRI were assessed at about 100 intra-
cranial electrodes and thousands of brain voxels, respectively. In this
light, one of the most interesting findings of this study is that EEG signals
reached absolute levels of reliability that are comparable to levels ach-
ieved by ECoG and fMRI. A likely explanation for the competitive per-
formance of EEG is again the larger number of subjects entering the
grand-average, as discussed above.

Computation of inter-method correlations was hampered by different
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spatial coverages. fMRI signals were available from the entire brain, but
only cortical activity was used for inter-method comparisons. EEG sen-
sors pick up mixtures of activities of sources located all across the brain,
and therefore often suffer from lack of straightforward anatomical
localization. To visualize and relate EEG to ECoG and fMRI activity in a
common anatomical space, scalp EEG data were mapped to the cortical
surface using an inverse source reconstruction technique. The blurring
observed in EEG source estimates could in principle be reduced by
making prior assumption on the spatial focality of the underlying brain
sources (e.g., Haufe et al., 2008, 2011). However, it was accepted here as
being reflective of the low spatial resolution of the scalp-level data. ECoG
electrodes were available at superficial cortical locations of the left
hemisphere, with little coverage for large parts of the right hemisphere,
the medial surface of the left hemisphere, and several larger patches of
the occipital, parietal, central and frontal cortex of the left hemisphere.
Inter-method correlations involving ECoG were thus only assessed at
those locations.

Future work

Two restrictions of the present study are that we assessed only linear
relationships and only looked at co-localized anatomical structures.
Future studies may assess task-related interactions between different
brain structures (Simony et al., 2016) across imaging methods and use
non-linear measures of functional connectivity in order to better char-
acterize the mechanisms linking the neurophysiological phenomena
picked up by different methods. Using partial correlation analysis and
information theory, future studies may also attempt to dissociate
task-related signals that are method-specific from signals that are re-
flected by multiple imaging methods. Specific multivariate techniques
(e.g., McIntosh and Lobaugh, 2004; Bießmann et al., 2010; Dmochowski
et al., 2012; D€ahne et al., 2014; Lankinen et al., 2014; D€ahne et al., 2015)
could, moreover, be used to identify brain networks characterized by
maximal IVC/IMC in optimal data-driven ways.

Conclusion

Our results provide a comprehensive spatio-spectral account of the
neural correlates of natural audio-visual stimulus processing in fMRI,
ECoG and EEG, three of the most widely used neuroimaging methods in
humans. All three methods reached similar levels of reliability when data
were averaged across the subjects of each cohort. Correlations between
methods confirmed prior findings of an opposing sign of high and low
frequency electrical activity, perhaps indexing different neural mecha-
nisms (direct neuronal firing in high-frequency ECoG and fMRI BOLD,
inhibitory drive in low-frequency EEG/ECoG).
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Appendix A. Testing for significant correlation between auto-correlated time series: simulation

We assessed the validity of the statistical test for non-zero correlations between auto-correlated time series introduced in the Statistical significance
of correlations section. Two independent time series were generated either as univariate third-order linear auto-regressive (AR) processes, as Gaussian-
distributed pink noise, or as squared (non-Gaussian distributed) pink noise. The number of samples was set to either N¼ 198 or to N¼ 76,032,
amounting to a recording of 297 s length at the fMRI and EEG/ECoG sampling frequencies, respectively. For each pair of time series, 100 surrogate
datasets were constructed using phase randomization, and a p-value was derived. An alternative p-value was derived using MATLAB's corr function
under the assumption that samples are independent. For this approach, correlation scores were transformed into a Student-t distributed test statistic,
which gave rise to an analytic solution for the p-value.

Each experiment was repeated 2000 times. From the distribution of the p-values we derived the empirical false-positive rate (FPR) as a function of
the required FPR (alpha-level). For a statistical test to be exact, it is important that the relation between the two is close to identity, while undershoots of
the empirical FPR are generally more tolerable than inflated FPR's. Results shown below (Fig. A1) indicate that the statistical test based on surrogate
data is faithful to the desired alpha level for all possible FPR's and in all tested scenarios. In contrast, the standard analytic test is characterized by highly
inflated FPR's in the alpha ranges of interest in practice (α¼ 0.01, α¼ 0.05). This behavior is more pronounced for pink noise than for auto-regressive
processes, and for longer compared to shorter time series. In extreme cases, FPR's of up to 92% (pink noise data, N¼ 76,032) are observed at a nominal
alpha level of 5%.

Fig. A.1. Comparison of two approaches to test the statistical significance of correlations between auto-correlated time series: the surrogate data based
approach used throughout this paper (see Statistical significance of correlations section) and the conventional analytic approach assuming independent samples. The
surrogate based approach leads to empirical false-positive rates (FPR) that are close to the desired FPR (alpha level) regardless of the sample size or temporal dynamics
of the time series, while the conventional approach leads to strongly inflated FPR's in the practically relevant alpha ranges (α¼ 0.01, α¼ 0.05) in all cases.
References

Ashburner, J., 2007. A fast diffeomorphic image registration algorithm. Neuroimage 38
(1), 95–113.

Benjamini, Y., Hochberg, Y., 1995. Controlling the false discovery rate: a practical and
powerful approach to multiple testing. J. Roy. Stat. Soc. B 289–300.

Bießmann, F., Meinecke, F.C., Gretton, A., Rauch, A., Rainer, G., Logothetis, N.K.,
Müller, K.-R., 2010. Temporal kernel cca and its application in multimodal neuronal
data analysis. Mach. Learn. 79 (1), 5–27.

Buzs�aki, G., Anastassiou, C.A., Koch, C., 2012. The origin of extracellular fields and
currentseeg, ecog, lfp and spikes. Nat. Rev. Neurosci. 13 (6), 407–420.

Carmichael, D.W., Vulliemoz, S., Murta, T., Chaudhary, U., Perani, S., Rodionov, R.,
Rosa, M.M., Friston, K., Lemieux, L., 2017. Measurement of the Mapping between
Intracranial Eeg and Fmri Recordings in the Human Brain. BioRxiv, 237198.

Chen, J., Leong, Y.C., Honey, C.J., Yong, C.H., Norman, K.A., Hasson, U., 2017. Shared
memories reveal shared structure in neural activity across individuals. Nat. Neurosci.
20 (1), 115–125.

Cohen, S.S., Parra, L.C., 2016. Memorable audiovisual narratives synchronize sensory and
supramodal neural responses. eNeuro 3 (6). ENEURO–0203.

Cox, R.W., 1996. Afni: software for analysis and visualization of functional magnetic
resonance neuroimages. Comput. Biomed. Res. 29 (3), 162–173.

D€ahne, S., Bießmann, F., Samek, W., Haufe, S., Goltz, D., Gundlach, C., Villringer, A.,
Fazli, S., Müller, K., 2015. Multivariate machine learning methods for fusing
multimodal functional neuroimaging data. Proc. IEEE 103 (9), 1507–1530.

D€ahne, S., Nikulin, V.V., Ramírez, D., Schreier, P.J., Müller, K.-R., Haufe, S., 2014.
Finding brain oscillations with power dependencies in neuroimaging data.
Neuroimage 96, 334–348.
90
Delorme, A., Mullen, T., Kothe, C., Akalin Acar, Z., Bigdely-Shamlo, N., Vankov, A.,
Makeig, S., 2011. EEGLAB, SIFT, NFT, BCILAB, and ERICA: new tools for advanced
EEG processing. Comput. Intell. Neurosci. 2011, 130714.

Dmochowski, J., Ki, J., De Guzman, P., Sajda, P., Parra, L.C., 2017. Extracting
multidimensional stimulus-response correlations using hybrid encoding-decoding of
neural activity. Neuroimage (in press).

Dmochowski, J.P., Bezdek, M.A., Abelson, B.P., Johnson, J.S., Schumacher, E.H.,
Parra, L.C., 2014. Audience preferences are predicted by temporal reliability of
neural processing. Nat. Commun. 5, 4567.

Dmochowski, J.P., Sajda, P., Dias, J., Parra, L.C., 2012. Correlated components of ongoing
EEG point to emotionally laden attention - a possible marker of engagement? Front.
Hum. Neurosci. 6, 112.

Fonov, V., Evans, A.C., Botteron, K., Almli, C.R., McKinstry, R.C., Collins, D.L., 2011.
Unbiased average age-appropriate atlases for pediatric studies. Neuroimage 54 (1),
313–327.

Halgren, M., Fabo, D., Ulbert, I., Madsen, J.R., Eross, L., Doyle, W.K., Devinsky, O.,
Schomer, D., Cash, S.S., Halgren, E., 2017. Superficial Slow Rhythms Integrate
Cortical Processing in Humans. BioRxiv, 202549.

Harvey, B.M., Vansteensel, M.J., Ferrier, C.H., Petridou, N., Zuiderbaan, W.,
Aarnoutse, E.J., Bleichner, M.G., Dijkerman, H., van Zandvoort, M.J., Leijten, F.S.,
et al., 2013. Frequency specific spatial interactions in human electrocorticography:
V1 alpha oscillations reflect surround suppression. Neuroimage 65, 424–432.

Hasson, U., Malach, R., Heeger, D.J., 2010. Reliability of cortical activity during natural
stimulation. Trends Cognit. Sci. 14 (1), 40–48.

Hasson, U., Nir, Y., Levy, I., Fuhrmann, G., Malach, R., 2004. Intersubject synchronization
of cortical activity during natural vision. Science 303 (5664), 1634–1640.

http://refhub.elsevier.com/S1053-8119(18)30523-8/sref1
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref1
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref1
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref2
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref2
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref2
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref3
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref3
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref3
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref3
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref4
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref4
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref4
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref4
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref5
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref5
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref5
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref6
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref6
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref6
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref6
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref7
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref7
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref7
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref8
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref8
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref8
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref9
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref9
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref9
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref9
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref9
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref10
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref10
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref10
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref10
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref10
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref11
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref11
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref11
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref12
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref12
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref12
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref13
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref13
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref13
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref14
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref14
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref14
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref15
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref15
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref15
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref15
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref16
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref16
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref16
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref17
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref17
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref17
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref17
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref17
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref18
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref18
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref18
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref19
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref19
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref19


S. Haufe et al. NeuroImage 179 (2018) 79–91
Haufe, S., Nikulin, V.V., Ziehe, A., Müller, K.-R., Nolte, G., 2008. Combining sparsity and
rotational invariance in eeg/meg source reconstruction. Neuroimage 42 (2),
726–738.

Haufe, S., Tomioka, R., Dickhaus, T., Sannelli, C., Blankertz, B., Nolte, G., Müller, K.-R.,
2011. Large-scale eeg/meg source localization with spatial flexibility. Neuroimage 54
(2), 851–859.

He, B.J., Raichle, M.E., 2009. The fmri signal, slow cortical potential and consciousness.
Trends Cognit. Sci. 13 (7), 302–309.

Hermes, D., Miller, K.J., Vansteensel, M.J., Aarnoutse, E.J., Leijten, F.S., Ramsey, N.F.,
2012. Neurophysiologic correlates of fmri in human motor cortex. Hum. Brain Mapp.
33 (7), 1689–1699.

Hiltunen, T., Kantola, J., Elseoud, A.A., Lepola, P., Suominen, K., Starck, T., Nikkinen, J.,
Remes, J., Tervonen, O., Palva, S., et al., 2014. Infra-slow eeg fluctuations are
correlated with resting-state network dynamics in fmri. J. Neurosci. 34 (2), 356–362.

Honey, C.J., Thesen, T., Donner, T.H., Silbert, L.J., Carlson, C.E., Devinsky, O.,
Doyle, W.K., Rubin, N., Heeger, D.J., Hasson, U., 2012. Slow cortical dynamics and
the accumulation of information over long timescales. Neuron 76 (2), 423–434.

Huang, Y., Parra, L.C., Haufe, S., 2016. The New York Head—a precise standardized
volume conductor model for EEG source localization and tES targeting. Neuroimage
140, 150–162.

J€a€askel€ainen, I.P., Koskentalo, K., Balk, M.H., Autti, T., Kauram€aki, J., Pomren, C.,
Sams, M., 2008. Inter-subject synchronization of prefrontal cortex hemodynamic
activity during natural viewing. Open Neuroimaging J. 2, 14.

Jacques, C., Witthoft, N., Weiner, K.S., Foster, B.L., Rangarajan, V., Hermes, D.,
Miller, K.J., Parvizi, J., Grill-Spector, K., 2016. Corresponding ecog and fmri
category-selective signals in human ventral temporal cortex. Neuropsychologia 83,
14–28.

Juergens, E., Guettler, A., Eckhorn, R., 1999. Visual stimulation elicits locked and induced
gamma oscillations in monkey intracortical-and eeg-potentials, but not in human eeg.
Exp. Brain Res. 129 (2), 247–259.

Ki, J.J., Kelly, S.P., Parra, L.C., 2016. Attention strongly modulates reliability of neural
responses to naturalistic narrative stimuli. J. Neurosci. 36 (10), 3092–3101.

Kleiner, M., Brainard, D., Pelli, D., 2007. What's New in Psychtoolbox-3? Perception ECVP
Abstract Supplement, 36(0), 0.

Klimesch, W., Sauseng, P., Hanslmayr, S., 2007. Eeg alpha oscillations: the
inhibition–timing hypothesis. Brain Res. Rev. 53 (1), 63–88.

Lankinen, K., Saari, J., Hari, R., Koskinen, M., 2014. Intersubject consistency of cortical
meg signals during movie viewing. Neuroimage 92, 217–224.

Lankinen, K., Saari, J., Hlushchuk, Y., Tikka, P., Parkkonen, L., Hari, R., Koskinen, M.,
2018. Consistency and similarity of meg-and fmri-signal time courses during movie
viewing. Neuroimage 173, 361–369.

Laufs, H., Kleinschmidt, A., Beyerle, A., Eger, E., Salek-Haddadi, A., Preibisch, C.,
Krakow, K., 2003. Eeg-correlated fmri of human alpha activity. Neuroimage 19 (4),
1463–1476.

Logothetis, N.K., 2003. The underpinnings of the bold functional magnetic resonance
imaging signal. J. Neurosci. 23 (10), 3963–3971.

Logothetis, N.K., Pauls, J., Augath, M., Trinath, T., Oeltermann, A., Jul 2001.
Neurophysiological investigation of the basis of the fMRI signal. Nature 412 (6843),
150–157.

Luck, S.J., 2014. An Introduction to the Event-related Potential Technique. MIT press.
Magri, C., Schridde, U., Murayama, Y., Panzeri, S., Logothetis, N.K., 2012. The amplitude

and timing of the bold signal reflects the relationship between local field potential
power at different frequencies. J. Neurosci. 32 (4), 1395–1407.

Maier, A., Wilke, M., Aura, C., Zhu, C., Frank, Q.Y., Leopold, D.A., 2008. Divergence of
fmri and neural signals in v1 during perceptual suppression in the awake monkey.
Nat. Neurosci. 11 (10), 1193–1200.

Manning, J.R., Jacobs, J., Fried, I., Kahana, M.J., 2009. Broadband shifts in local field
potential power spectra are correlated with single-neuron spiking in humans.
J. Neurosci. 29 (43), 13613–13620.

Mantini, D., Hasson, U., Betti, V., Perrucci, M.G., Romani, G.L., Corbetta, M., Orban, G.A.,
Vanduffel, W., 2012. Interspecies activity correlations reveal functional
correspondence between monkey and human brain areas. Nat. Methods 9 (3),
277–282.

Mateo, C., Knutsen, P.M., Tsai, P.S., Shih, A.Y., Kleinfeld, D., 2017. Entrainment of
arteriole vasomotor fluctuations by neural activity is a basis of blood-oxygenation-
level-dependent resting-state connectivity. Neuron 96 (4), 936–948.

McIntosh, A.R., Lobaugh, N.J., 2004. Partial least squares analysis of neuroimaging data:
applications and advances. Neuroimage 23, S250–S263.

Mitra, A., Kraft, A., Wright, P., Acland, B., Snyder, A.Z., Rosenthal, Z., Czerniewski, L.,
Bauer, A., Snyder, L., Culver, J., et al., 2018. Spontaneous infra-slow brain activity
has unique spatiotemporal dynamics and laminar structure. Neuron 98 (2), 297–305.

Moosmann, M., Ritter, P., Krastel, I., Brink, A., Thees, S., Blankenburg, F., Taskin, B.,
Obrig, H., Villringer, A., Sep 2003. Correlates of alpha rhythm in functional magnetic
resonance imaging and near infrared spectroscopy. Neuroimage 20 (1), 145–158.
91
Mukamel, R., Gelbard, H., Arieli, A., Hasson, U., Fried, I., Malach, R., 2005. Coupling
between neuronal firing, field potentials, and fmri in human auditory cortex. Science
309 (5736), 951–954.

Muthukumaraswamy, S.D., Singh, K.D., 2009. Functional decoupling of bold and gamma-
band amplitudes in human primary visual cortex. Hum. Brain Mapp. 30 (7),
2000–2007.

Nagai, Y., Critchley, H., Featherstone, E., Fenwick, P., Trimble, M., Dolan, R., 2004. Brain
activity relating to the contingent negative variation: an fmri investigation.
Neuroimage 21 (4), 1232–1241.

Niessing, J., Ebisch, B., Schmidt, K.E., Niessing, M., Singer, W., Galuske, R.A., 2005.
Hemodynamic signals correlate tightly with synchronized gamma oscillations.
Science 309 (5736), 948–951.

Nikulin, V.V., Fedele, T., Mehnert, J., Lipp, A., Noack, C., Steinbrink, J., Curio, G., 2014.
Monochromatic ultra-slow (~ 0.1 hz) oscillations in the human
electroencephalogram and their relation to hemodynamics. Neuroimage 97, 71–80.

Nir, Y., Fisch, L., Mukamel, R., Gelbard-Sagiv, H., Arieli, A., Fried, I., Malach, R., 2007.
Coupling between neuronal firing rate, gamma lfp, and bold fmri is related to
interneuronal correlations. Curr. Biol. 17 (15), 1275–1285.

Parra, L.C., Spence, C.D., Gerson, A.D., Sajda, P., 2005. Recipes for the linear analysis of
eeg. Neuroimage 28 (2), 326–341.

Pascual-Marqui, R.D., 2007. Discrete, 3D Distributed, Linear Imaging Methods of Electric
Neuronal Activity. Part 1: Exact, Zero Error Localization. ArXiv Preprint arXiv:
0710.3341.

Penny, W.D., Friston, K.J., Ashburner, J.T., Kiebel, S.J., Nichols, T.E., 2011. Statistical
Parametric Mapping: the Analysis of Functional Brain Images. Academic press.

Ritter, P., Moosmann, M., Villringer, A., Apr 2009. Rolandic alpha and beta EEG rhythms'
strengths are inversely related to fMRI-BOLD signal in primary somatosensory and
motor cortex. Hum. Brain Mapp. 30 (4), 1168–1187.

Ritter, P., Villringer, A., 2006. Simultaneous eeg-fmri. Neurosci. Biobehav. Rev. 30 (6),
823–838.

Schaworonkow, N., Blythe, D.A., Kegeles, J., Curio, G., Nikulin, V.V., 2015. Power-law
dynamics in neuronal and behavioral data introduce spurious correlations. Hum.
Brain Mapp. 36 (8), 2901–2914.

Scheeringa, R., Bastiaansen, M.C., Petersson, K.M., Oostenveld, R., Norris, D.G.,
Hagoort, P., 2008. Frontal theta eeg activity correlates negatively with the default
mode network in resting state. Int. J. Psychophysiol. 67 (3), 242–251.

Scheeringa, R., Fries, P., Petersson, K.-M., Oostenveld, R., Grothe, I., Norris, D.G.,
Hagoort, P., Bastiaansen, M.C., 2011. Neuronal dynamics underlying high-and low-
frequency eeg oscillations contribute independently to the human bold signal.
Neuron 69 (3), 572–583.

Scheeringa, R., Koopmans, P.J., van Mourik, T., Jensen, O., Norris, D.G., 2016. The
relationship between oscillatory eeg activity and the laminar-specific bold signal.
Proc. Natl. Acad. Sci. 113 (24), 6761–6766.

Scheeringa, R., Petersson, K.M., Oostenveld, R., Norris, D.G., Hagoort, P.,
Bastiaansen, M.C., 2009. Trial-by-trial coupling between eeg and bold identifies
networks related to alpha and theta eeg power increases during working memory
maintenance. Neuroimage 44 (3), 1224–1238.

Schmaelzle, R., Imhof, M.A., Grall, C., Flaisch, T., Schupp, H.T., 2017. Reliability of Fmri
Time Series: Similarity of Neural Processing during Movie Viewing. BioRxiv, 158188.

Simony, E., Honey, C.J., Chen, J., Lositsky, O., Yeshurun, Y., Wiesel, A., Hasson, U., 2016.
Dynamic reconfiguration of the default mode network during narrative
comprehension. Nat. Commun. 7.

Snyder, A.C., Morais, M.J., Willis, C.M., Smith, M.A., 2015. Global network influences on
local functional connectivity. Nat. Neurosci. 18 (5), 736–743.

Spaak, E., Bonnefond, M., Maier, A., Leopold, D.A., Jensen, O., 2012. Layer-specific
entrainment of gamma-band neural activity by the alpha rhythm in monkey visual
cortex. Curr. Biol. 22 (24), 2313–2318.

Theiler, J., Eubank, S., Longtin, A., Galdrikian, B., Farmer, J.D., 1992. Testing for
nonlinearity in time series: the method of surrogate data. Phys. Nonlinear Phenom.
58 (1–4), 77–94.

Whittingstall, K., Logothetis, N.K., 2009. Frequency-band coupling in surface eeg reflects
spiking activity in monkey visual cortex. Neuron 64 (2), 281–289.

Winawer, J., Kay, K.N., Foster, B.L., Rauschecker, A.M., Parvizi, J., Wandell, B.A., 2013.
Asynchronous broadband signals are the principal source of the bold response in
human visual cortex. Curr. Biol. 23 (13), 1145–1153.

Winder, A.T., Echagarruga, C., Zhang, Q., Drew, P.J., 2017. Weak correlations between
hemodynamic signals and ongoing neural activity during the resting state. Nat.
Neurosci. 20 (12), 1761.

Yang, A.I., Wang, X., Doyle, W.K., Halgren, E., Carlson, C., Belcher, T.L., Cash, S.S.,
Devinsky, O., Thesen, T., 2012. Localization of dense intracranial electrode arrays
using magnetic resonance imaging. Neuroimage 63 (1), 157–165.

http://refhub.elsevier.com/S1053-8119(18)30523-8/sref20
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref20
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref20
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref20
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref21
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref21
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref21
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref21
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref22
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref22
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref22
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref23
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref23
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref23
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref23
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref24
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref24
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref24
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref24
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref25
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref25
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref25
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref25
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref26
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref26
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref26
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref26
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref26
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref27
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref27
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref27
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref27
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref27
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref27
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref28
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref28
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref28
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref28
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref28
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref29
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref29
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref29
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref29
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref30
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref30
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref30
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref31
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref31
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref32
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref32
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref32
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref32
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref33
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref33
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref33
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref34
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref34
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref34
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref34
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref35
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref35
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref35
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref35
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref36
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref36
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref36
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref37
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref37
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref37
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref37
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref38
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref39
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref39
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref39
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref39
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref40
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref40
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref40
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref40
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref41
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref41
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref41
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref41
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref42
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref42
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref42
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref42
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref42
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref43
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref43
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref43
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref43
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref44
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref44
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref44
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref45
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref45
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref45
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref45
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref46
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref46
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref46
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref46
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref47
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref47
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref47
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref47
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref48
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref48
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref48
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref48
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref49
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref49
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref49
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref49
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref50
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref50
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref50
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref50
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref51
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref51
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref51
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref51
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref52
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref52
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref52
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref52
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref53
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref53
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref53
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref54
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref54
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref54
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref55
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref55
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref56
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref56
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref56
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref56
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref57
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref57
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref57
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref58
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref58
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref58
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref58
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref59
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref59
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref59
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref59
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref60
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref60
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref60
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref60
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref60
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref61
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref61
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref61
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref61
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref62
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref62
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref62
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref62
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref62
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref63
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref63
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref64
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref64
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref64
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref65
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref65
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref65
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref66
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref66
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref66
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref66
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref67
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref67
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref67
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref67
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref67
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref68
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref68
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref68
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref69
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref69
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref69
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref69
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref70
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref70
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref70
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref71
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref71
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref71
http://refhub.elsevier.com/S1053-8119(18)30523-8/sref71

	Elucidating relations between fMRI, ECoG, and EEG through a common natural stimulus
	Introduction
	Methods
	Study subjects
	Experimental setting
	Signal acquisition
	Spatial registration
	Data preprocessing
	EEG source modeling
	Calculation of EEG/ECoG band-power
	Grand-averaging
	Inter-viewing correlation (IVC) within imaging methods
	Mappings between fMRI, ECoG and EEG spaces
	Inter-method correlation (IMC) analysis
	Statistical significance of correlations
	Visualization

	Results
	Reliability of responses within imaging methods
	Comparable repeated-reliability when averaging over typical cohort sizes
	Repeat-reliability is highly significant in all modalities, independent of sampling rate

	Similarity of responses between imaging methods

	Discussion
	Benefits and limitations of inter-subject correlations
	Cohort size and impact of grand-averaging
	Identifying the most reliable time-scale
	Comparing reliability between imaging methods
	Spatial heterogeneity
	Future work

	Conclusion
	Acknowledgements
	Appendix B. Supplementary data
	Appendix A. Testing for significant correlation between auto-correlated time series: simulation
	References


