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a b s t r a c t
We have recently proposed the evaluation of a set of information theoretic quantities (ITQs) for the
integration of simultaneously acquired EEG-fMRI data (Ostwald, D., Porcaro, C., Bagshaw, A.P., 2010. An
information theoretic approach to EEG-fMRI integration of visually evoked responses. Neuroimage. 49, 498–
516). In our previous experimental evaluation of the information theoretic framework, we deﬁned the data
subsets from which to calculate the ITQs using a priori constraints. In the case of EEG, this meant that data
were extracted from a single electrode, while for fMRI the analysed data came from voxels contained within a
sphere surrounding the most responsive voxel of visual cortex. While this approach was a natural starting
point for the evaluation of the framework in the application to combined EEG–fMRI data sets, a more
principled approach to data selection is desirable. Here, we propose to combine standard fMRI data preprocessing and low-resolution electromagnetic tomography (LORETA) for the evaluation of ITQs across the
entire three-dimensional brain space. We apply the proposed method to a simultaneous EEG–fMRI data set
acquired during checkerboard stimulation and assess the topographical informativeness of EEG (time and
frequency domain) and fMRI features with respect to the stimulus and each other. The resulting information
theoretic effect size maps are supplemented with a statistical evaluation based on Gaussian null model
simulations using a false-discovery rate procedure. Given the contamination of EEG recordings by artefacts
induced by the MR scanning environment we further assessed the inﬂuence of different advanced EEG preprocessing methods (independent component analysis and functional source separation) on the information
topography. The results of this analysis provide evidence for the topographically focussed informativeness of
both EEG and fMRI features with respect to the stimulus, but for the current feature selection do not detect
EEG–fMRI activity dependence. More advanced EEG data pre-processing rendered the feature distributions
more stimulus-informative, but did not alter the EEG–fMRI activity and conditional dependencies.
© 2010 Elsevier Inc. All rights reserved.

Introduction
Despite the considerable progress that has been made in acquiring
and combining simultaneous electroencephalography (EEG) and
functional magnetic resonance imaging (fMRI) data, methods of
integrating the data in order to fully exploit their strengths and
thereby provide a non-invasive neuroimaging tool with high spatiotemporal resolution are needed. We have recently proposed the
evaluation of a set of information theoretic quantities (ITQs) for EEG–
fMRI integration (Ostwald et al., 2010). This information theoretic
approach provides a unifying framework to address questions of
neural coding and neurovascular coupling (Schneidman et al., 2003;
Panzeri et al., 2008; Quian-Quiroga and Panzeri, 2009). Information
theoretic approaches to functional neuroimaging have a number of
advantages. For example, they are inherently single-trial oriented, and

⁎ Corresponding author. School of Psychology, University of Birmingham, UK.
E-mail address: dirk.ostwald@bccn-berlin.de (D. Ostwald).
1053-8119/$ – see front matter © 2010 Elsevier Inc. All rights reserved.
doi:10.1016/j.neuroimage.2010.12.029

hence make use of all information available in the signal (Debener et
al., 2006; Debener et al., 2007). They are model-free (although
practically some assumptions about the underlying signals are
used); they allow non-linear relationships to be investigated; and do
not per se contain assumptions about the Gaussianity of the signals (de
Araujo et al., 2003; Nevado et al., 2004; Fuhrmann et al., 2007, 2008;
Kriegeskorte et al., 2007; Rolls et al., 2009).
In our initial evaluation of the information theoretic framework for
simultaneous EEG–fMRI recordings (Ostwald et al., 2010), the data
subsets from which to calculate the ITQs were deﬁned using relatively
arbitrary a priori constraints. In the case of EEG, this meant that data
were extracted from a single electrode showing the maximal visual
evoked potential (VEP), while for fMRI the analysed data came from
voxels contained within a sphere surrounding the most responsive
voxel of visual cortex. While this approach was a natural starting
point for the evaluation of the framework in the application to combined EEG–fMRI data sets, a more principled approach to spatial data
selection is desirable. In this study, we propose to combine standard
fMRI data pre-processing and low-resolution electromagnetic
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tomography (LORETA, (Frei et al., 2001; Pascual-Marqui, 2002a,b)) for
the evaluation of ITQs across the entire three-dimensional brain space.
A full three-dimensional evaluation of the set of ITQs requires
single-trial estimates of EEG and fMRI signal features at each location (voxel) of the brain (Fig. 1). For fMRI, these estimates can be
obtained using standard data pre-processing including normalization
to a standard anatomical space, as the data are inherently threedimensional. For the EEG, however, a data transform from the electrode recordings at the scalp surface to normalized anatomical threedimensional brain space is necessary. Several distributed inverse
solutions which can estimate electrical activity features at a predeﬁned three-dimensional grid of anatomical locations exist (see
(Michel et al., 2004) for an introduction). LORETA is one such inverse
solution, which has been relatively widely used with EEG data in the
time domain, especially in its modiﬁcation as sLORETA (PascualMarqui, 2002b), but also in the frequency domain (Frei et al., 2001;
Pascual-Marqui, 2002a). Using this inverse solution, it becomes
possible to estimate single-trial electrophysiological features for
each location of the three-dimensional brain space. Subsequently,
given that both data types are projected into the same standardized
anatomical spaces (e.g. MNI space), the estimation of information
theoretic measures can proceed based on the data from corresponding
locations.
The aim of this study is three-fold: First, to demonstrate the
proposed approach to three-dimensional EEG–fMRI informationbased feature integration using data collected in a visual stimulation
(checkerboard) experiment as reported in (Ostwald et al., 2010).
Second, to extend the range of EEG features under consideration in the
information theoretic framework to the frequency domain, reﬂecting
a large body of work that exists on the co-variation of EEG frequency
domain features and the BOLD signal (de Munck et al., 2007; Feige
et al., 2005; Goldman et al., 2002; Goncalves et al., 2006; Laufs et al.,
2003, 2006). Third, to undertake a detailed assessment of three EEG
pre-processing methods on the estimation of combined EEG–fMRI
information, reﬂecting the question of EEG data quality in simultaneous EEG–fMRI recordings and their inﬂuence on inferences about
neurophysiological phenomena (Bagshaw and Warbrick, 2007;
Debener et al., 2006; Mantini et al., 2007; Porcaro et al., 2010).
The single-trial data features under consideration in this study are
a) for the EEG time-domain, the amplitude of the visually induced
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standardized current density power in a time-window of 80–120 ms
post-stimulus, corresponding to the P100 amplitude in electrode
space, b) for the EEG frequency-domain, the relative change of alpha
frequency amplitude between a pre-stimulus and post-stimulus time
window of ±1 s, and c) for the fMRI modality, the maximum of the
haemodynamic response function in a time-window of 0–16.5 s poststimulus. These features were chosen for the following reasons: ﬁrst,
with respect to the EEG modality, the interplay of visually evoked
activity, changes in spontaneous and induced alpha activity, and
haemodynamic responses remains largely elusive (Becker et al., 2008;
Nierhaus et al., 2009). Second, the amplitude of single-trial haemodynamic responses has previously been shown to be sensitive to
and informative about the stimulus contrast (Bagshaw and Warbrick,
2007; Logothetis et al., 2001; Ostwald et al., 2010), and hence is a
reasonable choice for the spatial integration attempted here. Clearly
many more EEG and fMRI features might potentially be informative
about both the stimulus and the complementary modality, but the
selected features represent the primary variables which are likely to
be most relevant.
Finally, for the integration of simultaneously acquired EEG–fMRI
data it is vital that the data are of good quality, i.e. that data artefacts
caused by the physical interactions of both recording set-ups are
attenuated as far as possible. This is especially crucial for the EEG,
which is subject to various biological (eye-movements, muscle
movements, ballistocardiogram artefact) and non-biological (gradient) artefacts during simultaneous acquisition with fMRI data.
Independent component analysis (ICA) is a blind signal processing
technique increasingly used for single-trial EEG–fMRI studies and has
been successfully incorporated into the information theoretic
analysis of EEG–fMRI data previously (Ostwald et al., 2010).
Functional source separation (FSS), a semi-blind extension of ICA,
has recently been demonstrated to reliably improve single-trial EEG
data recorded during concurrent EEG–fMRI (Porcaro et al., 2010). In
the current study, the inﬂuence of these two pre-processing
techniques on the voxel-wise estimation of information theoretic
quantities is assessed.
All custom written Matlab (The Mathworks, Natick, MA) code
used in this report is available from http://www.buic.bham.ac.uk/
downloads/EEG_FMRI_ITQ/EEG_FMRI_ITQ_Analysis.zip and the experimental data are available from openfmri.org.

Fig. 1. Conceptual framework of voxelwise information theoretic EEG–fMRI feature integration. A necessary prerequisite for the proposed scheme is a voxel single trial time course
for each modality, where voxels from both modalities can be brought into spatial correspondence. In the case of the fMRI modality, the data matches this format upon reconstruction
by the MRI scanner console, while for the EEG modality, the sensor readings have to be projected into three dimensional space based on a solution of the EEG inverse problem.
Individually for both modalities, time-domain features are extracted from the time course of each trial and voxel. Upon feature extraction, the features from both modalities at
corresponding locations enter the information theoretic analysis. The bracketed expressions represent the underlying numerical arrays, where X , Y and Z indicate the number of
voxels in x-,y-, and z-dimension of the data, Samples indicates the number of data samples of a single trial of the experiment, and Trials represents the number of individual trials
across conditions. ITQ represents the number of information theoretic quantities evaluated.
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Methods
Experimental paradigm and data acquisition
Both experimental paradigm and data acquisition have been
described previously (Ostwald et al., 2010). Brieﬂy, 14 observers were
presented with left-hemiﬁeld reversing checkerboards of two
different contrast levels, high (CMichelson = 1) and low (CMichelson =
0.25). Individual trials of the experiment consisted of a single
presentation of the stimulus for 1 s with phase reversal after 500 ms
followed by a ﬁxation period of 16.5–21 s. A total of 85 trials per
contrast condition were acquired for each observer. To maintain the
observer's attention and ensure ﬁxation, observers carried out a
simple target detection task. The experiment was conducted at the
Birmingham University Imaging Centre using a 3T Philips Achieva
Scanner. T2*-weighted functional data were collected with an eight
channel phased array SENSE head coil. EPI data were acquired from
20 slices (2.5 × 2.5 × 3 mm resolution, TR 1500 ms, TE 35 ms, SENSE
factor 2, ﬂip angle 80°) covering the entire visual cortex. Simultaneously, EEG data were recorded using a 64 channel MR compatible
EEG system (BrainAmp MR Plus, Brain Products, Munich, Germany)
with a sampling rate of 5000 Hz with an impedance at all recording
electrodes of less than 20 kΩ. The EEG data acquisition setup clock
was synchronised with the MRI scanner clock using Brain Product's
SyncBox. Two of the 14 data sets were excluded due to a technical
malfunction of the recording set-up resulting in data sets from n = 12
observers in the analyses reported below.
Data pre-processing
The EEG data were preprocessed as described previously (Ostwald
et al., 2010), which for the basic pre-processing involved gradient
artefact removal, pulse artefact correction (Optimal Basis Set method
(Allen et al., 1998, 2000; Niazy et al., 2005) as implemented as a plugin to EEGLAB (Delorme and Makeig, 2004)), low-pass ﬁltering at
25 Hz, and down-sampling to 500 Hz. In the following, EEG data
preprocessed in this manner will be referred to as ‘Basic EEG’ data.
Further, the basic EEG data underwent additional artefact correction
using Independent Component Analysis (ICA). The EEG data after this
pre-processing step will be referred to as ‘ICA EEG’ data. Finally, the
EEG data underwent another pre-processing procedure, namely
functional source separation (Porcaro et al., 2010), the resulting
data from which will be referred to as ‘FSS EEG’. For the FSS procedure
additional information is included to bias the independent component
decomposition algorithm towards solutions that satisfy physiological
assumptions. Speciﬁcally, the aim of FSS is to enhance the separation
of relevant signals by exploiting some a priori knowledge without
renouncing the advantages of using only information contained in the
original signal (Barbati et al., 2006; Porcaro et al., 2008, 2009; Tecchio
et al., 2007). The computational underpinnings of FSS are discussed in
(Porcaro et al., 2010). The criterion maximized for the independent
component solution in the present study was the VEP amplitude in
an 80–120 ms post-stimulus time-window. The single-trial VEPs
of the basic and retro-projected ICA and FSS EEG data were then
subjected to the LORETA algorithms discussed below. Single-trial
VEPs were obtained with respect to a 100 ms pre-stimulus baseline
for the time-domain features and the entire pre-stimulus period for
the frequency domain features, respectively.
SPM5 (Friston, 2007) was used for fMRI data pre-processing,
namely anatomical realignment, slice scan time correction (reference
slice 10), anatomical normalization, and re-interpolation to 7 × 7 ×
7 mm voxels to allow MNI space alignment with the EEG inverse
solutions (see below). Using the SPM5 general linear model approach,
additional high-pass ﬁltering (cut-off 1/128 Hz) and data whitening
(AR(1)-model) was implemented by pre-multiplication with the
corresponding ﬁltering matrices. As a control, in addition to the in-

formation theoretic fMRI feature analyses described below, we also
performed a conventional GLM analysis of the data. Two experimental
regressors, corresponding to the high and low contrast checkerboard
conditions were used. Voxel time-courses were modelled in an eventrelated fashion using regressors obtained by convolving each stimulus
onset unit impulse with a canonical haemodynamic response function and its ﬁrst temporal derivative. Additional nuisance covariates
included the realignment parameters to account for residual motion
artefacts and session speciﬁc means. A mixed-effects analysis was
implemented using a summary statistics approach to allow inferences
at the population level (Frison and Pocock, 1992; Mumford and
Nichols, 2009): upon estimation of the model parameters for
each subject, a subject-speciﬁc contrast image for each effect of
interest was computed. Contrast vectors for the following effects of
interest were used: Both stimuli N ﬁxation, high contrast stimulus N low
contrast stimulus. The contrast images were then subjected to a onesample t-test on the second level. Results are reported at a statistical
threshold of p b 0.05, FDR corrected for multiple comparisons.
EEG forward and inverse solutions
For the current study a solution to the EEG forward problem, i.e. a
lead ﬁeld matrix, was obtained using Curry 6.0.1 (Compumedics
Neuroscan, Charlotte, NC). Speciﬁcally, the lead ﬁeld matrix was
based on a standard boundary element model (BEM) created from
an MNI space template with a conductivity ratio brain/skull of 1/78
(conductivity parameters 0.33 Sm− 1 for scalp, 0.0042 Sm− 1 for skull,
and 0.33 Sm− 1 for brain tissue). Due to the high computational
demand of the inverse algorithms used, the resolution of the lead
ﬁeld matrix was set to 7 mm3 isotropic in PAN (L,P,S) space, which
was the highest possible spatial resolution for computing the inverse
solutions under Matlab 7.0.5 (R2007b) on a 64-bit Linux machine.
Since LORETA is inherently a smooth, low resolution inverse solution,
it is unlikely that considerable beneﬁts would be gained by using a
higher resolution matrix.
Two inverse solution algorithms were chosen to obtain estimates
of electrical brain activity based on the scalp EEG recordings: ﬁrst, in
the time domain, the standardized current density power for each
brain location was estimated using sLORETA (Pascual-Marqui, 2002b).
Assuming an instantaneous, distributed, discrete and linear solution
to the EEG inverse problem, sLORETA can provide activity estimates
for each dipole located at all pre-speciﬁed MNI voxel locations over
time. The algebraic formulation of sLORETA implemented for the
current study is reviewed in Appendix A.
Second, in the frequency domain, voxel-wise frequency power
estimates for peri-stimulus time-windows were obtained using a
LORETA-variant speciﬁcally tailored to frequency analyses (Frei et al.,
2001; Pascual-Marqui, 2002a). This inverse solution is based on a
forward model of the Fourier-transformed impressed source current
densities and capitalizes on the evaluation of their cross-spectral
matrix. The algebraic formulation of this LORETA-variant implemented for the current study is reviewed in Appendix B. In order to
validate the implementation of the LORETA algorithms, a number of
analyses were performed on simulated data, as reported in supplementary material S1.
For the computation of ITQs based on both imaging modalities at a
speciﬁc voxel location, it is essential that both data types relate to the
same anatomical location. The MNI space as deﬁned in SPM5 was used
as reference space (Friston, 2007). Speciﬁcally, the fMRI data were reinterpolated to the resolution of the EEG lead ﬁeld matrix obtained
from Curry 6.0.1 (Compumedics Neuroscan, Charlotte, NC), i.e. 7 × 7 ×
7 mm voxels ranging in the x-dimension between MNI coordinates
−63 and 70 mm, in the y-dimension between −105 and 70 mm, and
in the z-dimension between − 42 and 35 mm. A detailed description
of the MNI space alignment procedure of SPM5's and Curry's MNI
spaces can be found in the supplementary material S2.
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Table 1
Feature deﬁnitions. For the information theoretic analyses, each feature was extracted
from the data corresponding to each voxel of the respective modality.
Acronym

Deﬁnition

sCDPP100

max {post-stimulus sCDP (80–120 ms)}
αprestimulus −αpoststimulus
αprestimulus
max {post-stimulus percent signal change (0–16.5 s)}

Δα
HRFmax

Feature deﬁnition
In (Ostwald et al., 2010), a large set of time-domain features
traditionally associated with the study of VEPs was evaluated, not all
of which proved to be informative. The same approach taken here
would lead to a combinatorial explosion of the number of computations performed, as well as the number of information theoretic maps
to be evaluated. Instead, the discussion focuses on the following
features extracted from the peri-stimulus time-courses of each voxel
in each modality: a) for the EEG modality in the time-domain, the
maximum of the standardized current density time-course in a timewindow of 80–120 ms post-stimulus onset, referred to as sCDPP100, b)
for the EEG modality in the frequency domain, the relative difference
of 1 s pre-stimulus and 1 s post-stimulus alpha power (average of
frequency power of 8–12 Hz) given by
αprestimulus −αpoststimulus
Δα =
αprestimulus

ð1Þ

and c) for the fMRI modality, the maximum of the haemodynamic
response in a of 0–16.5 s post-stimulus time-window, referred to
as HRFmax, where the haemodynamic response was quantiﬁed as
BOLD percent signal change with respect to the pre-stimulus baseline
(average of the three pre-stimulus onset TR values). The feature
deﬁnitions are summarized in Table 1. It should be noted that given
the relatively low-frequency cut-off of the ﬁltered EEG data necessary
for MR artefact correction, the sCDPP100 does not contain contributions
from frequencies larger than 25 Hz.
Information theoretic analysis
The information theoretic analysis, i.e. the computation of the
mutual information of the joint and marginal distributions of two
response signal features R1 and R2 about the stimulus S (IN (S; R1, R2)
IN (S; R1) IN (S; R2) and Synergy), and the computation of the response
signal features activity dependence IN(R1 ; R2) and conditional dependence IN(R1 ; R2|S)S (see Table 2 for details) from experimental data
has been discussed in detail previously (Ostwald et al., 2010). Brieﬂy,
upon a histogram-based estimation of the stimulus conditional joint
probability distribution of the response features pN(R1, R2|S), the
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required empirical distributions are obtained by marginalization.
With respect to the free parameters of the histogram analysis, namely
the upper and lower limits of the discretization grid and the total
number of bins, the same choices as discussed in (Ostwald et al., 2010)
were made: the upper and lower limits of the response grid were set
to the maximum and minimum value of each response variable and
the number of response bins was chosen to be approximately equal to
half the number of trials per stimulus resulting in 36 response bins for
the bivariate response variable distributions. The observed probability
distributions were then subjected to the respective mutual information equations of Table 2. These so-called plug-in information
estimates were subsequently corrected for their limited sampling
bias (Panzeri et al., 2007). Speciﬁcally, a combination of PT-correction,
shufﬂing correction (IN(S ; R1, R2)) and the subtraction of the remaining biases in the analysis of a linear Gaussian null model with the
same parameters as the experiment (number of response variables,
number of stimuli, number of trials per stimulus) were employed
(Ostwald et al., 2010). Finally, for the current study, all ITQs were
evaluated in this manner for each voxel of the reference anatomical
space.

Statistical evaluation
To statistically evaluate the derived information theoretic maps (effect
size maps), voxel-wise null hypothesis testing in combination with falsediscovery rate correction for multiple comparison was employed. The
expected ITQ distributions cannot be assumed to be Gaussian, because the
information theoretic estimates are not symmetrically distributed about
zero, since, at least in principle and in the absence of bias, negative
information values do not occur. Further, as the computational demands
for a permutation based analysis would be very high, ITQ null distributions
were derived from a Gaussian null model by sampling 10,000 times and
evaluating all ITQs (model M0 from (Ostwald et al., 2010)). This resulted
in ITQ distributions reﬂecting the case of non-informative Gaussian
signals. It should be noted that these distributions (illustrated in
supplementary Fig. S3) are constant under variation of the variance
parameters of the M0 model, as they reﬂect between-simulation, rather
than within-simulation, variance. Based on these observed frequency
distributions, the corresponding Kaplan–Meier estimates of the cumulative probability functions for each ITQ were computed, and the critical
value for one-tailed hypothesis tests at an alpha error level of 0.05
determined. P-values were then assigned to all MNI space voxels for
which data from all observers exists.
To correct for multiple comparisons the resulting statistical
maps were thresholded using a false-discovery rate (FDR) procedure
(Genovese et al., 2002). Controlling the FDR is a well established
procedure for false-positive control in the neuroimaging literature
(Chumbley and Friston, 2009; Friston, 2007; Genovese et al., 2002),

Table 2
Information theoretic quantities (ITQs) considered in this study.
ITQ
I (S; R1)

Deﬁnition
∑ ∑ pðs; r1 Þ log2
s∈S r1 ∈R1

I (S; R2)
I (S; R1, R2)
Synergy

Interpretation



pðs; r1 Þ
pðsÞpðr1 Þ

pðs; r2 Þ
pðsÞpðr2 Þ


pðs; r1 ; r2 Þ
∑ ∑ ∑ pðs; r1 ; r2 Þ log2
pðsÞpðr1 ; r2 Þ
s∈S r1 ∈R1 r2 ∈R2
s∈S r2 ∈R2

IðS; R1 ; R2 Þ−ðIðS; R1 Þ + I ðS; R2 ÞÞ
IðS; R1 ; R2 Þ

〈I (R1; R2|S)〉S

∑ ∑ pðr1 ; r2 Þ log2

r1 ∈R1 r2 ∈R2
1
jSj

∑ IðR1 ; R2 j s = si Þ

si ∈S

Mutual information between stimulus and response signal feature of modality 1 (EEG)



∑ ∑ pðs; r2 Þ log2


I (R1; R2)




pðr1 ; r2 Þ
pðr1 Þpðr2 Þ

Mutual information between stimulus and response signal feature of modality 2 (fMRI)
Mutual information between stimulus and response signal features of modalities 1 and 2
Normalized difference between the mutual information between stimulus and response
variables of modalities 1 and 2 and the sum of the individual mutual information for
response signal feature 1 and response signal feature 2 (Information Dependence)
Overall mutual information between response signal features of modality 1 (EEG) and
modality 2 (fMRI) (Activity Dependence)
Average stimulus conditional mutual information between response signal features of
modality 1 (EEG) and modality 2 (fMRI) (Conditional Dependence)
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and allows control of the upper bound of the expectation of the FDR,
which is deﬁned as ratio of the number of false-positives to the total
number of statistical tests.
Results
In the following, the results of the whole-brain information
theoretic analysis based on the three features of interest introduced
above (i.e. sCDPP100 , Δα and HRFmax) will be discussed. The derived
information theoretic maps are the outcome of a series of data
conversions, e.g. for the EEG data from electrode space data to MNI
space data and from time domain data to frequency domain data, for
both modalities from raw to feature data. To assess the inﬂuence of
these various steps on the information theoretic analyses, the results
presented here are supplemented by the results displaying the
average feature effect sizes and a comparison between the electrode
and brain space EEG data. Further, when appropriate, results are
presented for all three EEG data pre-processing techniques (basic,
ICA, FSS) to demonstrate the inﬂuence of EEG data pre-processing on
the ﬁnal information theoretic analysis outcome. An in-depth
quantitative comparison of the effect of ICA and FSS on single-trial
EEG data acquired simultaneously with fMRI in a non-information
theoretic framework has been presented previously (Porcaro et al.,
2010).
Average feature effects
Evaluating the information contained in brain imaging data
features with respect to the stimulus (or another brain imaging
data feature) amounts to evaluating the ability of that feature to
differentiate between stimulus (or other signal feature) properties
for a single experimental trial. It hence provides a statistic for the
stimulus' (or other data feature) discrimininability in the presence of
noise. Nevertheless, more global signal statistics are often also
relevant, e.g. the signal's amplitude on average and its sensitivity to
various pre-processing methods. In the following section the average
effect sizes for stimulus-induced signal variations for the signal
features considered in the information theoretic analysis will be
discussed. Since EEG data are more often considered at the electrode
than the voxel level, particularly when used for fMRI integration, we
will ﬁrst consider the electrode data before moving on to the voxel
space.
EEG data in electrode space
Fig. 2 depicts the group average EEG time and frequency domain
data for electrode PO8 for each EEG pre-processing method. The
ﬁrst column depicts the time-domain signal for a peri-stimulus timewindow of −1 to 1 s. The second column depicts the pre-stimulus
induced power spectrum for the time-window −1 to 0 s, while the
third column depicts the post-stimulus induced power spectrum for
the 0 to 1 s time window. In each panel, the black trace indicates high
contrast trials, while the grey trace indicates low contrast trials. For all
processing methods, the VEP for the checkerboard onset (0 s) and
reversal (0.5 s) are clearly visible. Both ICA and FSS pre-processing
result in a slight enhancement of the VEP amplitude contrast for
the checkerboard onset P100 component. Across both stimulus
conditions ICA and FSS pre-processing result in a slight reduction of
P100 amplitude (Table 3).
The power spectra in Fig. 2 show the band-pass ﬁltering effects
(low frequency cut-off 0.25 Hz, high frequency cut-off 25 Hz) of the
basic EEG data pre-processing. Further, the overall frequency power
of the basic pre-processed EEG data is strongly reduced by the
application of ICA, and even further by FSS (Table 3), probably
reﬂecting a reduction in residual artifacts associated with scanning,
and a consequent improvement in data quality, as shown in Fig. 2.

EEG data in MNI space
While the EEG signal depicted in Fig. 2 represents the data of
a single EEG electrode, the features of interest in the information
theoretic analysis reported here were extracted from a linear
combination of the data from all electrodes, namely their LORETA
projections to brain space. For the time domain, the sLORETA
conversion results in the non-negative standardized current density
power (sCDP). It should be noted that this quantity is qualitatively
different from the electrode potential, which varies in both positive
and negative directions. The peak of the sCDP around 100 ms poststimulus, which results from the conversion of the P100 peak in the
respective electrode potentials, is hence referred to not as P100, but
sCDPP100.
Fig. 3 depicts the topography of the features, while Fig. 4(A–C)
displays the corresponding time and frequency domain representations for a speciﬁc voxel, selected as the voxel showing the strongest
stimulus-induced effects across EEG pre-processing methods.
Speciﬁcally, the topography plots depict the average feature
amplitude over trials and conditions, normalized by the variability
(quantiﬁed as the standard deviation) of the time-course at each
voxel. All methods result in the highest sCDPP100 feature values
being located in right occipital cortex, with a clearer contrast to the
remaining voxels apparent for the more advanced pre-processing
methods (ICA and FSS). For the Δα feature, the strongest
topographical focussed changes in pre- to post-stimulus alpha
power are observed for the FSS data, with a clear right occipital
focus being apparent (Fig. 3C).
While Fig. 2 demonstrated the beneﬁt of more advanced preprocessing methods at the electrode level, Fig. 4 suggests that these
effects are even more pronounced when dealing with EEG data in
voxel space. Comparing the time domain traces shown in the left hand
column of Fig. 4 shows very clearly that effective reduction of noise
artefacts from the EEG data is of paramount importance when
projecting the data into brain space. With the basic pre-processing
the sCDPP100 peak is barely distinguishable above the pre-stimulus
noise level, with ICA providing some improvement and FSS additional
beneﬁt, in line with previous work (Porcaro et al., 2010). For the
frequency domain, comparing Figs. 2 and 4 indicates a much more
prominent alpha peak in the power spectrum in the voxel-based
data. This beneﬁt is evident for all pre-processing methods. Since the
constraint employed in the FSS decomposition was temporal and
based on the P100 of the VEP, the FSS data are not optimized for
observing changes in the alpha band, which would explain the
reduction in alpha power between ICA and FSS data (as discussed
above, the ICA pre-processing employed here was quite conservative
and involved the removal of artefactual components, rather than the
identiﬁcation of speciﬁc components of interest). Despite this, it is
clear from Fig. 3 that the FSS source was able to localise changes in
alpha power successfully, indicating that it contained the majority
of the alpha power.
fMRI data in MNI space
The fMRI feature amplitude is depicted in Fig. 3D (left column).
The fMRI feature was deﬁned as the maximal amplitude in a poststimulus time-window of 0–16.5 s and hence the topography also
includes voxels which show high signal amplitudes not affected by
the stimulus, as for example the voxels containing the ventricles. This
signal variability (quantiﬁed as the standard deviation) over a 32 s
peri-stimulus time-window is depicted in Fig. 3D (right column) and
clearly indicates that right occipital voxels display the strongest
stimulus induced signal variation. Extraction of the post-stimulus
time-courses for a representative occipital voxel (approximated as
displaying the strongest stimulus-induced effects at MNI coordinates
[7–100 0]) yields the expected haemodynamic response functions
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Fig. 2. Group EEG sensor space data, electrode PO8 for all EEG pre-processing methods (A: basic pre-processing, B: additional ICA pre-processing, C: additional FSS pre-processing).
The ﬁrst column displays the time-domain signals for a peri-stimulus time-window of 1 to 1 s, the second column the frequency power spectrum in the pre-stimulus time-window of
− 1 to 0 s, and the third column the frequency spectrum in the post-stimulus time-window of 0 to 1 s.

peaking at approximately 4 to 5 s post-stimulus, as depicted in Fig. 4D.
Finally, Fig. 3 E displays the results of a mass-univariate GLM analysis
of the fMRI data carried out using SPM5. The t-value maps depict the
outcome of a random-effects analysis thresholded at p b 0.05 with FDR
correction. The left panel of Fig. 3 E depicts the result of the
comparison of high vs. low stimulus contrast, while the right panel
depicts the result of the comparison of both stimuli vs. ﬁxation

Table 3
Quantiﬁcation of EEG data pre-processing methods on time and frequency domain data
in electrode and MNI space. All quantiﬁcations were performed on the data displayed in
Figs. 2 and 4. For the amplitude features (P100 amplitude in μV, sCDPP100 amplitude in
μV/m2) the entries reﬂect the average signal amplitude in a time-window of 80–100 ms
post-stimulus onset across stimuli and subjects ± SEM across subjects For the frequency
power features, the entries reﬂect the average frequency power over the pre- and poststimulus time-windows across all frequencies of interest (1–25 Hz) or the alpha band
(8–12 Hz) across stimuli and subjects ± SEM across subjects in power units.
Basic
Electrode Space
P100 Amplitude
Power Spectrum
Alpha Power
MNI Space
sCDPP100 Amplitude
Power Spectrum
Alpha Power

7.7 (± 1.2)
52.1 (± 11.6)
88.2 (± 24.2)

174.2 (± 33.1)
31.2E–03 (± 12.5)
53.2E–03 (± 39.7)

ICA

FSS
7.5 (± 1.2)
18.5 (± 3.0)
38.1 (± 7.1)

80.9 (± 11.3)
2.0E–03 (± 0.5)
4.9E–03 (± 2.1)

5.6 (± 1.4)
1.4 (± 0.4)
2.0 (± 0.5)

23.6 (± 8.1)
1.5E–05 (± 0.4)
2.0E–05 (± 0.6)

baseline. As is evident from the ﬁgures, the voxels detected to be
modulated by both stimuli (right panel) are found in the right
occipital region, comparable to the outcome of the variability
assessment of the fMRI signal depicted in Fig. 3D (right column).
The comparison of high vs. low contrast stimuli shows comparable
results to the topography of fMRI stimulus-information (I(S ; HRFmax))
reported in Fig. 7 below (i.e. a contiguous set of right medial occipital
voxels). This result is to be expected, as it can be shown that the
likelihood ratio statistic employed within the GLM framework is
equivalent to mutual information (Friston, 2007; Ostwald and
Bagshaw, under revision). However, it should be noted that the
feature extraction approach used in the information theoretic
analyses, and the hierarchical general linear model/temporal basis
function approach used by SPM5, entail that different aspects of the
data enter the statistical evaluation and hence also subtle differences
in the results occur (e.g. the maximally informative voxel is located at
[14–98 0] (right calcarine gyrus, BA 17), while the most signiﬁcantly
activated voxel for the for the comparison of high vs. low stimulus
contrast is located at [14–84 14] (right calcarine gyrus, BA 17)).
As is evident from Fig. 3, the strongest stimulus-induced feature
effects are topographically slightly displaced for the two imaging
modalities. In general, the strongest feature effects for the EEG data
are observed slightly more lateral and anterior in comparison to the
fMRI feature maxima (Euclidean distance approximately 2 cm, i.e.
three voxels at the current resolution). However, this effect is less
prominent when comparing the GLM results for the both stimulus vs.
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Fig. 3. Topography of feature amplitudes. Figures A–C depict the respective electrophysiological features, sCDPP100 (left column) and Δα (right column), for the different EEG preprocessing methods (A Basic EEG, B ICA EEG, C FSS EEG). The panels depict the ratio of the respective feature amplitudes (sCDP, frequency power) to their standard deviation, and are
hence unit free. Figure D depicts the amplitude of the HRFmax feature (left column) as well as the variability of the fMRI signal for the same voxels (right column) in arbitrary units. All
feature amplitudes in panels A–D represent the respective group averages across trials and conditions. Fig. 3E depicts mixed-effects (group level) t-value maps for the comparisons
‘high vs. low stimulus contrast’ (left panel) and ‘both stimuli vs. ﬁxation baseline’ (right panel) as the results of a GLM analysis of the fMRI data thresholded at p b 0.05 corrected for
multiple comparisons using the FDR procedure implemented in SPM5. The white inset characters in the ﬁrst slice indicate the orientation of all slices (A: anterior, P: posterior, L: left,
R: right).

ﬁxation baseline with the EEG feature topographies. The smooth
solution provided by LORETA, however, means that there is considerable overlap between the voxels showing strong feature effect
in the two modalities.

Information theoretic quantity maps
MNI space information theoretic maps derived for all ITQs and
features of interest are presented in the following manner (Figs. 5–9):
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Fig. 4. Peri-stimulus signal time and frequency domain representations extracted from representative right occipital voxels (MNI coordinates EEG data: [25–80 0]. MNI coordinates
fMRI data: [7–100 0], coordinates identiﬁed as strongly activated voxels for the respective signal topographies). Panels A–C depict the respective electrophysiological time courses
(sCDP) for basic EEG (A), ICA EEG (B) and FFS EEG (C). As in Fig. 2, the ﬁrst column displays the time-domain signals for a peri-stimulus time-window of − 1 to 1 s, the second column
the frequency power spectrum in the pre-stimulus time-window of − 1 to 0 s, and the third column the frequency spectrum in the post-stimulus time-window of 0 to 1 s. Panel D
depicts the peri-stimulus hemodynamic response function.

the ﬁrst row of slices of each ﬁgure's panel displays the respective
voxel-wise information values in bits, i.e. the mutual information
effect size. The scaling of the information effect size was determined
to emphasize topographical features of the resulting maps. The second
row of each panel depicts the statistical evaluation (p-values) of the
effect size map based on the Gaussian null model simulations
discussed in section 2.6 and Fig. S3. This statistical map is thresholded
at p b 0.05 and FDR corrected at q = 0.5 for all information theoretic
measures, i.e. the same thresholding procedure is applied to all
measures. Finally, in some cases, a more stringent threshold can be
chosen which demonstrates the spatial topography more clearly, in
which case this was done, and included as a third row of slices. The
thresholded statistical maps are overlaid on a high-resolution (2 mm

isotropic) group average T1 image (avg152T1.nii as provided by
SPM5). For all maps, four consecutive slices, depicting approximately
the z-directional centre of the acquired EPI stack, are displayed. All
slices are oriented along the posterior–anterior brain axis from left to
right and the left to right brain axis from top to bottom. All coordinate
labels are MNI coordinates. Table 4 lists the maximally informative
voxel coordinates and extracted information values for all feature and
method combinations with their anatomical locations.
Stimulus-response characteristics: I(S ; R) topography
Fig. 5 displays the stimulus related information maps for the
sCDPP100 feature and the three types of EEG data pre-processing
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Fig. 5. I (S;P100): Stimulus-related information of the sCDPP100 feature for all pre-processing methods. A) basic EEG pre-processing, B) ICA pre-processing, C) FSS pre-processing. The
ﬁrst row of slices of each panel depicts the information theoretic effect size (mutual information in bits). The second row of slices of each panel depicts the statistical evaluation of the
effect size map thresholded at p = 0.05 (FDR corrected at q = 0.5). In the case of C) a more stringent FDR corrected statistical map at q = 10− 4 is included as third row in addition. The
white inset characters in the ﬁrst slice indicate the orientation of all slices (A: anterior, P: posterior, L: left, R: right).

(A: Basic, B: ICA, C: FSS). For all cases, a cluster of voxels in the right
occipital cortex is informative about the stimulus, and is most
pronounced for z-coordinates of 0 to 14 mm. For the basic EEG
data, none of these voxels carries information large enough to be

statistically signiﬁcant, while a few voxels survive the statistical
correction for the ICA data in the z = 14 plane. The FSS EEG data show
the most pronounced cluster of informative voxels and the highest
information estimates of all three pre-processing methods.

D. Ostwald et al. / NeuroImage 55 (2011) 1270–1286

1279

Fig. 6. I (S; Δα) Stimulus-related information of the Δα feature for all pre-processing methods. A) basic EEG pre-processing, B) ICA pre-processing, C) FSS pre-processing. The ﬁrst
row of slices of each panel depicts the information theoretic effect size (mutual information in bits). The second row of slices of each panel depicts the statistical evaluation of the
effect size map thresholded at p = 0.05 (FDR corrected at q = 0.5). The white inset characters in the ﬁrst slice indicate the orientation of all slices (A: anterior, P: posterior, L: left, R:
right).

Thresholding this statistical map at q = 0.5 indicated all voxels to be
signiﬁcantly informative. However, using a strongly conservative
threshold of q = 10− 4 again implied right occipital voxels to be
maximally and most reliably informative.
Fig. 6 depicts the stimulus-related information of the Δα frequency
power feature for all EEG data pre-processing methods. In comparison
to the sCDPP100 feature, the information estimates are lower and less
topographically focussed on right occipital cortex. However, as for the
time-domain feature, the largest information estimates are observed
for the FFS data pre-processing, with a number of voxels displaying

statistically signiﬁcant results when thresholded at q = 0.5. Although
in the un-thresholded information maps (Fig. 6C, top row) there is
some suggestion of a cluster of informative voxels in the right occipital
region, when thresholded for statistical signiﬁcance the suprathreshold voxels do not appear to be topographically meaningful. It
should be noted that the FFS procedure was applied only once and
used to optimize the functional signal-to-noise ratio in the time
domain. From this single extracted source, both time and frequency
domain EEG features were then characterized. A more rigorous
approach would be to apply separate time and frequency constraints
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Fig. 7. I (S, HRFmax) Stimulus-related information of the HRFmax feature. The ﬁrst row of slices of each panel depicts the information theoretic effect size (mutual information in bits).
The second row of slices of each panel depicts the statistical evaluation of the effect size map thresholded at p = 0.05 (FDR corrected at q = 0.5). The third row of slices of each panel
depicts the statistical evaluation of the effect size map at a more liberal FDR threshold of q = 0.7. The white inset characters in the ﬁrst slice indicate the orientation of all slices (A:
anterior, L: left, R: right).

and characterize the respective features on independent sources.
From this point of view the results for the alpha band may be suboptimal, and the relationship between sources extracted with time
and frequency domain constraints remains to be clariﬁed. Future
application of information theoretic concepts to frequency-domain
EEG data might shed light on the information gain provided by
domain speciﬁc FSS data quality optimization.
Finally, Fig. 7 displays the stimulus-related information of the
HRFmax feature. In comparison to the LORETA derived EEG feature
information maps, the informative voxels for the case of fMRI
modality are much more focussed and located slightly more ventral
in the right occipital cortex (Table 5.3). While for the common
threshold of q = 0.5 no voxels show signiﬁcant informativeness,
relaxing the threshold to q = 0.7 yielded a cluster of signiﬁcantly
informative voxel in right occipital cortex (z = 0).
Topography of feature combinations across modalities: I(S ; R1, R2)
Figs. 8 and 9 depict the stimulus related information estimates
derived from the joint distributions of sCDPP100, HRFmax and Δα,
HRFmax, respectively (A: Basic EEG, B: ICA EEG, C: FSS EEG). For I(S ;
sCDPP100, HRFmax) with the standard threshold of q = 0.5, all maps
display large numbers of signiﬁcantly informative voxels in a
topographically unspeciﬁc manner (Fig. 8). Using more conservative q-value thresholds as annotated in the Figure, however, implicates
mainly right occipital voxels in the representation of stimulus-related
information. For I(S ; Δα, HRFmax) very little topographical speciﬁcity
is observed in any of the maps (Fig. 9).
In comparison to their univariate equivalents, the estimated
information quantities are larger (Table 3) and more voxels show
signiﬁcant results at lower FDR correction q-values. For example,

in the case of the bivariate combination of the basic and ICA preprocessed sCDPP100 feature with the HRFmax feature, a large number
of signiﬁcantly informative voxels can be observed in right occipital
cortex at q = 0.08, compared to very few statistically signiﬁcant
informative voxels at q = 0.5 in the case of the univariate EEG features.
Comparing the joint distribution information theoretic maps
across EEG pre-processing methods indicates that for both timeand frequency-domain bivariate combinations, the information
estimates are largest and most topographically focussed for the case
of the EEG FSS data (Table 3).
Overall, compared to the univariate EEG stimulus-related information feature maps (Figs. 5 and 6), the combination with the fMRI
derived feature results in a generally more spatially focussed cluster of
most informative voxels, at least in the case of the observed effect
sizes (Table 3).
In line with our previous evaluation at the electrode level, the
evaluation of EEG–fMRI feature Synergy and activity/conditional
dependence (I(R1 ; R2)/I(R1 ; R2|S)S) yielded topographical null results
which are discussed in the supplementary material (Figs. S4–S6).
Discussion
In this study, we propose the voxel-wise evaluation of set of ITQs
for the integration of EEG and fMRI data following their projection
into a standardized anatomical space. The framework was practically
applied to a set of three data features, the standardized current
density power equivalent of the P100 (sCDPP100), the change in alpha
power for a 1 s pre- and post-stimulus time window (Δα) and the
maximum of the post-stimulus haemodynamic response function
(HRFmax) acquired under low and high contrast checkerboard
stimulation. The analyses revealed topographically speciﬁc stimulus-

Fig. 8. I (S; sCDPP100, HRFmax) Stimulus-related information of the sCDPP100/HRFmax feature joint distribution for all EEG pre-processing methods. A) basic EEG pre-processing, B) ICA
pre-processing, C) FSS pre-processing. The ﬁrst row of slices of each panel depicts the information theoretic effect size (mutual information in bits). The second row of slices of each
panel depicts the statistical evaluation of the effect size map thresholded at p = 0.05 (FDR corrected at q = 0.5). Finally, the third row of each panel depicts the statistical map at a
more stringent FDR threshold to emphasize topographical features as annotated. The white inset characters in the ﬁrst slice indicate the orientation of all slices (A: anterior, P:
posterior, L: left, R: right).
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Table 4
Maximal informative voxel coordinates and information values for the different feature and method combinations employed, evaluated over the entire scan volume. The Brodmann
Area (BA) and anatomical locations corresponding to the respective MNI coordinates were determined using the SPM Anatomy Toolbox V1.7 (Eickhoff et al., 2005).

I(S; sCDPP100)RAW
I(S; sCDPP100)ICA
I(S; sCDPP100)FSS
I(S; Δα)RAW
I(S; Δα)ICA
I(S; Δα)FSS
I(S; HRFmax)
I(S; sCDPP100, HRFmax)RAW
I(S; sCDPP100, HRFmax)ICA
I(S; sCDPP100, HRFmax)FSS
I(S; Δα, HRFmax)RAW
I(S; Δα, HRFmax)ICA
I(S; Δα, HRFmax)FSS
I(sCDPP100; HRFmax)RAW
I(sCDPP100; HRFmax)ICA
I(sCDPP100; HRFmax)FSS
I(Δα; HRFmax)RAW
I(Δα; HRFmax)ICA
I(Δα; HRFmax)FSS
b I(sCDPP100; HRFmax|S) N RAW
b I(sCDPP100; HRFmax|S) N ICA
b I(sCDPP100; HRFmax|S) N FSS
b I(Δα ;HRFmax|S) N RAW
b I(Δα ;HRFmax|S) N ICA
b I(Δα ;HRFmax|S) N FSS

MNI X

MNI Y

MNI Z

BA

Anatomical Location

Information (bits)

28
28
0
56
56
− 49
14
14
14
14
14
14
14
28
7
− 28
56
− 21
− 49
42
− 42
49
42
42
42

− 77
− 77
− 56
14
0
− 63
− 98
− 98
− 98
− 98
− 98
− 98
− 98
−7
14
35
7
− 77
7
− 42
49
− 14
− 84
− 84
− 84

35
28
35
0
−7
0
0
0
0
0
0
0
0
7
14
−7
14
35
− 21
21
7
− 14
− 14
− 14
− 14

–
–
7A
44
TE
–
17
17
17
17
17
17
17
–
–
–
44
7A
–
–
–
–
hOC4v
hOC4v
hOC4v

Right superior occipital gyrus
Right middle occipital gyrus
Right precuneus
Right inferior frontal gyrus
Right superior temporal gyrus
Left middle temporal gyrus
Right calcarine gyrus
Right calcarine gyrus
Right calcarine gyrus
Right calcarine gyrus
Right calcarine gyrus
Right calcarine gyrus
Right calcarine gyrus
Right putamen
Right caudate nucleus
Left inferior frontal gyrus
Right rolandic operculum
Left superior occipital gyrus
Left temporal pole
Right superior temporal gyrus
Left middle frontal gyrus
Right middle temporal gyrus
Right inferior occipital gyrus
Right inferior occipital gyrus
Right inferior occipital gyrus

0.036
0.034
0.143
0.035
0.028
0.035
0.045
0.116
0.113
0.230
0.132
0.118
0.138
0.043
0.045
0.051
0.036
0.037
0.033
0.144
0.150
0.143
0.161
0.159
0.157

related information for both the features' marginal and joint
distributions, for the EEG data predominantly under the use of more
advanced pre-processing methods. The inter-modality information
analyses remain inconclusive, with no spatial preference of the
respective feature combination's activity or conditional dependence.
The approach introduced here has the advantage over the
previously proposed use of an information theoretic approach to
EEG–fMRI integration (Ostwald et al., 2010) that it does not require a
priori constraints on the data selection. Previously, data were selected
from a single EEG electrode which showed the maximum VEP, and
fMRI voxels contained within a sphere centred on the maximum
response in a standard GLM analysis. This contains an implicit, strong
assumption regarding the spatial correspondence between EEG and
fMRI, namely that there is an underlying relationship between the
electrical data recorded over the occipital region and the haemodynamic data recorded within visual cortex. While this assumption is at
ﬁrst sight reasonable, it is not clear that it necessarily holds true when
examined at the level of single trial data. As well as issues directly
related to neurovascular coupling at the macroscopic level, the signal
recorded by a scalp electrode contains contributions from a relatively
wide area of cortex (Gloor, 1985) not all of which is likely to have a
detectable haemodynamic response (Nunez and Silberstein, 2000). By
incorporating EEG source localisation into the information theoretic
framework, the effect of these issues is reduced, potentially allowing a
more principled investigation of the relationship between EEG and
fMRI. The results presented in this study demonstrate that such an
approach is feasible and that the cortical regions known to be involved
in the simple task we employed are highlighted as containing
stimulus-relevant information.
For the EEG time-domain, the current study analysed the same
data as discussed in (Ostwald et al., 2010), however, with important
differences in data pre-processing and feature selection (i.e. based on

electrode ICA data in (Ostwald et al., 2010) and using FSS and
sLORETA in the current study). Perhaps unsurprisingly given the
different input data, there are some discrepancies between the studies
in terms of magnitude and behaviour of the calculated ITQs. In
particular, it was previously found that the fMRI data were more
informative than the EEG data regarding the stimulus contrast,
whereas the reverse was found in the current study. There are two,
probably complementary, explanations for this. On the one hand, the
EEG data used in the current study were pre-processed using FSS
rather than ICA, which we have shown greatly improves the quality of
data acquired in the MRI scanner (Porcaro et al., 2010). In addition, in
the previous study we extracted fMRI data from voxels selected on an
individual subject basis as having the highest stimulus response in a
GLM analysis. In the current analysis, fMRI data were extracted from
coordinates deﬁned by the group activation, which is likely to lead to
less optimal data regarding stimulus informativeness. The issue here
is one of inter-subject spatial heterogeneity in the fMRI response,
although the low spatial resolution used in the current study should
reduce its effect on the calculation of ITQs. The improvement in EEG
data quality using FSS will certainly lead to improved calculation of
ITQs, as demonstrated previously for the comparison with raw and
ICA-processed data (Porcaro et al., 2010).
The results regarding activity dependence (Fig. S5) indicate that, at
the level of the false discovery rate threshold used, there were no
brain regions in which the P100 amplitude was informative about
the HRF amplitude. This is in accordance with our previous work,
where the absolute values of activity dependence were low and not
signiﬁcantly different to zero (Ostwald et al., 2010), see also
(Whittingstall et al., 2007). This null result highlights the need for
a more detailed investigation of the EEG signal space to identify
features which carry information about the haemodynamic response.
The spatiotemporal framework outlined here allows this issue to be

Fig. 9. I (S; Δα, HRFmax) Stimulus-related information of the sCDPP100/HRFmax feature joint distribution for all EEG pre-processing methods. A) basic EEG pre-processing, B) ICA preprocessing, C) FSS pre-processing. The ﬁrst row of slices of each panel depicts the information theoretic effect size (mutual information in bits). The second row of slices of each panel
depicts the statistical evaluation of the effect size map thresholded at p = 0.05 (FDR corrected at q = 0.5). Finally, the third row of each panel depicts the statistical map at a more
stringent FDR of q = 0.05. The white inset characters in the ﬁrst slice indicate the orientation of all slices (A: anterior, P: posterior, L: left, R: right).
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addressed explicitly, to identify when and where the EEG signal is
related to the fMRI signal. One feature that is likely to be relevant in
this context is EEG activity in the gamma band (~30–100 Hz), which
has previously been suggested to be particularly informative about
the BOLD response (Muthukumaraswamy et al., 2009; Swettenham
et al., 2009). While the current analysis was restricted to frequencies
below 25 Hz for technical reasons, it is to be expected that in the
future the usable bandwidth of EEG concurrently recorded with
fMRI will increase. The framework that has been presented here,
exempliﬁed by the analysis of the alpha band activity, is readily
generalisable to take account of these technical improvements.
We note that the estimation of the conditional dependence
(Fig. S6) across the whole-brain volume appears uniformly
positively biased, yielding a uniform pattern of statistical signiﬁcance at the current false-discovery threshold. This result is most
likely due to non-optimal information estimation and bias correction. We are currently investigating the application of Gaussian
mixture models for the estimation of information from continuous,
analogue brain signals and hope to clarify this point in a future
communication.
Two recent studies have proposed approaches to combined EEG–
fMRI data with some similarities to the scheme proposed here
(Esposito et al., 2009; Martuzzi et al., 2009). However, while both
previous studies propose the projection of EEG electrode data into
an anatomical space in alignment with the fMRI data, they differ
with respect to how the integration of the two modalities is achieved.
Speciﬁcally, in (Martuzzi et al., 2009) the authors use a different
approach to estimate intracranial source activations, in their case
estimated intracranial local ﬁeld potentials (eLFPs) based on the
ELECTRA algorithm (Grave de Peralta et al., 2000; Grave de Peralta
et al., 2004). In order to integrate data from both modalities, the
authors then compute a similarity index between the statistical
activation maps obtained from EEG and fMRI data analysis for
(occipital) regions of interest. While this is a sensible approach to
compare the outcome of the application of statistical procedures to
data from both modalities, the information theoretic framework
allows a more direct evaluation of the information provided by the
joint observation of the two modalities with respect to the stimulus
in the quantities IN(S ; R1, R2) and Synergy. In (Esposito et al., 2009), the
authors use another projection of EEG sensor data into anatomical
space, namely a cortically constrained distributed inverse model
based on the minimum L2-norm approach (Dale et al., 2000). To
integrate EEG and fMRI data, the authors then extract single-trial
features from the estimated source time-courses and enter these into
a mass-univariate GLM analysis. Again, the procedures proposed in
the current study are more direct, in that they assume a voxel-byvoxel correspondence of the reconstructed EEG and fMRI signal.
However, the general approach of integrating EEG–fMRI data by
working in a standard, common space appears to be feasible and have
some advantages over more restricted methods.
There are a number of ways in which the procedures described here
can be improved in future research. First, as discussed in (Ostwald
et al., 2010), a bias correction approach tailored to the peculiarities
of EEG and fMRI data is desirable. The approach taken in this and the
previous study is relatively straightforward to implement, but seems
to lead to over-correction of some ITQs. As discussed above, some
improvement might be observed by applying entropy estimation
procedures for Gaussian mixture models, a topic we are currently
investigating.
Second, computational constraints limited the analysis to a resolution of 7 mm isotropic, but this is a purely practical issue. Higher
resolution analyses will be possible with improved hardware and
potentially distributed processing. However, it should be noted that
given the relatively low resolution of EEG source localisation, it is
debatable whether a considerably higher spatial resolution would be
beneﬁcial.

Finally, there a considerable number of inverse solutions in
addition to LORETA, as well as additional improvements to be gained
by the use of individual geometry in the forward model (Fuchs et al.,
1998, 2001). Improvements in the spatial accuracy of the EEG source
localisation might help to optimize the proposed information
theoretic analysis scheme, while inverse solutions more amenable
to the localisation of spectral data, such as beamforming (Brookes
et al., 2008; Hillebrand and Barnes, 2005) would allow an additional
level of inter-modality comparison. It is possible that the low
information values observed when calculating the inter-modality
comparisons I(R1 ; R2) could have been the result of inaccuracies in the
EEG inverse solution leading to a spatial mismatch between EEG and
fMRI, an issue that could be improved using more accurate forward
models rather than a standard head model. However, as demonstrated in Figs. 3 and 5, there was considerable overlap between the voxels
with large effect sizes in fMRI and EEG, primarily as a result of the
smoothness of the LORETA solutions, suggesting that this is not
the primary explanation for the lack of correspondence between EEG
and fMRI.
In conclusion, the feasibility of integrating EEG–fMRI data within an information theoretic framework across the entire threedimensional brain space and at the group level was demonstrated.
Regions demonstrating signiﬁcant stimulus-related information were
anatomically well localised with both data acquisition modalities.
No regions were identiﬁed in which the EEG features were activity
dependent regarding the amplitude of the HRF, corroborating our
previous work at the electrode level (Ostwald et al., 2010). The
formalism described here provides a methodology for identifying
spatiotemporal or spatiospectral relationships between EEG and fMRI
in terms of information content which utilises all of the available EEG
data, rather than that selected a priori from a single electrode. This
approach may help to uncover a more detailed picture of the regional
co-variation between electrical and haemodynamic measures of brain
function.
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Appendix A. sLORETA
Following (Pascual-Marqui, 2002b) we review the time-domain
sLORETA inverse solution. Assuming linear superposition of potentials, the electrode potentials at a given time point t  R at the scalp
surface are given by

V ðt Þ = LJ ðt Þ + c1

ðA:1Þ

Denoting the number of electrodes as NE and the number of
voxels as NV, Eq. (A.1) describes the electrode potentials V ðt Þ∈RNE ×1
as the matrix product of the lead ﬁeld matrix L∈RNE ×ð3NV Þ and the
current density vector J ðt Þ∈R3NV ×1 plus a constant offset given by c1,
where c ∈ R and 1 ∈ RNE is a vector of ones. The experimentally
obtained data is represented by V(t), while the data projected into
three-dimensional brain space is an estimate for J(t).
The lead ﬁeld matrix L∈RNE ×ð3NV Þ is a time-invariant solution to
the EEG forward problem and has the following structure
0

l11 l12
B l21 l22
L=B
@…
lNE 1 lNE 1

1
… l1NV
… l2NV C
C
A
…
… lN E N V

ðA:2Þ
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with lij ∈R1×3 for i = 1,..., NE and j = 1,..., NV. The entries lij in the lead
ﬁeld matrix represent the projection from the dipole moments at
the jth voxel to the ith electrode. Speciﬁcally,
lij =



lijx

lijy

lijz



ðA:3Þ

where is the scalp electric potential at the ith electrode, due to a unit
strength x-oriented dipole at the jth voxel, and correspondingly for lyij
and lzij.
sLORETA itself is based on the explicit minimization of the function
2

F ð J ðt ÞÞ = ‖V ðt Þ−LJ ðt Þ−c1‖ + α‖J ðt Þ‖

2


h
i⊥ 
^
T
T
V ðt Þ
J ðt Þ = L H HLL H + αH


⊥
T
LL + αH L

ðA:6Þ

sLORETA then corresponds to the following estimate of standardized
current density power
^T

sCDPj ðt Þ = J ðt Þl

h i −1
^
S^J
J ðt Þl
jj

ðA:7Þ

^

where
J ðt Þl ∈ R3×1 is the current density estimate at the jth voxel and
h i
SJˆ ∈ R3×3 is the jth diagonal block of matrix SJˆ.
jj

In essence, given the data of electrical potentials at all electrodes
V(t) at time t ∈ R, the standardized current density estimate at all
voxels is given by matrix products of V(t) and the lead-ﬁeld matrix
inverse.
Appendix B. Frequency-domain LORETA
Following (Pascual-Marqui, 2002a), we review the frequencydomain LORETA inverse solution. Let F∈CNT ×NT denote the discrete
Fourier transform operator for a time-domain signal of NT time points
and let Ĵ∈R3NV ×NT denote the matrix of all estimated primary
impressed current densities at all voxels 1, …, NV and time points 1,
…, NT. Further, let V∈RNE ×NT denote the matrix of all sensor potentials
at all time points of an EEG epoch of interest. The Fourier transform of
the current densities is then given by
ĴF = TVF

ðB:1Þ



⊥ 
∈R3NV ×NT (this formulation of the
where T = LT H HLLT H + αH
pseudo-inverse assumes that the discrete Laplacian matrix B and the
lead ﬁeld normalizing matrix W in (Pascual-Marqui, 2002a) are set to
the respective identity matrices). Equivalently, let Ĵ ω and Vω denote
the frequency domain representation of the impressed current
densities Ĵ and sensor potentials V, respectively, i.e. the columns of
Ĵ ω and Vω correspond to all discrete frequencies. Then (5.13) can be
equivalently written as
Ĵ ω = TVω

N ×1

and and Vωi ∈ C E . As for any discrete Fourier
with Ĵ ωi ∈ C V
transform, although there are NT discrete frequencies, half of them are
N ×1
conjugates of the other half, and hence redundant. Let Vωi ∈ C E
denote the discrete Fourier transform of a given EEG epoch with NT
samples and frequency ωi. From equation (5.15) the cross-spectral
matrix of the primary impressed current densities S^J ∈ C3NV ×3NV can
ωi
then be derived as follows
SJˆ =
ωi

1 N

∑
Ĵ Ĵ
φ i = 1 ωi ωi

ðB:4Þ

Appendix C. Supplementary data
ðA:5Þ

where ⊥ denotes the Moore-Penrose pseudo-inverse, and H =
T
I− 11
∈RNE ×NE denotes a centring matrix.
1T 1
Further, the variance of the estimated current density is given by
T

ðB:3Þ

Ĵ ωi = TVωi

ðA:4Þ

where α ≥ 0 ∈ R denotes a regularization parameter and ‖ ‖ denotes
an lp-Norm. The explicit solution to this minimization problem is
given by the matrix product

SJˆ = L

where Ĵ ω ∈ C3NV ×NT and Vω ∈ CNE ×NT . For a single discrete frequency ωi
expression (B.2) is equivalent to

3N ×1

lxij
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ðB:2Þ

Supplementary data to this article can be found online at
doi:10.1016/j.neuroimage.2010.12.029.
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