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Abstract Functional magnetic resonance imaging (fMRI)

and magnetoencephalography (MEG) are neuroimaging

techniques that measure inherently different physiological

processes, resulting in complementary estimates of brain

activity in different regions. Combining the maps generated

by each technique could thus provide a richer under-

standing of brain activation. However, present approaches

to integration rely on a priori assumptions, such as

expected patterns of brain activation in a task, or use fMRI

to bias localization of MEG sources, diminishing fMRI-

invisible sources. We aimed to optimize sensitivity to

neural activity by developing a novel method of integrating

data from the two imaging techniques. We present a data-

driven method of integration that weights fMRI and MEG

imaging data by estimates of data quality for each tech-

nique and region. This method was applied to a verbal

object recognition task. As predicted, the two imaging

techniques demonstrated sensitivity to activation in dif-

ferent regions. Activity was seen using fMRI, but not

MEG, throughout the medial temporal lobes. Conversely,

activation was seen using MEG, but not fMRI, in more

lateral and anterior temporal lobe regions. Both imaging

techniques were sensitive to activation in the inferior

frontal gyrus. Importantly, integration maps retained acti-

vation from individual activation maps, and showed an

increase in the extent of activation, owing to greater sen-

sitivity of the integration map than either fMRI or MEG

alone.

Keywords Functional MRI � Magnetoencephalography �
Multimodal Neuroimaging � Language

Introduction

Available neuroimaging technologies possess inherent

profiles of sensitivity to regional activation that are based

on their mechanics and the properties of the signals they

measure. For example, fMRI measures blood-oxygen-level

dependent (BOLD) contrast, which is strongly associated

with neural activity (Logothetis et al. 2001). While fMRI is

considered to have very good spatial resolution overall, its

sensitivity varies across different brain regions. Most

strikingly, fMRI suffers from magnetic susceptibility arti-

facts in brain areas near air-tissue interfaces (e.g., sinuses

and ear canals), which can lead to signal dropout and

reduced sensitivity in nearby regions (Devlin et al. 2000;

Brewer et al. 2009, 2012).

Alternatively, magnetoencephalography (MEG) is sen-

sitive to the magnetic fields induced by neuroelectric cur-

rent flow. Concerns surrounding the localization of MEG

data stem from the inverse problem, which has no unique

& Sean R. McWhinney

sean.mcw@dal.ca

Timothy Bardouille

tim.bardouille@dal.ca

Ryan C. N. D’Arcy

rdarcy@sfu.ca

Aaron J. Newman

aaron.newman@dal.ca

1 Department of Psychology and Neuroscience, Dalhousie

University, 1355 Oxford Street, Halifax, NS B3H4R2,

Canada

2 IWK Health Centre, Biomedical Translational Imaging

Centre, 5850/5950 University Avenue, Halifax, NS B3K6R8,

Canada

3 Simon Fraser University and Surrey Memorial Hospital,

School of Engineering Science, 13450 102nd Avenue, Suite

400, Surrey, BC V3T0H1, Canada

123

Brain Topogr (2016) 29:1–12

DOI 10.1007/s10548-015-0457-z

http://crossmark.crossref.org/dialog/?doi=10.1007/s10548-015-0457-z&amp;domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1007/s10548-015-0457-z&amp;domain=pdf


solution for any given magnetic field distribution.

Nonetheless, using recent techniques MEG is capable of

estimating the most likely solution and localizing neural

activity at a level of accuracy that is comparable to the

resolution of fMRI (Cheyne et al. 2007; Quraan et al. 2011;

Bardouille et al. 2012). Unsurprisingly, this accuracy also

varies by region and signal depth, due in part to the fact

that magnetic field strength decreases with the square of the

distance between source and sensor (Whittaker 1951).

Consequently, MEG has greater sensitivity to neocortex

than to deeper regions such as the hippocampus and mes-

encephalon (Hamalainen et al. 1993). Further, MEG sig-

nals primarily result from synchronous neural activity,

while fMRI instead reflects ongoing metabolic demands.

Such technical and physiological differences underscore

the complementary nature of the two techniques, and the

need to consider both when evaluating activity in disparate

regions.

Due to their complementary capabilities, there is a

general consensus that it is beneficial to integrate results

from neuroimaging technologies with divergent sensitivity

profiles. In clinical applications such as presurgical map-

ping for epilepsy (D’Arcy et al. 2012), the need for mul-

timodal neuroimaging is clear. Several studies have

focused on developing approaches for the integration of

information from multiple imaging methods. For example,

a number of methods constrain MEG or EEG source

localization using fMRI data to yield activation maps that

have both high temporal and spatial resolution (Dale et al.

2000; Fujimaki et al. 2002; Liu et al. 2006; Freeman et al.

2009; Henson et al. 2010; Ou et al. 2010). While EEG does

not suffer from the same insensitivity to deep sources that

MEG does and provides a more isotropic sensitivity profile,

spreading of electrical potential across the scalp hinders

source localization. Furthermore, the inverse problem

applies to both techniques. Constraining source localization

helps to overcome some of the assumptions required for

MEG but risks missing activation that MEG or EEG, but

not fMRI, can detect. In doing so these methods unneces-

sarily restrict sensitivity. Given that MEG and fMRI have

shown high concordance in regions to which both are

sensitive, these constraints may be detrimental in regions

where fMRI is known to be problematic (Grummich et al.

2006; Pang et al. 2011).

One attempt to overcome the concerns surrounding

fMRI-invisible sources employs a Parametric Empirical

Bayesian framework, using MEG or EEG data to estimate

Gaussian parameters defining source activity (Henson et al.

2010). This encompasses a two-level (sensor and source

level) linear estimation of source activity for fusion with

fMRI data. The result is thousands of estimated dipole

currents distributed over a two-dimensional cortical sur-

face. FMRI data are subsequently used as spatial priors to

guide the MEG or EEG inversion. This allows for ‘‘soft’’

constraints, but assumes MEG source location using fMRI

nonetheless. Furthermore, MEG sources are strictly boun-

ded to the cerebral cortex, disregarding subcortical activity

entirely.

Alternatively, neural activity can be estimated using a

generative model of electrophysiology and hemodynamics

to integrate fMRI and MEG data (Bojak and Oostendorp

2011). This method simulates a neural mesh over a patch of

cortex to predict the resultant EEG/MEG and BOLD

response at that location, and in some situations may be

used to reverse-code datasets into a common framework.

This method relies on models of expected connectivity and

electrical conduction, and may not be appropriate for

populations with neurological conditions, traumatic brain

injury, who have undergone surgery, or who take medi-

cations that alter brain functioning. These limitations

restrict its use for applications such as presurgical mapping.

Nonetheless, efforts to combine technologies should opti-

mize for their respective strengths, especially in terms of

spatial sensitivity when source location is in question (Dale

et al. 2000; Grummich et al. 2006; Freeman et al. 2009).

An overall increase in multimodal sensitivity to activation

across the brain can be gained by utilizing the greater

sensitivity of fMRI than MEG to deep structures, and the

greater sensitivity of MEG where magnetic susceptibility

artifacts are present.

The goal of the present study was to provide a method of

integration that combined the spatial sensitivity profiles of

fMRI and MEG, accurately representing the spatial char-

acteristics of activation according to each technique using a

common statistical framework. The spatial limitations of

the techniques described above necessitated an asymmetric

weighting scheme to allow simultaneous de-weighting of

spurious activation in problematic regions and compensa-

tion in these regions when one technique is better suited

than the other. Thus, requirements included 3D statistical

maps of activity for each technique, and data-driven esti-

mates of quality for each region that can subsequently be

used for weighting the maps differentially across space.

Furthermore, it is required that these maps be in a common

spatial and temporal framework, in our case each repre-

senting activity in a 3D grid, where statistical activation

can be weighted by data quality at each point. Normality of

the resultant distribution was compared to that of the

original statistical maps, as to our knowledge this method

of weighting statistical values is novel. To this end, the

contrast-to-noise ratio (CNR) was calculated in each voxel,

per modality, and used in a weighting function for the data

sets. The result was a source weight that is entirely data-

driven and region-dependent. This allowed for the contri-

butions of regions that had low data quality in one tech-

nique to be de-weighted relative to the other. Because CNR
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estimates are derived from individual data, potential sub-

ject-to-subject differences in sensitivity (e.g., due to anat-

omy or position in the scanner) were also accounted for by

this technique, while making no a priori assumptions

regarding regional sensitivity differences.

While other methods aim to combine the temporal res-

olution of fMRI with the spatial resolution of MEG, those

methods remain insensitive to fMRI-invisible sources in

space. Instead, the present method attempted to maximize

spatial sensitivity in problematic regions by representing

MEG data in three dimensions for integration with fMRI.

The method is therefore best suited to applications less

concerned with timing information such as pre-surgical

mapping. Accordingly, we demonstrated the results of this

approach to data from a presurgical mapping study of

language processing (D’Arcy et al. 2012). The visual

working memory task engaged a number of neurocognitive

systems, including visual processing, object recognition,

lexical access, covert speech production, and memory

encoding. These task demands are known to activate

occipitotemporal cortex, left inferior temporal lobe regions

(including the fusiform gyrus, hippocampus, and parahip-

pocampal gyrus), and the left inferior frontal gyrus (Squire

1992; Bar et al. 2001; Grill-Spector et al. 2001; Bellgowan

et al. 2009; Chouinard et al. 2009). Subjects performed the

task once during MEG and once during fMRI recording,

allowing us to evaluate data quality across the brain using

contrasted intact and scrambled stimuli. We predicted

activation in all of the brain regions mentioned above. We

further predicted that fMRI and MEG would show differ-

ential sensitivity to activation in predicted temporal lobe

regions. For example, fMRI would show greater sensitivity

to deeper structures such as the hippocampus, while MEG

would show greater sensitivity in regions of the ventral

temporal lobes. Outside of these regions, we predicted a

greater spatial extent of activation in the combined map

than in either imaging technology alone, owing to

increased sampling at each region.

Materials and Methods

Ethics Statement

The IWK Health Centre and National Research Council

Canada research ethics boards approved this research. All

participants provided written informed consent to participate.

Participants

Participants included 10 adults (4 male) with a mean age of

28.4 years (range = 20–48; SD = 9.3). All participants

were right handed (Oldfield 1971), reported no history of

illness affecting brain function, were fluent in English, and

had normal or corrected to normal vision.

Experimental Design

MEG and fMRI data were collected in two separate ses-

sions on the same day, with MEG collected first to avoid

magnetization effects. In both MEG and fMRI, participants

performed a short-term memory task with namable and

scrambled visual stimuli. The design of the experiment was

identical between MEG and fMRI scanning, with the

exception that the timing of trials differed to accommodate

the constraints of each imaging technology. Figure 1 pro-

vides an overview of the task. Half of the trials included

pictures of namable items (Rossion and Pourtois 2004),

while the other half included scrambled, unidentifiable

versions of the same items. Scrambled items were created

by dividing each image into a 14 9 14 grid and randomly

repositioning each cell to a different grid location.

Each trial consisted of three phases. First was an

encoding phase, in which three images were shown

sequentially for 1 s each. Importantly, the structure of the

encoding phase did not change between scans. During a

subsequent rehearsal phase, participants were instructed to

covertly recite the names of namable stimuli. For scram-

bled stimuli, participants were instructed to remember the

visual aspects of stimuli instead. The rehearsal phase had a

variable length (3–4 s in MEG; 6–12 s for fMRI, selected

from a uniform random distribution). Following this, the

response phase occurred, in which a probe image was

presented that was either novel (50 %) or was present

during the encoding phase (50 %). Participants used their

left or right index fingers to respond, indicating whether or

not they remembered the probe item from the encoding

phase. The assignment of left and right buttons to indicate

new or old images was pseudo-randomized and counter-

balanced across participants. Participants had 2 s to make a

response, and the probe image remained on the screen

during this time. In the fMRI study, 25 % of the trials did

not include the response probe phase. This facilitated

deconvolution of the hemodynamic responses to the

rehearsal phase from those of the response phase (Henson

2007). Following the response, there was a variable delay

of 4–5 s in the MEG experiment and 7–13 s in the fMRI

experiment. A total of 128 trials were presented over four

sessions of equal length during the MEG scan. This number

was reduced to 64 trials over four sessions of equal length

during fMRI to account for the increase in trial length.

Data Acquisition

All MRI data were acquired on a 1.5 Tesla GE MRI (GE

Medical Systems, Waukesha, WI) at the IWK Health
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Centre. A 3D T1-weighted anatomical image was acquired

using a spoiled gradient recalled (SPGR) sequence (in-

version time (TI) = 400 ms, recovery time (TR) = echo

time (TE) = min, flip angle = 12�, field of view (FOV)

25.6 cm, 256 9 256, 2 mm thick slices). Functional MRI

data were acquired using a spiral out sequence

(TR = 2.2 s, TE = 40 ms, flip angle = 90�, 24 cm FOV,

64 9 64, 4.5 mm thick slices). Stimuli were presented via

an LCD projector focused on a mylar screen positioned in

the scanner bore, which subjects viewed via an angled

mirror. Responses were made using a fiber optic response

pad (Current Designs, Philadelphia, USA).

MEG data were acquired using a 306 channel whole-

head Elekta Neuromag MEG system (Elekta Neuromag,

Helsinki, Finland). The system was located in a magneti-

cally shielded room and was equipped with 102 magne-

tometers and 204 planar gradiometers. MEG data were

acquired at a sampling rate of 1000 Hz, with an on-line

250 Hz low-pass filter. Head position was monitored using

four electromagnetic head position indicator (HPI) coils.

The position of the HPI coils was tracked in relation to the

nasion and left and right preauricular points, all of which

were digitized using a 3D position monitoring system prior

to scanning (Polhemus, Colchester, VT). In addition,

approximately 150 points on the surface of the scalp were

recorded for co-registration with anatomical MRI data.

Participants were seated upright during the scan, and

stimuli were projected by an LCD projector onto a screen

positioned in front of the participants. Responses were

made via a fiber optic response pad (Photon Control,

Burnaby, BC).

Behavioral Analysis

Trials were subdivided into four conditions (namable-old,

namable-new, scrambled-old, scrambled-new). Response

time and response accuracy were recorded for each trial.

To account for the bimodal distribution of response accu-

racy (correct vs. incorrect), its log-odds were modeled

(Dixon 2008) as a function of fixed effects (imaging

technology, stimulus type, probe novelty, and trial number)

with participant modeled as a random effect using the lme4

package (Bates et al. 2011) in R (R Development Core

Team 2008). Model fitting was performed, starting with the

most complex model (i.e., containing the 4-way interaction

of all fixed effects variables) and comparing successively

simpler models. The Akaike Information Criterion (AIC)

(Akaike 1974) was used to compare model fits, using a

criterion of AIC[ 5 to identify significantly better-fitting

models. Models that did not fit significantly better than the

next simplest model were discarded until the most parsi-

monious model was identified. Raw response time was

modeled as a function of the same effects using this pro-

cedure. Iterative model fitting was performed using the

LMERConvenienceFunctions package in R (Tremblay and

Ransijn 2013).

fMRI Analysis

Analysis of fMRI data was performed using fMRI Expert

Analysis Tool (FEAT) version 5.98 (Smith et al. 2004), a

part of the Oxford Centre for Functional MRI of the

Brain’s (FMRIB) Software Library (FSL). For three par-

ticipants, one of the four sessions was excluded due to

technical issues. Pre-statistical analyses included skull

removal using FSL’s Brain Extraction Tool (BET) (Smith

2002), Motion Correction using FMRIB’s Linear Image

Registration Tool (MCFLIRT) (Jenkinson et al. 2002),

Gaussian spatial smoothing with a full width at half max-

imum of 5 mm, and application of a 0.01 Hz high pass

filter. No participants exceeded 2.0 mm in head displace-

ment during a scan, which was the criterion for scan

Fig. 1 Overview of the

working-memory task. Timing

refers to the MEG version of the

task. Timing for the fMRI

version of the task is outlined

above
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exclusion. Prewhitening and statistical analysis were

completed using FMRIB’s Improved Linear Model (FILM)

with local autocorrelation correction (Woolrich et al.

2001). Functional data were analyzed for presence of

activity using the general linear model in FEAT. Stimulus

onset vectors were convolved with the double gamma

haemodynamic response function (HRF) for the encoding

phase and for probe items separately. Motion covariates

generated during motion correction were included as model

parameters of no interest.

Activation associated with the two types of encoding

stimuli (namable and scrambled) was contrasted. Activa-

tion maps were thresholded at z = 2.3 with a minimum

cluster size of 250 voxels on a 1 mm isotropic grid in order

to control for multiple comparisons. Functional data were

registered to a T1 weighted anatomical image of the par-

ticipant’s brain with 6� of freedom (DOF). Anatomical and

functional MRI data were subsequently normalized using

FMRIB’s Linear Registration Tool (FLIRT) (Jenkinson

et al. 2002) to the template defined by Talairach & Tour-

noux (Talairach and Tournoux 1988). The namable versus

scrambled contrast was tested at the group level using a

linear mixed effects model as implemented by FMRIB’s

Local Analysis of Mixed Effects (FLAME). Data were

resampled to a 2 mm isotropic grid for later integration

with MEG.

MEG Analysis

Environmental noise was reduced using temporal signal-

space separation (Taulu et al. 2004). MEG scans were

excluded if intrascan movement of any HPI coil exceeded

5 mm for a participant. MEG data for each scan were co-

registered to anatomical MRI data using scalp location

points collected prior to the scan. A boundary element

model of the brain was generated for use during source

estimation (Hämäläinen and Sarvas 1989). Data were

downsampled to 125 Hz, and epochs were extracted for the

200–600 ms period after the onset of each image in the

encoding phase (as this period showed the most predomi-

nant differences between responses to namable and

scrambled in a previous analysis; D’Arcy et al. 2012), as

well as the 1200 ms baseline period preceding the

appearance of the first image in each trial. The epochs for

the three images of each trial were then averaged together,

yielding a single, 400 ms epoch per trial. Similarly, the

1200 ms baseline period for each trial was divided into

three equal segments, which were then averaged together to

produce a single 400 ms baseline epoch for that trial. This

ensured that the duration and number of baseline and trial

epochs were equivalent. Artifacts were identified by com-

puting a principal component analysis on each trial; if the

first component exceeded 1.0 pT (magnetometers) or 150

fT/cm2 (gradiometers) it was removed (Lagerlund et al.

1997; Kobayashi and Kuriki 1999).

Data were averaged across trials for each stimulus type

(namable/scrambled) and period (baseline/stimulation),

resulting in four conditions. Each was then used to compute

signal space separation beamformer estimates of source

activity over time (400 ms) at each voxel on a 4 mm iso-

tropic grid in the subject’s T1-weighted anatomical MR

image (Vrba et al. 2010). For each voxel, a 50 ms window

surrounding the latency of peak activation was averaged

across time to produce an estimate of activity. When

combined, these result in a single 3D volume, where

clusters that may differ in timing are represented in one

image. Data were resampled to a 2 mm isotropic grid for

later integration with fMRI. Signal power was calculated in

the beta frequency band (15–30 Hz) (Kim and Chung

2008). Beamformer maps were calculated for the partici-

pants’ four MEG scans separately and then averaged.

Maps were spatially normalized by Talairach transfor-

mation, implemented using AFNI version 2011-12-21-

1014 (Cox 1996). Group activation was calculated using

voxel-wise linear mixed effects modeling with the ‘lme4’

package (Bates et al. 2011) in R (R Development Core

Team 2008). Voxel intensity was modeled as a function of

fixed effects (stimulus type) and random effects (partici-

pant, stimulus type by participant interaction), to identify

voxels that showed significantly stronger beta band

desynchronization for nameable than scrambled stimuli

(Kim and Chung 2008). As with the fMRI data, activation

maps were thresholded at p\ .01 with a minimum cluster

size of 250 voxels on a 1 mm isotropic grid to control for

multiple comparisons.

fMRI-MEG Integration

In order to determine the degree of influence from each

map over the integrated map, the contrast-to-noise ratio

(CNR) was calculated for every voxel and each imaging

technology. CNR maps were generated by calculating

contrast and noise estimates individually. For fMRI,

contrast was the difference between beta weights for

namable versus scrambled stimuli averaged across par-

ticipants at a voxel. For MEG, contrast was the mean

difference between beamformer pseudo z scores for the

two stimulus types. Noise was defined as the variance in

each contrast across subjects, or the average of the

squared deviations from the mean. For each technique,

contrast and noise units were the same, resulting in a

weighting ratio. This method of CNR calculation has been

successfully applied to fMRI data in the past as a data

quality parameter (Geissler et al. 2007). The CNR was

then used to calculate a weighted average for each voxel

when integrating the MEG and fMRI activation maps.
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This is shown in Formula 1, where for every voxel (v),

the integration value (I) is defined by a statistical measure

of activation (in our case, t-statistic in each map) for an

imaging technique (A) and that technique’s CNR weight

(W) at that voxel, across all modalities used (1,2,…,n), for

up to n imaging techniques, where the present study used

two imaging techniques. Both of the input values for

Formula 1 (Av) are t statistics. Given that the weighting

ratios (Wv) simply produce a weighted average (Iv) of the

inputs, the resultant value is treated as a t statistic as well.

It should be noted that this method assumes the distri-

bution of integrated activation follows that of its con-

stituents and that a critical t statistic can be applied as a

means of significance thresholding. This assumption was

tested by examining the normality of the distributions.

Importantly, the critical t value decreases after integra-

tion, because the number of inputs is doubled (due to

including MEG and fMRI data) and the degrees of free-

dom (DOF) increase accordingly. MEG and fMRI group

activation maps each included 10 data sets and had 9

DOF. Subsequently, 19 DOF were used to calculate the

critical t statistic of the integrated map, corresponding to

p\ .01; the integrated map was thresholded using this

critical t value. Thus in areas of true activation, sensitivity

to this activity should increase through combining the

MEG and fMRI for basic statistical reasons as well as due

to the complementary nature of the data types. For con-

sistency, both individual and integrated maps were

thresholded using critical t statistics equating to p\ .01

using the respective DOF for each activation map. A

minimum cluster size of 250 voxels on a 1 mm isotropic

grid was used to control for multiple comparisons.

Iv ¼
½Wv

MEG � Av
MEG� þ ½Wv

fMRI � Av
fMRI �

Wv
MEG þWv

fMRI

ð1Þ

Results

Behavioral Measures

Linear mixed effects model fitting revealed the presence of

effects (stimulus type, novelty, and imaging technique) on

response accuracy and time. Stimulus type showed a sig-

nificant main effect on response accuracy (namable items

were better recognized than scrambled, p\ .001).

Regarding response time, significant main effects were

found for imaging technology (faster responses in MEG

than fMRI, p\ .001), stimulus type (namable faster than

scrambled, p\ .001), and probe novelty (novel faster than

previously seen, p = .001). There were no significant

interactions. Behavioural results are shown in Table 1.

Functional MRI and MEG

Group fMRI and MEG activation are shown in Fig. 2.

Significant fMRI activation is shown in red, and MEG

activation is shown using blue. Mutually active regions are

shown in purple. In fMRI, left-lateralized activation

occurred in the inferior frontal gyrus, insula, hippocampus,

and parahippocampal gyrus. Bilateral activation was found

in the fusiform gyrus, occipitotemporal cortex, and frontal

poles. In MEG, left-lateralized activation was found in the

inferior frontal gyrus, as well as the superior temporal

gyrus, with bilateral activation found in the anterior middle

temporal gyrus. Importantly, the two techniques demon-

strated converging activation in the left inferior frontal

gyrus.

Sensitivity Profiles of Imaging Modalities

We examined the relative sensitivities of MEG and fMRI

to activity across the brain by plotting the relative CNR for

each imaging technology, as shown in Fig. 3. The relative

sensitivities of the two imaging techniques represent the

weighting of their respective activation maps during inte-

gration. Regions showing no significant differences

between imaging techniques are more similarly weighted.

MEG showed greater sensitivity than fMRI to signal in

diffuse regions of the frontal cortex bilaterally, particularly

in the superior and middle frontal gyrus. The temporal

poles and regions of the superior temporal gyrus also

showed greater sensitivity for MEG. In contrast, fMRI

showed greater sensitivity than MEG to signal throughout

the medial temporal lobes, including the hippocampus,

parahippocampal gyrus, and fusiform gyrus.

Integrated fMRI-MEG

The integrated activation map is shown in Fig. 4, both after

applying the CNR weights, and after providing the two

equal weighting. The weighted integration map showed a

pattern of activation similar to the overlaid fMRI-MEG

maps shown in Fig. 2, including activation in inferior

frontal, hippocampal, and occipitotemporal regions. In

addition, the extent of activation in the medial temporal

lobes is noticeably enhanced. In contrast, the unweighted

images showed a greatly reduced set of active regions,

including only the left inferior frontal gyrus, fusiform gyrus

and superior temporal gyrus, and one cluster in the right

middle temporal gyrus. Table 2 describes the regions found

active using fMRI and MEG alone, as well as after

unweighted and weighted integration.

The present method presumes that the distribution of the

integrated activation follows that of the fMRI and MEG

maps. Therefore assessing normality was a prerequisite for
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application of a critical t statistic threshold, as CNR

weights may alter this distribution. Figure 5 shows the

distributions of each map (fMRI, MEG, Integrated)

alongside their quantile–quantile plots to assess normality,

and the validity of thresholding using a critical t statistic.

Discussion

The present study aimed to optimize sensitivity to neural

activity throughout the brain using multimodal neu-

roimaging. This was accomplished by weighting the inte-

gration of fMRI and MEG data sets by estimates of data

quality in each region and for each imaging technology.

This was a novel approach to integration of statistical

values. Using this method, we predicted that activity would

be found in regions supporting working memory and object

identification (Dale et al. 2000; Fujimaki et al. 2002; Liu

et al. 2006; Freeman et al. 2009; Henson et al. 2010; Ou

et al. 2010). The activity we observed aligned with these

predictions.

We further predicted that the two imaging techniques

would show divergent patterns of sensitivity, such that fMRI

would show greater sensitivity in deeper structures such as

the hippocampus, and that MEG would show greater sensi-

tivity in ventral portions of the temporal lobes and in the

orbitofrontal cortex. While the contrasted CNR and activa-

tion maps demonstrated support for hypotheses regarding

fMRI sensitivity, the regions that were found active only

using MEG did not align with expectations. Nonetheless,

weighted integration of the two imaging techniques pre-

served sensitivity to activations observed in each alone, as

well as regions found to be mutually active. The integration

method proved to represent both the fMRI and MEG acti-

vation maps while enhancing sensitivity (spatial extent)

overall. It should be noted that these data do not allow for

evaluation of specificity regarding increased activation.

However, it is reasonable to conclude that the likelihood of

false-positive findings has not increased, given that this

activation resulted from improved statistical power.

Sensitivity Profiles of fMRI and MEG

As predicted, regions throughout the medial temporal

lobes, including the hippocampus, parahippocampal gyrus

and fusiform gyrus, were found to be active using fMRI but

not MEG. The CNR map likewise demonstrated relatively

higher sensitivity of fMRI than MEG to activity throughout

these regions. While numerous studies have reported

activity in the hippocampus and surrounding structures

using fMRI (Stark and Squire 2000; Greene et al. 2006;

Bonelli et al. 2011), fewer studies have achieved this

finding in MEG (Riggs et al. 2009). The hippocampus and

surrounding areas have long been considered problematic

Table 1 Response accuracy

and time for trials with

responses in both the MEG and

fMRI versions of the task, with

significant effects

Accuracy Trials Probability (%) Standard error z p

Stimulus type 1539 Namable: 98.96 0.31 9.504 \.001

Scrambled: 86.45 2.13

Response time DOF Estimate (ms) Standard error F p

Stimulus type 1, 1525 Namable: 1027 14 124.28 \.001

Scrambled: 1185 41

Imaging technique 1, 1525 MEG: 919 19 206.35 \.001

fMRI: 1185 41

Stimulus novelty 1, 1525 New: 1138 14 10.95 .001

Old: 1185 41

Fig. 2 Regions found active using each modality. Activity is shown

for individual fMRI (red), MEG (blue) data sets, with overlapping

regions in purple, resulting from the namable versus scrambled

stimulus contrast for each. Activation is thresholded at p\ .01, with a

minimum cluster size of 250 voxels
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for MEG, owing to its deep location. While it has been

shown that activity in deep structures can be compensated

for using fMRI, MEG remains insensitive to radially ori-

ented sources. This remains a weakness of any integration

approach. Conversely, the presence of air-tissue interfaces

such as the sinuses and ear canals are known to cause

magnetic susceptibility artifacts that reduce fMRI signal in

nearby brain areas, including the ventral temporal lobes

and the orbitofrontal cortex (Devlin et al. 2000; Brewer

et al. 2009, 2012). As MEG is unaffected by magnetic

susceptibility artifacts, it was predicted that MEG would

show greater sensitivity to activation in these regions.

However, findings did not coincide with the expected

patterns of sensitivity. Neither technique showed higher

sensitivity in the orbitofrontal cortex or inferolateral tem-

poral lobes. This is likely due to the fact that neither

technique showed activation in these regions. It should be

noted that MEG remains insensitive to radial sources, as

they would be compensated by volume currents in a quasi-

spherical volume conductor. For this reason any integration

of MEG with fMRI is unable to enhance the sensitivity of

fMRI-invisible sources that are radially oriented. However,

given that the present method is not limited to these two

techniques, its advantages should be investigated for

Fig. 3 Contrasted MEG and

fMRI CNR plotted across the

brain. Regions are depicted in

which CNR is higher for fMRI

(red) and for MEG (blue). The

CNR map reflects the weighting

of the two data sets in each

region during integration. Areas

not colored red or blue showed

no significant differences in

CNR between modalities

Fig. 4 Weighted and unweighted integration maps of fMRI and MEG activity. CNR-weighted (left) and unweighted (right) maps were

thresholded at p\ .01 with a minimum cluster size of 250 voxels
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imaging modalities without this known limitation (i.e.,

PET/CT).

Effects of Integration

Integration of activity resulted in a general increase in

sensitivity for numerous regions. For example, activity was

found using fMRI, but not MEG, throughout the medial

temporal lobes. The integration map showed an increase in

the extent of this activation. This type of extent increase is

most likely to occur in regions with near-threshold activity

in the more strongly weighted map, or in both maps where

the maps are equally weighted. Near-threshold activity in

the less-weighted map is proportionately less likely to

affect extent. This results from the changing critical

t value, rather than an increase in the magnitude of acti-

vation, as it is not possible for the magnitude to exceed that

seen in either map alone. In contrast, fMRI activation in the

frontal poles was reduced, but is still apparent in the

integration map. This reduction is likely due to relatively

higher data quality (CNR) for MEG in the frontal poles,

despite a lack of significant activation, and can be seen as

reducing the risk of false-positives. It should be noted that

data quality findings are specific to the present study, given

the data-driven nature of the technique.

Integrating the MEG and fMRI data with equal

weighting resulted in a reduction in the spatial extent and

magnitude of activation, and in many cases complete

removal of active clusters (Fig. 4). Alternatively, simply

examining regions that showed activity using either tech-

nique (equivalent to a logical ‘or’ calculation) preserved

both the spatial extent of activity and its magnitude in

comparison with individual maps (Fig. 2). The logical ‘or’

option produces two notable disadvantages when compared

Table 2 Locations of activity found in fMRI and MEG maps alone,

as well as in unweighted and weighted integration maps, for the left

(L) and right (R) hemispheres

Region Single maps Integrated maps

fMRI MEG Weighted Unweighted

Inferior frontal gyrus L L L L

Insula L L

Hippocampus L L

Parahippocampal gyrus L L

Fusiform gyrus L, R L, R L

Middle temporal gyrus L, R L, R R

Superior temporal gyrus L L L

Occipitotemporal cortex L, R L, R

Frontal poles L, R L, R

Fig. 5 Distributions and quantile–quantile plots for each group activation map
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with weighted integration: First, increased extent through

weighting is seen in a number of regions and is the result of

gains in statistical power that are not afforded by a logical

‘or’ operation. Second, there are regions that show a

reduction in the extent of activation through weighting.

This reduction results primarily from high variability,

indicating relatively lower reliability of activation for these

regions. Lower reliability manifests through the present

method as a linear reduction in activation, while these

regions would otherwise be presumed to be as reliable as

others in the logical ‘or’ approach.

While our method generally improves sensitivity, it does

not allow activity in a region to appear as more reliable

(through relatively larger extent or magnitude in compar-

ison with other regions) simply for being found active

using both techniques. Indeed, given the often-divergent

patterns in sensitivity between the two modalities, it seems

erroneous to conclude that mutually active regions should

be perceived as more believable than disparate ones. For

example, the inferior frontal gyrus is not known to be

problematic for either imaging technique, and activation

occurred for both in this region. Conversely, hippocampal

activation is considered to be difficult to detect using MEG,

and here occurred only in fMRI. Nonetheless, integration

preserved activation in the hippocampus without magni-

fying that found in the inferior frontal gyrus, owing to the

region-dependent nature of the weight calculation. By

accounting for these differences in sensitivity during inte-

gration we have ensured that these regions were accurately

represented with respect to their original magnitudes.

The present integration approach sought to maximize

spatial sensitivity, and in doing so it was necessary to

reduce MEG activation to a three-dimensional map, dis-

regarding timing information. This was done to produce a

common framework for the two imaging techniques. Given

this step, the approach is best suited to research questions

less concerned with the temporal dynamics of activity, such

as presurgical mapping. Data from a presurgical mapping

study was therefore used to validate this method.

Selection of Quality Weights

This technique hinges on the selection of ‘contrast’ and

‘noise’ terms in the regional CNR weights. These weights

should be derived from metrics of activation that have

been minimally influenced by inter-subject or inter-trial

variance, and when combined reflect no particular mea-

surement type to maximize suitability for integration.

Furthermore, the ‘contrast’ and ‘noise’ terms should bear

a one-to-one correspondence to one another to ensure that

an increase in contrast strength does not preferentially

weight one technique. MEG beamformer activation

(pseudo-z) is derived using signal power normalized by

the lead field matrix and instrumental noise (Sekihara

et al. 2004). In this regard, pseudo-z values are not the

result of hypothesis testing and in fact the name of the

term may be misleading as a statistical value. Use of the

pseudo-z values contrasted between stimulus types as the

‘contrast’ term of the CNR weights therefore provides the

most basic estimate of signal power at the source level for

the contrast of interest using MEG, which is known to

increase in a linear fashion with source strength (Sekihara

et al. 2004). When normalized using the variance in this

contrast as the ‘noise’ term, the result is a scale-invariant

estimate of data quality (a simple ratio) with no mea-

surement unit, maximally suitable for comparison with

alternate imaging techniques.

Similarly, for fMRI the contrast between beta weights

for the two stimulus types was used to estimate the mag-

nitude of the contrast of interest. Use of the beta weights

provides a similar advantage to the pseudo-z scores in that

they have not been normalized by any measure of inter-

subject or inter-trial variance, as would be seen in statis-

tical activation maps, and they change linearly with the

hemodynamic response function (Logothetis et al. 2001). It

should be noted that the relationship between the hemo-

dynamic response and neural activity is not linear, neces-

sitating a generative model of neural activity for further

improvement of the technique in that regard (Logothetis

et al. 2001). However, the aforementioned restrictions such

a model places on use of this technique with clinical

populations may outweigh the gains it affords. Therefore

the beta weights provide an individualized estimate of

contrast strength, and the variance in this contrast should

be used to produce an estimate of CNR. As with MEG, the

result is a scale-invariant measure of data quality.

Given the notable differences between the imaging

techniques, consistency of measurement type and scale are

necessary for integration. Comparison of the two imaging

techniques through CNR allows for evaluation of data

quality in a common framework. It should be noted that

because CNR is a ratio, a high value could result from

either strong contrast, or from consistency across subjects

(low noise) even in low-contrast regions. In these cases,

high CNR may be observed in a region with little or no

activation. An example of high CNR with no correspond-

ing activation can be seen for MEG in the right superior

temporal gyrus and superior temporal lobule. The result is

similarly little or no activation for the integrated map, and

can be seen as weighting toward a lack of activation. In

addition, integration is not limited to two modalities. Any

additional technique for which stimulus contrast and vari-

ance estimates can be calculated across a volumetric grid

(i.e., EEG, PET/CT) can be appended through Formula 1

to further enhance the signal-to-noise ratio of the integrated

map.
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Integration for Presurgical Mapping

As has been demonstrated, a summation or unweighted

integration of fMRI and MEG activation would artifactu-

ally increase activity in mutually active regions relative to

activity in others. In contrast, weighted integration ensures

that activity from each imaging technique is appropriately

represented in a region-dependent fashion. Presurgical

mapping applications demand this and other advantages

that only the present method has provided. For example,

use of this method is not restricted in populations with

altered neural anatomy resulting from trauma, surgery, or

pathologies. Furthermore, it allows for unbiased integration

of subcortical activity using both MEG and fMRI. In

addition, weighted integration preserves sensitivity to

fMRI-invisible MEG sources. Application of fMRI-biased

spatial constraints on MEG source localization could be

detrimental to activity particularly in the ventral temporal

lobes (Devlin et al. 2000), a common target for presurgical

mapping of language and memory processing regions,

resulting in inaccurate presurgical evaluation.

At present, the method provided here is only applicable

to group-level data, and could not be directly applied to

data from a single individual as required for pre-surgical

mapping and other clinical applications. However, the

principles used to obtain the weighted combination of

MEG and fMRI data could be applied at the individual

level. This would require within-subject estimates of

variance for each imaging modality. While possible, in the

present study we did not do this for two reasons. First, our

goal was only to demonstrate the feasibility of this tech-

nique at the group level. Second, the computational

demands of computing beamformer solutions on individual

trials for the MEG data are very high and were not feasible

within the scope of the present study. Future work will

investigate integration in single subjects using individual

estimates of variance in data quality in order to maximize

the sensitivity of presurgical mapping paradigms for areas

of eloquence.

Conclusion

The present method of fMRI and MEG integration repre-

sents an emerging avenue of multimodal neuroimaging

research. We expanded on previous integration efforts by

combining the spatial sensitivity profiles of the two

modalities in a data-driven manner. While the present

study demonstrates a proof-of-concept for the method of

integration, further investigation will examine additional

regions affected by magnetic susceptibility artifact in

fMRI, and expand the process for use with presurgical

mapping in individuals.
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