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A B S T R A C T

The complexity of the widespread language network makes it challenging for accurate localization and laterali-
zation. Using large-scale connectivity and graph-theoretical analyses of task-based magnetoencephalography
(MEG), we aimed to provide robust representations of receptive and expressive language processes, comparable
with spatial profiles of corresponding functional magnetic resonance imaging (fMRI). We examined MEG and
fMRI data from 12 healthy young adults (age 20–37 years) completing covert auditory word-recognition task
(WRT) and covert auditory verb-generation task (VGT). For MEG language mapping, broadband (3–30 Hz)
beamformer sources were estimated, voxel-level connectivity was quantified using phase locking value, and
highly connected hubs were characterized using eigenvector centrality graph measure. fMRI data were analyzed
using a classic general linear model approach. A laterality index (LI) was computed for 20 language-specific
frontotemporal regions for both MEG and fMRI. MEG network analysis showed bilateral and symmetrically
distributed hubs within the left and right superior temporal gyrus (STG) during WRT and predominant hubs in left
inferior prefrontal gyrus (IFG) during VGT. MEG and fMRI localization maps showed high correlation values
within frontotemporal regions during WRT and VGT (r¼ 0.63, 0.74, q< 0.05, respectively). Despite good
concordance in localization, notable discordances were observed in lateralization between MEG and fMRI. During
WRT, MEG favored a left-hemispheric dominance of left STG (LI¼ 0.25� 0.22) whereas fMRI supported a
bilateral representation of STG (LI¼ 0.08� 0.2). Laterality of MEG and fMRI during VGT consistently showed a
strong asymmetry in left IFG regions (MEG-LI¼ 0.45� 0.35 and fMRI-LI¼ 0.46� 0.13). Our results demonstrate
the utility of a large-scale connectivity and graph theoretical analyses for robust identification of language-specific
regions. MEG hubs are in great agreement with the literature in revealing with canonical and extra-canonical
language sites, thus providing additional support for the underlying topological organization of receptive and
expressive language cortices. Discordances in lateralization may emphasize the need for multimodal integration of
MEG and fMRI to obtain an excellent predictive value in a heterogeneous healthy population and patients with
neurosurgical conditions.
1. Introduction

Mapping and characterization of the underlying structural and func-
tional connectivity patterns of the language network in both healthy and
clinical populations is fundamental; It provides important details about
how human language processing components are topologically organized
to promote cognitive function and how the topology is dynamically
reorganized to respond to language abnormalities (Fedorenko and
s, University of Tennessee Healt

i-Feremi).
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Thompson-Schill, 2014; Hagoort and Indefrey, 2014). Accurately iden-
tifying the interaction dynamics of such a functionally complex network
is a key challenge in current neuroimaging investigations.

From a classic model of Geschwind (1972, 1970), the neural corre-
lates of the language processing network are linked to activations within
distinct cortical regions including anterior portion of the temporal lobe
containing primary auditory cortices and adjacent compartments of
bilateral superior temporal gyrus (STG) during a receptive process and
h Science Center, Neuroscience Institute, Le Bonheur Children’s Hospital, 848
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posterior convolutions of the left inferior frontal gyrus (IFG) during an
expressive process (Binder, 2015; Friederici, 2012; Friederici et al., 2000;
Poeppel, 2014; Price, 2000, for review). However, converging evidence
from most language studies indicates the involvement of an extensive
network of cortical regions with different level of associations (Friederici,
2012; Price, 2012; Pulvermüller and Fadiga, 2010). Receptive processes
engage multiple functionally specialized brain regions of the language
comprehension including working memory, semantic priming, and
cognitive control (Friederici, 2002; Posner et al., 1989; Price et al.,
1996). Expressive processes (or language production) requires selection,
sequencing, initiation, and motor control (Lidzba et al., 2011; Liljestr€om
et al., 2015a). Such complexity makes accurate localization and lateral-
ization of the language network very challenging for neuroimaging
studies.

Lateralization and localization of the language network are routinely
investigated using functional magnetic resonance imaging (fMRI) and
magnetoencephalography, MEG (Friederici, 2012; Price, 2012). fMRI
offers an excellent millimeter spatial resolution but provides an indirect
measure of the neural activity with limited spectral dynamics
(~0.01–0.12 Hz) and relatively poor temporal resolution, >1s (Byars
et al., 2002). In comparison, MEG offers a direct measure of the neural
activity with an excellent temporal resolution (<1msec), moderate
spatial precision (mm), and is rich with frequency dynamics up to 100Hz
(H€am€al€ainen et al., 1993). This makes the MEG favorable for connec-
tivity investigations (i.e. studying dynamics of the brain inter-regional
communications) of temporally organized oscillations occurring within
milliseconds (Wang et al., 2018). Specifically, MEG is well suited to
investigate the dynamics of the language network that is organized via
long-range communications and characterized based on their synchrony
with other brain circuits (Friederici, 2011; Hagoort and Indefrey, 2014;
Turken and Dronkers, 2011).

Connectivity investigations in MEG have disclosed important details
about temporal and spectral dynamics of inter-regional interactions
within the language network (Doesburg et al., 2012; Kadis et al., 2015;
Schoffelen et al., 2017). Kadis et al. (2015) demonstrated
frequency-specific connectivity patterns of language verb-generation
network in children, together with increased and left lateralized con-
nectivity with age. Schoffelen et al. (2017) characterized reciprocal in-
teractions of the core language sites associated with a sentence/word
comprehension language experiment; increased connectivity in alpha
and beta bands within fronto-parietal and temporal cortical regions,
respectively, were identified as unique characteristics of the language
network. Doesburg et al. (2012) demonstrated cross-frequency couplings
between short-range gamma (30–50 Hz) synchronization and long-range
theta (4–8 Hz) modulation within the left hemisphere expressive lan-
guage areas, supporting the presence of mechanisms of functional inte-
gration in the language network. While previous studies demonstrate the
utility of MEG for investigating language network, these studies have
focused on specific spectral details that occur in prespecified cortical
regions. Additionally, there is no established approach to demonstrate
large-scale synchronization patterns of core language regions that accu-
rately reflect hemispheric dominance of expressive and receptive lan-
guage cortices.

Graph theoretical measures are important tools to handle complex
network properties and have been used to characterize the brain net-
works in healthy individuals and various brain diseases such as Alz-
heimer, schizophrenia, brain tumors, and epilepsy (He et al., 2010; Stam
et al., 2007). Crucially, graph measures reveal important characteristics
of topological organization of a network including functional integration
that explains the summary statistics of broad connectivity patterns and
functional segregation that lead to an identification of specialized regions
or local groups (Bullmore and Sporns, 2009; Rubinov and Sporns, 2010).
Previous fMRI studies have demonstrated the suitability of the large-scale
network analysis in characterizing the network topologies of language
processes (Fuertinger et al., 2015; Muller and Meyer, 2014). Similar
language studies in MEG are limited. Recently, we conducted a
2

large-scale network connectivity analysis in MEG to characterize and
compare core regions of verb generation language network in children
and adolescents (Youssofzadeh et al., 2017). The network analysis
demonstrated the importance of cortical, subcortical, and cerebellar re-
gions for language development. Consistently, our separate fMRI in-
vestigations of a verb-generation task in children led to connectivity
clusters within the left IFG, left supramarginal gyrus, and right cerebellar
crura as regions being critical for language development (Youssofzadeh
et al., 2018b).

Comparisons of MEG and fMRI suggested that both modalities are
capable of providing reliable information on lateralization and localiza-
tion of eloquent (motor, language, and memory) functions (Collinge et al.,
2017; Grummich et al., 2006; Liljestr€om et al., 2015b; Pang et al., 2011;
Raghavan et al., 2017; Singh et al., 2002; Vartiainen et al., 2011; Wang
et al., 2012). Singh et al. (2002) demonstrated a spatial correlation be-
tween cortical desynchronization of MEG source estimates in
low-frequency bands (5–15 and 15–25Hz) and increased hemodynamic
fMRI responses of a letter fluency task. Pang et al. (2011), using a
time-domain synthetic aperture magnetometry (SAM)-beamformer source
analysis, demonstrated a high concordance in localization and laterali-
zation between MEG and fMRI responses during a picture verb-generation
task in beta band (15–25Hz), and verb generation task in low-gamma
band (20–35Hz). Liljestr€om et al. (2015) investigated large-scale func-
tional connectivity patterns during action/picture-naming task using fMRI
and MEG and reported the greatest similarity in functional networks
derived from responses below 30Hz (Liljestr€om et al., 2015b). They argue
that the entire spectral profile of MEG signals should be considered when
assessing concordance between MEG neuromagnetic responses and he-
modynamic modulations of fMRI.

In the current study, we aimed at developing and validating our
proposed MEG pediatric large-scale network mapping approach (Yous-
sofzadeh et al., 2017) to healthy adults’ expressive and receptive lan-
guage networks. Specifically, using MEG and fMRI data collected from
healthy young adults during a word-recognition task and a
verb-generation task, we sought to demonstrate the suitability of the
large-scale MEG network analysis in providing high spatial convergence
and consistency in localization and lateralization with hemodynamic
modulations of fMRI at individual and group levels. We hypothesized
that MEG and fMRI can delineate localization and lateralization of
language-specific regions despite differences in the nature of recordings.

2. Material and methods

2.1. Participants

A group of 12 healthy adults participated in this study (5 females,
aged 20–37 years, mean� standard deviation [SD], 27� 5.8, see
Table 1). Participants were graduate or postgraduate students from the
University of Memphis or The University of Tennessee Health Science
Center (UTHSC). Participants had no history of neurological insult,
speech or language disorder, or learning disability. Written informed
consent was obtained from all participants. Study procedures were
approved by the Institutional Review Board (IRB) at UTHSC.

Prior to the MEG and fMRI recording sessions, handedness inventory
of the participants was determined by self-report as well as by an Edin-
burgh Handedness Inventory, EHI, test (Oldfield, 1971). EHI greater than
48 were considered as right hemispheric dominance, less than�48 as left
hemispheric dominance, and intermediate values as ambidextrous
(Oldfield, 1971). Demographic characteristics of participants and their
handedness details are summarized in Table 1.

2.2. Stimuli and tasks

Subjects completed two language experiments; a word-recognition
“receptive” task (WRT) and a covert auditory verb generation “expres-
sive” task (VGT), in MEG and fMRI. Prior to the recordings, participants



Table 1
Demographic characteristics of participants and their handedness. Edinburgh Handedness Inventory (EHI)
greater than 48 were considered as right hemispheric dominance, less than �48 as left hemispheric dominance,
and intermediate values as a bilateral. MEG and fMRI laterality examinations of expressive and receptive tasks
are also provided. Discordances are specified in orange.

M: male; F: female; EHI: Edinburgh handedness inventory; LH: left; R: right; B: bilateral; Yr: Year; H: Hemisphere;
WRT: word-recognition task; VGT: Verb-generation task.
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were trained on an overt version of the task to establish sufficient ability
and to promote compliance during subsequent acquisition. Schematic
presentations of the MEG and fMRI language experiments are shown in
Fig. 1. Participants randomly assigned to complete the MEG and fMRI
experiments with more than 2 h interval. Due to scanner scheduling
conflicts, two subjects completed the MEG and fMRI experiments in two
separate days with less than 2 days gap.

2.2.1. MEG language tasks
Participants completed an auditory WRT (Fig. 1). A similar task has

been used in previous MEG studies for receptive language examinations
(Raghavan et al., 2017; Rezaie et al., 2014). MEG lateralization based on
the WRT was demonstrated to be an alternative to the invasive Wada test
in patients with epilepsy (Papanicolaou et al., 2004). The stimuli con-
sisted of 40 words designated as “distractors” and 5 words as “targets”,
read by a native English speaker and presented with a randomly
inter-stimulus interval (ISI) of 2–3 s (Fig. 1A). Stimuli were presented in 3
blocks of 45 words, an overall of 135 words. The auditory stimuli were
delivered binaurally through two plastic tubes to the participant’s outer
ear. During the recordings, participants were instructed to lift the index
finger of their dominant hand if they recognized each of the five target
words.

Participants also performed a covert auditory VGT (Petersen et al.,
1988) consisted of 100 stimuli of everyday concrete nouns with scores of
3.0 or higher based on the Paivio Concreteness scale (Paivio et al., 1968).
Analogous to WRT, stimuli were auditorily presented, read by a native
speaker, and presented with a randomly varied ISI of 2–3 s. Words were
chosen from normative databases and standardized language assess-
ments; all were familiar to young adults (e.g., book, dog, airplane).
Participants were asked to rapidly think of a verb corresponding to the
auditorily presented noun (“AIRPLANE” → “fly”). To minimize artifacts
associated with overt speech during the MEG scans, participants were
3

asked to covertly generate the verbs. See Fig. 1B for a schematic pre-
sentation of the MEG verb generation paradigm.

2.2.2. fMRI language tasks
Similar to MEG sessions, participants performed the word-recognition

and verb-generation tasks in fMRI. Six-minute word-recognition task
consisted of twelve 15-s blocks of “word” (10 nouns, 1 target and, 9
distractors) interspersed with 15-s blocks of “control” (9 tones and a bell
sound). The 9 pure tones had a frequency from 500 Hz to 2900Hz with
300Hz frequency interval. Participants were instructed to lift their index
finger if they hear a target (the word, “LITTLE”) during the “word” period
or a sound of “RINGING BELL” during the “control” period (Fig. 1C). The
tones and bell sound in “control” condition were chosen to remove ac-
tivations in the primary auditory cortex after contrasting this condition to
the “word” condition.

Participants performed a 6-min verb-generation task, similar to the
task described by (Szaflarski et al., 2012). Stimuli consisted of twelve
15-s blocks of “word” (5 nouns) interspersed with 15-s blocks of “control”
(5 tones). Similar to MEG, participants were instructed to rapidly think of
an action word that corresponded to the aurally presented nouns during
the verb blocks. During control blocks, participants passively listened to
five randomly selected pure tones (0.5, 1, 1.5, 2, and 2.5 kHz), and were
instructed to perform a bilateral finger tapping, i.e. sequentially touching
fingers with the thumb of the same hand, each time they hear a tone. This
“control” condition was used to cancel activations in the primary audi-
tory cortex after contrasting with the “verb” condition and for distracting
participants from continuing to generate verbs during the control period
(Fig. 1D). Regions involved in finger-tapping, motor regions, have min-
imal overlaps with those known to involve in the verb-generation task
(Kemper et al., 2003; Schapiro et al., 2004).

As a difference with fMRI, the control task was not included in the
MEG experiment. Instead, prestimulus baseline was used to contrast



Fig. 1. Language paradigms. (A) Word-recognition task used in MEG sessions which consisted of three blocks of words (5 targets and 40 distractors). Stimuli were
auditorily presented with a random ISI of 2–3 s. (B) Verb-generation task used in MEG sessions consisted of 100 everyday concrete nouns. Stimuli were auditorily
presented with a random ISI of 2–3 s. (C) Word-recognition task used in fMRI sessions. Stimuli consisted of twelve 15-s blocks of “word” (10 nouns, 1 target, and 9
distractors) interspersed with 15-s blocks of “control” (9 tones and a bell sound). The tones had a frequency range of 500 Hz–2900 Hz with 300 Hz frequency interval.
(D) Verb-generation task used in fMRI sessions. Stimuli consisted of twelve 15-s blocks of “word” (5 nouns) interspersed with 15-s blocks of “control” (5 tones).
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against post-stimulus task responses. This was supported by the MEG
excellent temporal resolution and a covert completion of the tasks (no
speech-related effects). Previously, we demonstrated that network hubs
corresponding to covert auditory verb generation responses between 400
and 700ms relative to baseline can successfully reveal the language sites,
in children (Youssofzadeh et al., 2017). As an advantage, this design
allows a simpler completion of the task and enhanced signal to noise ratio
of evoked responses (as more trials are used for averaging). However,
including a control data in an MEG experiment is essential for revealing
specific aspects of lexicosemantic processes, e.g., differences between
real words, pseudowords, consonant letter strings and false fonts (Price
et al., 1996; Wang et al., 2012), also for controlling speech-related pro-
cesses in an overt experiment.

2.3. Data acquisition

Participants underwent MEG and (f)MRI in this study. MEG data were
acquired using a whole-head neuromagnetometer array (4-D Neuro-
imaging, MAGNES WH3600, San Diego, CA) equipped with 248 sensors
and housed in a magnetically shielded room with a sampling rate of
1 kHz. The position of the participant’s head relative to the sensors was
determined using five coils, two of which were anchored to the left and
right periauricular points and three on the forehead. The participant’s
head shape was digitized using a stylus (Polhemus; Colchester, VT) for
subsequent localization of activity sources.

Structural and functional MR images were obtained using a 3T
Siemens Verio scanner (Siemens AG, Munich, DE) located at Le Bonheur
Children’s Hospital, Memphis, USA. High-resolution T1 image was ac-
quired with a matrix size of 512� 512� 192 and a spatial resolution of
0.5 x 0.5� 1mm. Functional scans were acquired using a T2*-weighted
echo-planar imaging sequence (TR/TE¼ 3000/30ms; flip angle 90�;
voxel size 2.5x2.5� 3.5mm).

2.4. Software note

MEG data were analyzed in FieldTrip toolbox v20180809 (field-
triptoolbox.org), graph theoretical analysis was carried out using Brain
Connectivity Toolbox (sites.google.com/site/bctnet), connectivity and
activation patterns were visualized using CONN toolbox ver.17c (web.co
4

nn-toolbox.org), and fMRI data were analyzed in SPM12 (www.fil.ion.
ucl.ac.uk/spm). All analyses were completed in MATLAB (The Math-
works, Inc.).

2.4.1. MEG data analysis
The proposed framework of large-scale functional network connec-

tivity analysis for language mapping in MEG is shown in Fig. 2. The data
processing and analysis steps are described in detail in the following
sections.

2.4.1.1. Preprocessing and time-frequency analysis. MEG data were
initially epoched from �1 to 2s relative to the onset of stimuli, bandpass
filtered from 0.1 to 50 Hz, and baseline corrected using a �500 to 0ms
window. Trials containing artifacts (SQUID jumps, eye-blinks, head
movement, muscle) were removed using a semi-automated artifact
identification procedure in FieldTrip (fieldtriptoolbox.org/tutorial/
automatic_artifact_rejectio). Trials or sensors with a variance that
exceeded 3� 10�24 (fT), kurtosis larger than 15, or z-score larger than 4
were removed. Cardiac artifacts were removed from preprocessed signals
using independent component analysis (ICA). On average, five noisy
channels, 12 trials, and two ICA components were removed per subject
across all participants’ data. For task-induced connectivity analysis, MEG
responses were analyzed in two intervals of “active” 400–700ms and
“baseline” �400 to �100ms (Fig. 2A).

To assure the language components were captured, we conducted a
time-frequency response (TFR) analysis of sensor-level responses and
inspected the presence of event-related desynchronization effects (Kadis
et al., 2011; Ressel et al., 2008; Yu et al., 2014). The TFR analysis was
conducted using a multitaper time-frequency analysis. Data from all
sensors were analyzed in a time and frequency range of �1 to 2 s and
1–50 Hz, respectively. A frequency-dependent sliding time window using
a Hanning window length of three cycles (ΔT¼ 3/f, f is the frequency of
interest) was used. Fourier representation was estimated using a spectral
smoothing of ΔF¼ 0.8� f. The TFRs were baseline-corrected using 0.3 s
before stimulus onset. WRT and VGT time-frequency responses of an
individual (S1) are shown in Fig. 2B. We used these details to support the
selection of broadband responses for our subsequent source-level con-
nectivity investigations.

http://web.conn-toolbox.org
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http://www.fil.ion.ucl.ac.uk/spm


Fig. 2. MEG analysis framework. (A) MEG time-locked responses, 248 magnetometers, during word-recognition task (WRT) in a representative subject. Data were
preprocessed in the range of 0.1–50 Hz, epoched from �1000 to 2000ms, and analyzed in an active (400–700ms) and a baseline (�400 to �100ms) periods. (B)
Average time-frequency responses (TFR) during WRT and verb-generation task (VGT). Event-related desynchronization effect was elucidated in a time-frequency range
of 400–700ms and 3–30 Hz, supporting the selection of “active” period. (C) Anatomical head model overlaid by a source model. The forward model was estimated
using a single-shell model from MRI images of individuals. Source model was constructed using a 3-D grid with a resolution of 8mm. To account for inter-subject
variability in brain macroscopy, grids were warped using a template (SPM12 MNI 152, 8mm) resulted in 4464 nodes (voxels inside the brain) per individual. (D)
Source connectivity was quantified using the phase locking value between sources. For representational purposes, a connectivity difference with an arbitrary threshold
of top 30% is presented. (E) Highly connected hubs were captured through eigenvector centrality (EC). A network difference with an arbitrary threshold of top 30% is
presented. (F) Language lateralization. AAL atlas was used to parcellate the brain, and 20 cortical parcels at frontotemporal and sensory-motor regions were selected
for laterality analysis.
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2.4.1.2. MEG beamformer source analysis. MEG data were coregistered to
T1-weighted anatomical MRI using common fiducial markers and head
shape digitization. T1 images were segmented using SPM8 toolbox to
extract brain tissues. A semi-realistic (forward) head model was con-
structed from segmented scan based on a single-shell description (Nolte,
2003). To account for inter-subject variability in brain macroscopy,
atlas-based Montreal Neurological Institute (MNI)-aligned grids in indi-
vidual head-space were created. As recommended by FieldTrip (field-
triptoolbox.org/tutorial/sourcemodel), the source model was defined on
a regular 3D grid in normalized MNI-space; individual grids were then
volumetrically warped to a temple grid (MNI 152 with 8mm resolution)
using a non-linear transformation. To this end, a grid with fixed 4464
grid points inside the brain was obtained, per subject (Fig. 2C).

A lead field matrix and data covariance, necessary for beamforming
source inversion, was estimated for all grid points from combined active
and baseline conditions, so-called “common filter.” The common filter
improves source estimation as more data is used for constructing the
spatial filters (Haegens et al., 2014; Lindner et al., 2011). Source
time-courses were estimated using a time-domain linearly constrained
minimum variance (LCMV) beamformer with 1% regularization (Van
Veen et al., 1997). LCMV is a time-domain beamforming spatial filter that
is optimized to leave untouched the activity originating in the location of
interest while suppressing activity from all other areas, assuming that
sources are uncorrelated. The low 1% regularization was selected to
allow for focal sources during connectivity investigations. A fixed dipole
5

orientation was applied to obtain the strongest orientation that explains
most of the source variance to be used during subsequent connectivity
investigations.

Of note, beamformer relies on the assumption that no two distinct
cortical areas should be perfectly linearly correlated in their activation
time series, otherwise very little or no power is recovered (Hillebrand
and Barnes, 2005). However, this should be less of a concern for sour-
ce/connectivity investigations of induced activations as sources are
weakly correlated and cortical oscillatory powers do not result in a strong
average-evoked activation, e.g. see 400–700ms responses in Fig. 2A.
MEG beamformer has been successfully used for source/connectivity
examinations of the language network (Kadis et al., 2011; Schoffelen
et al., 2017; Youssofzadeh et al., 2017), and has been validated against
fMRI and WADA test (Hirata et al., 2004; Pang et al., 2011).

2.4.1.3. MEG connectivity analysis using phase locking value. Task-
induced functional connectivity was estimated using a phase synchrony
measure, phase locking value (PLV) (Lachaux et al., 1999). The PLV is

defined as, PLVðωÞ ¼
�
�
�
P

ej∅ðωÞÞ
N

�
�
� where the phase difference ∅ðωÞ is

derived using Fourier transform of voxel time-series across N trials. The
PLV is robust to amplitude fluctuations, sensitive to non-linear in-
teractions (quadratic phase coupling across frequencies) and thus robust
to spurious synchronization arising from linear interactions (Darvas
et al., 2009). The PLV measure has been successfully tested for
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whole-brain network connectivity analysis of both resting-state and task
MEG responses (Babajani-Feremi et al., 2018; Schmidt et al., 2014;
Youssofzadeh et al., 2017). We computed the average PLV connectivity in
the frequency range of 3�30Hz and time intervals of “active” and
“baseline” for all the volumetric grid points (4464 nodes, 8 mm resolu-
tion). The broadband frequency was selected as we were interested in
capturing the overall connectivity patterns of task-induced responses to
quantify the hemispheric dominance of language experiments. Sample
PLV connectivity matrices with a top %30 threshold (arbitrary) of WRT
and VGT responses from an individual (S1) are shown in Fig. 2D.

2.4.1.4. Network analysis using eigenvector centrality. Brain hubs associ-
ated with highly connected nodes were quantified using eigenvector cen-
trality (EC). The EC is a self-referential measure that is computed based on
an eigenvector associated with the largest eigenvalue of the adjacency
matrix (Fletcher and Wennekers, 2017). The EC is defined as, CðxÞ ¼
1
λ

P

y→
w
x
w:CðyÞ where C(x) is the centrality for the node x, λ is the largest

eigenvalue of the connectivity matrix, and w is the adjacency matrix.
Adjacency matrices of active and baseline time intervals were obtained
from an arbitrary threshold of 0.7, corresponding to 70% maximum
connectivity strength for each subject. The threshold enforced sparsity
improves the stability and performance of subsequent graph analyses
(see, Youssofzadeh et al., 2018a). For group localization map, EC contrast
of active and baseline conditions (z> 1.96, approximately 2 standard
deviations greater than the mean of individual’s responses) were
spatially projected (using linear interpolation) onto a surface template in
MNI space. Maps corresponding to WRT and VGT responses are shown in
Fig. 2E.

Given that our broadband network connectivity analysis may reveal
regions that have engagement with lexical so-called N400 and/or post-
lexical (decision stage) linguistic effects (Marantz and Pylkka, 2003),
we do not make any inferences on specific aspects of the language pro-
cessing network (e.g., lexical access, semantic processing, and target
identification).
Fig. 3. Group language localization, MEG vs. fMRI. (A) Network maps captured b
MEG results revealed prominent hubs in bilateral superior temporal gyrus (STG) regi
MEG hubs were identified in the left STG whereas fMRI showed stronger activations o
prominent hubs in left IFG regions, consistent with fMRI findings (middle). The sup
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2.4.1.5. Atlas parcellation and laterality analysis. A volumetric automated
anatomical labeling (AAL) atlas consisting of 116 subdivisions of cortical,
subcortical, and cerebellar regions (parcels) was employed to combine
and summarize networkmeasures across regions (Tzourio-Mazoyer et al.,
2002). For group inferences, network measures with ECs z> 1.96
(approximately 2 standard deviations greater than the mean of the in-
dividual’s responses) were reported as critical hubs.

To characterize hemispheric dominance, we derived a conventional
laterality index (LI) from 20 left and right distinct frontotemporal cortical
regions: IFG triangular, opercular, and orbital parts; rolandic operculum,
supplementary motor area, Heschl’s gyrus, superior temporal gyrus,
middle temporal gyrus, and temporal pole (superior and middle gyri), as
shown in Fig. 2F and 5. Excluding contributions from non-specific lan-
guage, regions can improve the sensitivity of the laterality analysis
(Raghavan et al., 2017). Laterality index was calculated as LI ¼ (L �
R)/(Lþ R), where L and R are the eigenvector centrality values of left and
right hemisphere regions, respectively. Following the approach sug-
gested by prior MEG studies (Papanicolaou et al., 2004; Raghavan et al.,
2017; Tanaka et al., 2013), LI indices greater than 0.10 were considered
left hemispheric dominance, less than �0.10 right hemispheric domi-
nance, and intermediate values as bilateral.

2.4.2. fMRI data analysis
fMRI data were analyzed using a classic general linear model (GLM)

approach. Routine pre-processing steps including motion correction,
slice-timing correction, spatial normalization, and smoothing (8mm
FWHM Gaussian kernel) were performed. Localization maps were
derived from t-contrast of “task” against “control” conditions duringWRT
and VGT for each subject separately. The individual contrast images were
used in a second level random effects group analysis. For the group
analysis, a voxel-wise significance level of alpha was set to a threshold of
p< 0.05 corrected for multiple comparisons across the whole brain using
family-wise error correction. The fMRI group localization map was
compared with that based on MEG.

We note that MEG network approach has been proposed as a language
mapping technique, and thus findings are compared with the established
y eigenvector centrality at the voxel-level during word-recognition task. (A, left)
ons, as consistent with GLM-fMRI findings (A, middle). As a difference, stronger
n the right STG. (B) MEG network analysis of verb-generation task (left) showed
erimposed MEG and fMRI maps are shown in the right column.



Fig. 4. Language localization of individuals, MEG vs fMRI. Overlaid MEG network measures and fMRI t-contrast values of individuals during (A) word-recognition
and (B) verb-generation tasks are shown. Results have been scaled in a range of [-1, 1] for presentation purposes. Before rescaling, fMRI and MEG were threshold by t-
values > 3 and EC z-score > 1.96, respectively.
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method of fMRI localization. Investigating differences between MEG and
fMRI at the level of connectivity will be considered as a potential
extension to our current investigations in the future.

2.4.3. Comparing MEG and fMRI
For comparison purposes, we focused on MEG network hubs

(z> 1.96) and fMRI contrast values (t> 3.5, arbitrary) as we believed
those values were likely to be at the core of the language networks. We
also conducted a linear bivariate Pearson correlation analysis to assess an
overall similarity betweenMEG network hubs and fMRI t-statistics within
7

20 selected frontotemporal parcels. Correlation p-values were corrected
for multiple comparisons using a false discovery rate with a critical alpha
level of 0.05.

3. Results

In the following sections, handedness and large-scale MEG functional
network connectivity patterns associated with WRT and VGT are re-
ported, followed by group-, individual- and ROI-level comparisons be-
tween MEG and fMRI localization and lateralization.



Fig. 5. Language-specific parcels. 20 frontotemporal and sensory-motor cortical regions were selected for language laterality analysis in MEG and fMRI. Random
colored areas represent parcellated brain regions according to the AAL anatomical labeling scheme (Tzourio-Mazoyer et al., 2002).
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3.1. Handedness and behavioral results

The word recognition task is a very simple task and children with
epilepsy and/or cognitive impairment can perform it. Since the subjects
of this study were graduate or postgraduate students, their accuracy in
identifying the target word in this simple task was 100% in all subjects.
We could not monitor accuracy and reaction time of subjects during the
verb generation task (VGT) in MEG and fMRI sessions since this task was
performed covertly. However, we had a training session before fMRI and
MEG data collection, asked subjects to overtly perform the VGT, and
observed that they generate appropriate verbs for almost all nouns with a
reasonable reaction time.

Handedness examinations based on EHI scores suggested three left-
handed, seven right-handed, and two ambidextrous (almost equally left
and right) participants (see Table 1). The heterogeneity in handedness
allowed us to partially examine the presence of similar mechanisms of
language lateralization (e.g. in left-handers) across MEG and fMRI
modalities.
3.2. Group, MEG network hubs vs. fMRI t-stats

MEG and fMRI group WRT responses revealed a bilateral and sym-
metrically distributed pattern of network measures and activations,
respectively, within the left and right STG cortical regions (Fig. 3A, left and
middle columns), respectively. However, MEG showed stronger network
values on the left STG whereas fMRI favored greater effects on the right
STG, see Discussion. MEG group analysis of VGT responses indicated
prominent network values within the left IFG regions (Fig. 3B, left and
middle columns). Consistently, fMRI showed asymmetric effects in the left
IFG regions. High concordance in localization was found between group
MEG and fMRI responses of WRT and VGT (Fig. 3A and B, right column).
3.3. Individuals, MEG network hubs vs. fMRI t-stats

At the individual level, a majority of findings showed high concor-
dances between MEG and fMRI in language sites, e.g. perisylvian cortex
duringWRT and left IFG during VGT (Fig. 4). An evident discordance was
found only in the language localization of one individual. Results from a
left-handed female (S2), showed prominent MEG network values in the
right IFG regions during VGT whereas fMRI favored strong effects of the
left IFG area. Minor discrepancies (at the level of laterality) were
observed in the results of other individuals during WRT. For example,
findings from two right-handed females (S1 and S6) showed stronger
MEG hubs in the left hemisphere while fMRI led to stronger activations in
the right-hemispheric homolog.
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3.4. ROI analysis: MEG network hubs vs. fMRI t-stats

An ROI analysis was conducted to assess consistency in localization
between MEG and fMRI (Fig. 6). MEG results for WRT revealed hubs in
bilateral STG cortices, with greater values on the left hemisphere
(EC¼ 2.59 in lSTG and EC¼ 2.10 in rSTG). Other hubs were found in
bilateral primary auditory cortices, Heschl’s gyrus, (EC¼ 2.37 in rHG and
EC¼ 1.68 in lHG; right greater than left), and left middle temporal gyrus
(MTG, EC¼ 1.83). Consistently, fMRI showed prominent contributions
from bilateral STG (t¼ 4.00 in rSTG and t¼ 3.28 in lSTG) and HGs
(t¼ 2.13 in rHG and t¼ 1.58 in lHG), with greater activations on the
right hemisphere.

MEG results for VGT revealed hubs in the left IFG regions (EC¼ 2.8 in
pars opercularis and z¼ 2.61 in pars triangularis). Other hubs were found
in the right HG (z¼ 1.60), right STG (EC¼ 1.56), left supplementary
motor area (SMA; EC¼ 1.41), and left MTG (EC¼ 1.34). Consistently,
fMRI analysis revealed prominent contributions from the IFG regions
(t¼ 4.00 in pars opercularis and t¼ 3.61 in pars triangularis) and the right
STG (t¼ 2.6). A summary contribution of the ROIs is given in Table 2.

MEG network measures and fMRI t-statistics significantly correlated
within 20 language-specific regions during WRT (r¼ 0.63, q< 0.05) and
VGT (r¼ 0.74, q< 0.05), as in Fig. 6. Expectedly, regions with the
highest correlation values were bilateral STG (r¼ 0.87 in rSTG and
r¼ 0.81 in lSTG; q< 0.05) during WRT and left IFG, pars opercularis
(r¼ 0.89, q< 0.05) and pars triangularis (r¼ 0.82, q< 0.5) during VGT
(Fig. 6A and B, right).
3.5. Laterality analysis (language hemispheric dominance)

Group MEG laterality analysis of WRT favored left-hemispheric
dominance, whereas group fMRI indicated a bilateral hemispheric
dominance (MEG-LI¼ 0.25� 0.22, fMRI-LI¼ 0.08� 0.28). Laterality of
VGT led to high consistency between MEG and fMRI, both modalities
indicated strong left-hemispheric dominance (MEG-LI¼ 0.45� 0.35,
fMRI-LI¼ 0.46� 0.13), but with lower inter-subject variability, higher
stability, by fMRI (MEG-LI-SD¼ 0.35> fMRI-LI-SD¼ 0.14). Results are
shown in Fig. 7A and B and LI values are reported in Table 1.

4. Discussion

We developed a robust characterization of synchronized oscillatory
activity within language-specific brain circuits by combining beam-
forming source analysis and large-scale network connectivity in MEG. To
validate our proposed approach, we conducted two established auditory
language experiments, WRT and VGT. We also compared our MEG



Fig. 6. Group ROI summary, MEG vs fMRI. MEG eigenvalue centrality and fMRI t-stats, during (A) word-recognition task and (B) verb-generation task in 20
frontotemporal regions. Regions with highest MEG and fMRI correlations (r> 0.8) are shown on the upper-right (word-recognition task) and lower-right (verb-
generation task) panels.

Table 2
Summary of group parcellation, MEG-vs-fMRI. Summary of regions of interest (ROIs) detected by MEG network-based parcellated maps and fMRI t-contrast of a
group of healthy adults completing receptive word-recognition and expressive verb-generation language tasks.

MEG; Word-recognition MEG; Verb-generation

ROI BA EC (z-score) MNI centroid coordinates (x, y, z) ROI BA EC (z-score) MNI centroid coordinates (x, y, z)

Temporal Sup L 22 2.59 �53, �22, 6 Frontal Inf Oper L 44 2.8 �49, 11, 18
Heschl’s G R 41/42 2.37 46, �18, 9 Frontal Inf Tri L 45 2.61 �46, 29, 13
Temporal Sup R 22 2.10 58, �23, 5 Heschl’s R 41/42 1.60 46, �18, 9
Temporal Mid G L 21 1.83 �56, �35, �4 Temporal Sup R 22 1.56 58, �23, 5
Heschl’s’ G L 41/42 1.68 �42, �20, 9 Supp Motor Area L 6 1.41 �6, 4, 60

Temporal Mid G L 21 1.34 �56, �35, �4
Temporal Sup G L 22 1.19 �53, �22, 6
Supp Motor Area R 6 1.1 6, 4, 60

fMRI; Word-recognition fMRI; Verb-generation

ROI BA t-contrast MNI centroid coordinates (x, y, z) ROI BA t- contrast MNI centroid coordinates (x, y, z)

Temporal Sup R 22 4 58, �23, 5 Frontal Inf Oper L 44 4 �49, 11, 18
Temporal Sup L 22 3.28 �53, �22, 6 Frontal Inf Tri L 45 3.6 �46, 29, 13
Heschl’s G R 41/42 2.13 46, �18, 9 Supp Motor Area L 6 3.2 �6, 4, 60
Heschl’s G L 41/42 1.58 �42, �20, 9 Supp Motor Area R 6 2.6 6, 4, 60
Temporal Mid G L 21 1.51 �56, �35, �4 Temporal Sup R 22 2.6 58, �23, 5

Temporal Mid G L 21 1.0 �56, �35, �4

BA: Brodmann; ROI: regions of interest; EC: eigenvector centrality; MNI: Montreal Neurological Institute coordinates; L: left hemisphere; R: right hemisphere; Orb:
Orbital; Oper: pars opercularis; Tri: pars triangularis; Sup: Superior; Med: Medial; Inf: Inferior; Supp: Supplementary; EC z-score> 1.96 and fMRI t-value> 3.5 are in bold.
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findings with results of similar fMRI experiments.
Previous neuroimaging studies have reported that the language

comprehension (receptive) and production (expressive) networks are
subserved by several distributed regions, including IFG-Broca’s and STG-
Wernicke’s areas (Binder et al., 2009; Friederici, 2011; Hagoort, 2014;
Lidzba et al., 2011; Liljestr€om et al., 2015a; Turken and Dronkers, 2011).
Consistently, our MEG network analysis identified hubs within the ca-
nonical language regions during word-recognition and verb-generation
experiments (Fig. 3, left). In addition, MEG hub analysis revealed in-
volvements of extra-canonical language regions: MTG during the
9

word-recognition and SMA during the verb-generation tasks (Fig. 6 and
Table 2). The MTG support the semantic processes of language compre-
hension (Friederici, 2002; Pallier et al., 2011; Price et al., 1997; Van-
denberghe et al., 1996; Wise et al., 1991). Lesions of the MTG lead to
semantic deficits and impaired word comprehension; severe aphasia may
occur when MTG lesions are accompanied by STG lesions (for review,
Binder et al., 2009; Poeppel, 2014). The SMA facilitates spontaneous
motor responses to sound during language production (Lima et al., 2016;
Tremblay and Small, 2011) and supports silent viewing articulation
(Price, 2012). A seed-based functional connectivity study of fMRI



Fig. 7. Laterality analysis, MEG vs fMRI. (A) Group laterality index MEG hubs vs. fMRI t-stats examined in 20 parcels. (B) Laterality index of individuals. Positivity
and negativity in LI correspond to left- and right-hemispheric dominance, respectively. |LI|<0.1 corresponds to symmetric lateralization.
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demonstrated significant connectivity between SMA and Broca’s area
during the task and resting state conditions (Muller and Meyer, 2014).
These support the validity of MEG findings and its consistency with the
extant literature of the expressive and receptive language.

Our group MEG localization analysis showed high concordances with
that of fMRI (Fig. 3, right), in agreement with previous multimodal ex-
aminations of the language network (Collinge et al., 2017; Liljestr€om
et al., 2015b; Pang et al., 2011; Raghavan et al., 2017; Singh et al., 2002;
Vartiainen et al., 2011; Wang et al., 2012). While MEG and fMRI are
interrelated, they may reflect distinct neuronal processes, due to a
nonlinear relationship between neuromagnetic and hemodynamic re-
sponses in the cortex (Babajani et al., 2005; Babajani and
Soltanian-Zadeh, 2006; Singh, 2012). Our multimodal examinations also
led to some discrepancies between the two modalities. Specifically, MEG
analysis of WRT exhibited a left-hemispheric dominance, in agreement
with previous MEG reports on receptive language (Pang et al., 2011;
Raghavan et al., 2017; Rezaie et al., 2014). In contrast, fMRI analysis of
WRT revealed bilateral activations of left and right STG cortical regions
(Fig. 3). Previous studies have argued that this bilateral effect is mainly
linked to auditory perceptual processes rather than recognition of spe-
cific words (Binder et al., 2008), and this is why temporal lobe activa-
tions during a receptive task, e.g. story listening, were not correlated with
language dominance from the Wada test (Leh�ericy et al., 2000). Hence,
the MEG may be considered as a preferred modality for examinations of
hemispheric dominance of the auditory receptive language. While our
fMRI findings lacked the temporal sensitivity to record brief periods of
lateralized receptive language activity within the STG, it reliably later-
alized the language in the inferior frontal regions during the VGT.
Consistently, fMRI asymmetry of frontal regions during an expressive
task, covert sentence repetition, showed strong congruence with Wada
test (Leh�ericy et al., 2000). MEG network mapping also showed
left-lateralized hubs within the left IFG regions but in compare with fMRI
had higher interindividual variability (MEG SD¼ 0.35> fMRI SD¼ 0.13,
see Fig. 7). One language study argued that MEG may miss long-lasting
synchronized events and thus may not encompass the entire extent of
the expressive language network (Pang and MacDonald, 2012). While
this argument requires further supports by future studies, our results
suggest that fMRI is a better modality for examinations of hemispheric
dominance of the auditory expressive language. Overall, our findings
suggest better reliability of MEG for temporal laterality and fMRI for
frontal laterality examinations, emphasizing the need for both modalities
for a comprehensive examination of expressive and receptive processes.
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Functional specialization at the level of brain networks was suggested
to better explain the neuronal architecture of a cognitive function,
including language (Bassett et al., 2010; Fedorenko and
Thompson-Schill, 2014). Consistent with this theory, our mapping
approach explores overall patterns of interdependencies at the level of
network community and spatial topography of task-related cortical ac-
tivations. Crucially, the approach relies on fully data-driven techniques
that makes no a priori assumptions about the source location, connec-
tivity seeds, and network hubs. Connectivity is derived from broadband
(3–30Hz) sources that contain carrier frequencies of spontaneous elec-
trophysiological activities (Brookes et al., 2011; Hipp et al., 2012). This
range is believed to be the key contributor of long-range neuronal com-
munications (Ermentrout and Kopell, 1986; Siegel and Donner, 2010).
Broadband examinations have shown a great similarity between MEG
and fMRI language networks (Liljestr€om et al., 2015b). Also, power
suppression of broadband rhythms in alpha and beta bands mostly
correlate with BOLD-fMRI during task activations (Liljestr€om et al.,
2015b; Singh et al., 2002). All these attest the plausibility our MEG
network analysis for language mapping.

MEG source estimates and connectivity can be hindered by un-
avoidable and inherent phenomena of volume conduction and the
instantaneous field spread causing false positive and negative spurious
connections (Palva et al., 2018;Wang et al., 2018). To reduce the effect of
volume conduction, we analyzed the data at the level of the underlying
sources by computing the beamformer filter. Source-space beamformer
effectively alleviates the interpretational difficulties introduced by elec-
tromagnetic field spread (Gross et al., 2013; Schoffelen and Gross, 2009).
We also employed a semi-realistic single shell forward model by Nolte
et al. (2004) and computed volume conduction models based on partic-
ipants’ anatomical information to improve the reliability of source esti-
mates. To avoid spurious connections due to averaging effects, we
computed the task-induced connectivity (phase synchrony) from source
trials. Lastly, we conducted a differential analysis by contrasting the
network measures of task and baseline data periods. Benefiting from the
concomitant use of fMRI modality for cross-validation we assumed that
these strategies effectively cancel out the effects of volume conduction
across conditions.

Evaluation of language dominance is a critical step prior to surgery. In
the clinical setting, there is no consensus on an optimal methodology for
lateralizing language dominance. The dipole fitting has classically been
used as a preferred tool for presurgical mapping of the eloquent cortex
(Papanicolaou et al., 2004). However, the dipolar methods are
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suboptimal for modeling cortical activity of the spatially extensive lan-
guage network (Raghavan et al., 2017). Laterality estimates based on
counting dipoles may be compromised by sensitivity to noise, initiali-
zation, and selection of model parameters (Huang et al., 2016). As an
alternative, power source mapping based on spatial filtering has been
suggested for language mapping in MEG (Doesburg et al., 2015; Hirata
et al., 2004; Laaksonen et al., 2012; Piai et al., 2014). However, source
localization and power mapping technique alone may not always lead to
a full delineation of the patterns of language network, simply because it
does not account the interactions among sources. Therefore, we recom-
mend the network mapping approach not only as a complementary but
also a key method for language localization and lateralization of the
clinical population.

One key challenge of language mapping methods is to determine
lateralization with excellent predictive value in a heterogeneous popula-
tion of neurosurgical candidates (Benjamin et al., 2017). This requires
accounting for various factors that may be associated with language lat-
erality including handedness (Friederici et al., 2006; Szaflarski et al.,
2012). Handedness was found to be a dependable predictor of hemispheric
language dominance in adults (Geschwind and Galaburda, 1985; Kherdr
et al., 2002; Knecht et al., 2000). Frequent participation of the right Broca’s
homolog was found in adults left-handers during a word generation fMRI
task (Pujol et al., 1999). This may imply that left-handedness increases the
likelihood of right-hemisphere language dominance. However, our
multimodal examinations indicated similar patterns of lateralization for
most individuals, regardless of their handedness (except S2, Fig. 4). As
future work, a systemic investigation of associations between
left-handedness and network-derived language dominance based on large
samples can better clarify this argument. Another challenge is to consoli-
date our understanding of how functional networks interact with their
structural substrates. Combining functional connectivity and structural
integrity provide this unique insight into the coordination of langue
functioning (Ford and Kensinger, 2014; Friederici et al., 2006). Impor-
tantly, a functional-structural connectivity analysis can provide a deep
understanding of the neuroanatomy and functional integrity of the lan-
guage network to better explain the heterogeneities of connectivity pro-
files. Due to lesions or brain injury, language-specific regions may move
from their original locations (Grummich et al., 2006). The
functional-structural connectivity can also elucidate the consequences of
the disruption of white matter pathways, and the contributions of these
pathways to functional recovery (Leon-Carrion et al., 2009). Lastly,
although word recognition and verb generation tasks are frequently used
in language examinations and constitute an essential feature in the
comprehension and production of language, they are only one of the
multiple dimensions of language. As another future work, including other
less restrictive language experiments, e.g. story listening (Lidzba et al.,
2011; Schmithorst et al., 2006; Vannest et al., 2009), may help to establish
a standard language paradigm optimized for clinical use in pediatric and
adults. Uniquely, the story listening task engages the natural syntactic
processing in addition to semantic processes (Brennan et al., 2012; Frie-
derici et al., 2003). Importantly, incorporating these details provide a basis
for language development and communication (Vigneau et al., 2006).

5. Conclusions

This study was conducted to demonstrate the suitability of large-scale
functional network connectivity analysis of MEG responses for lateral-
izing and localizing brain activity associated with language processing
function. By examining the neuronal oscillatory activity of two estab-
lished auditory word-recognition and verb-generation language tasks in
MEG, the proposed large-scale network mapping technique identified
critical hubs that support the underlying dynamic topological organiza-
tion of the healthy adult’s language function. Promisingly, localization
maps were perfectly matched to the spatial profiles of corresponding
fMRI and showed high concordances in laterality across individuals. The
framework can be extended to a noninvasive preoperative paradigm to
11
determine language lateralization with excellent predictive value in a
heterogeneous population of neurosurgical candidates.
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