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Abstract.

Perception necessitates interaction among neuronal ensembles, the dynamics of
which can be conceptualized as the emergent behavior of coupled dynamical sys-
tems. Here, we propose a detailed neurobiologically realistic model that captures the
neural mechanisms of inter-individual variability observed in cross-modal speech
perception. From raw EEG signals recorded from human participants when they
were presented with speech vocalizations of McGurk-incongruent and congruent
audio—visual (AV) stimuli, we computed the global coherence metric to capture the
neural variability of large-scale networks. We identified that participants' McGurk
susceptibility was negatively correlated to their alpha band global coherence. The
proposed biophysical model conceptualized the global coherence dynamics emerge
from coupling between the interacting neural masses—representing the sensory-spe-
cific auditory/visual areas and modality nonspecific associative/integrative regions.
Subsequently, we could predict that an extremely weak direct AV coupling results
in a decrease in alpha band global coherence—mimicking the cortical dynamics of
participants with higher McGurk susceptibility. Source connectivity analysis also
showed decreased connectivity between sensory-specific regions in participants
more susceptible to McGurk effect, thus establishing an empirical validation to the
prediction. Overall, our study provides an outline to link variability in structural and
functional connectivity metrics to variability of performance that can be useful for
several perception and action task paradigms.

Abbreviations: AAL, automated anatomical labeling; AV, audio—visual; BEM, boundary element method; DICS, dynamic imaging of coherent sources;

EEG, electroencephalogram; fMRI, functional magnetic resonance imaging; HR, Hindmarsh—Rose; IOC, inferior occipital cortex; LGN, lateral geniculate
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1 | INTRODUCTION

Neurobiologically realistic dynamical models of perception
have provided attractive explanation of behavior (Cuppini,
Shams, Magosso, & Ursino, 2017; Moreno-Bote, Rinzel, &
Rubin, 2007, Thakur, Mukherjee, Sen, & Banerjee, 2016).
Concurrently, they also provide insights into brain dynamics
observed at different scales, for example, microscopic level
of single neurons (Deco, Pérez-Sanagustin, de Lafuente, &
Romo, 2007) and macroscopic level of field recordings (David
& Friston, 2003; Onojima, Goto, Mizuhara, & Aoyagi, 2018;
Spiegler, Knosche, Schwab, Haueisen, & Atay, 2011). How
does this framework adapt to perceptual variability across indi-
viduals during the perception of complex signals? One intuitive
approach to explain perceptual variability involves characteri-
zation of stochastic fluctuations in component neural systems.
Thereafter, probability distributions set by internal processes that
generate prediction can follow Bayes' optimization principles
to set up perceptual object identification (Kording et al., 2007;
Ma, Beck, & Pouget, 2008). One drawback of these descriptive
Bayesian brain hypotheses is that, unlike predictive coding for-
mulations, they are agnostic to the neurobiological mechanisms
and systems-level interactions that govern perception (Ursino,
Crisafulli, di Pellegrino, Magosso, & Cuppini, 2017). In this ar-
ticle, we employ McGurk effect (McGurk & Macdonald, 1976)
to demonstrate how the systems-level interactions in multi-
sensory and unisensory subsystems can explain differences in
McGurk susceptibility across individuals.

The fact that speech perception is fundamentally driven
by visual cues is demonstrated in this paradigm—an audi-
tory /bal dubbed onto visual lip movements of /ga/ is per-
ceived by the listener as a completely different syllable /da/
(McGurk & Macdonald, 1976). Variability in the perception
of the illusion has enabled researchers to unravel the neural
correlates of illusory/cross-modal percept in terms of corti-
cal activations and neural oscillations (Keil, Muller, Thssen,
& Weisz, 2012; Nath & Beauchamp, 2011). However, these
studies have overlooked the substantial variability of McGurk
susceptibility across individuals that could influence the ob-
jective behavioral and neural estimates.

From a neurophysiological standpoint, how do we reconcile
the neural correlates of McGurk percept under the purview of
inter-individual variability or vice versa? Moreover, it raises a
fundamental question on what constitutes an appropriate neu-
ral correlate. For instance, activity in superior temporal sulcus
(STS) and its functional connectedness to sensory-specific and
fronto-parietal regions has been shown to subserve multisensory
speech perception and McGurk susceptibility (Keil et al., 2012;

Nath & Beauchamp, 2012) as well. Moreover, other research
areas like face processing (Haxby, Hoffman, & Gobbini, 2000),
motion perception (Puce & Perrett, 2003), and social perception
(Saxe, 2006) attribute activations in the STS to the particular
behavior being studied. This suggests that the STS is a prime
nexus for information processing; however, it may not be a neu-
ral correlate of any specific processing component.

Emerging studies indicate complex cognitive capabilities to
emerge as a result of interactions among large-scale networks of
cortical areas (Bressler & Kelso 2001; Bressler & Menon, 2010;
Varela, Lachaux, Rodriguez, & Martinerie, 2001). Therefore, a
measure that could capture the “dynamic” and “preferential” in-
teractions among distributed neuronal assemblies/brain regions
will offer the most pertinent representation of the distinct neural
machinery supporting McGurk susceptibility.

Recent studies have indicated that beyond a specific region
of interest, a large-scale network of oscillatory brain networks
underwrite the McGurk effect (Kumar et al., 2016; Kumar,
Kumar, Roy, & Banerjee, 2017). A key question emerges, how
robust is this network across individuals and whether the orga-
nization of such networks is contingent on the stimulus configu-
rations. Secondly, what are the neural mechanisms that give rise
to such network level correlates? While the first question needs
to be answered empirically using a detailed neurophysiological
study of underlying brain networks, the more broader question
of systems-level insight requires a neurobiologically inspired
large-scale computational model.

We hypothesized that variability in McGurk susceptibil-
ity across individuals stems from implicit differences in their
large-scale functional connectivity. In order to test that, we
conducted psychophysical experiments in tandem with EEG
recordings to characterize the large-scale oscillatory modes
in whole-brain dynamics. Subsequently, we constructed a
neural mass model for multisensory perception—an abstrac-
tion of summed synapto-dendritic activity of thousands of
neurons, comprising three nodes representing sensory and
multisensory areas. Finally, we validated the plausible neural
mechanisms made by the model using source-space analysis
(Figure 1), thus providing a link between functional metrics
and underlying neurophysiological complexity.

2 | MATERIALS AND METHODS

2.1 | Participants

Eighteen healthy right-handed volunteers (8 females, mean
age 24.9, SD = 2.8) gave written informed consent under an
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Pipeline of the study: We address an ongoing challenge of characterizing the neural mechanisms that govern the variability during

multisensory speech perception. Employing the McGurk paradigm, we identify the neural signatures of the variability in the global coherence

metric. We then turn to test our hypothesis—"“dynamic and preferential coupling between sensory-specific and multisensory regions underlies the

observed variability,” using a neural mass model. Finally, we validate the inferences drawn from the model by analyzing pairwise coherence in the

source space between concordant cortical generators of neural activity [Colour figure can be viewed at wileyonlinelibrary.com]

experimental protocol approved by the Institutional Human
Ethics Committee of the National Brain Research Centre,
Gurgaon, which is in agreement with the 2008 Declaration
of Helsinki.

2.2 | Stimuli and behavioral task

Digital videos of a native Hindi-speaking male volun-
teer articulating the syllables /pa/, /kal, and /tal were
recorded and edited using the audio editing software
Audacity (www.audacityteam.org) and the video edit-
ing software VideoPad Editor (www.nchsoftware.com).
The duration of each video clip ranged from 1.5to 1.7 s
to include the neutral, mouth-closed position, and all the
mouth movements of articulation to closing. The dura-
tion of auditory syllables in the videos ranged from 0.4
to 0.5 s. The stimuli (Figure 2) consisted of four kinds
of videos: three congruent (auditory and visual match-
ing) syllables (/pal, /kal, and /ta/) and one McGurk/
incongruent (auditory and visual mismatch) syllable
(auditory /pal + visual /ka/) producing the McGurk per-
cept of /tal.

The experiment contained five blocks—each block con-
sisting of 120 trials (30 trials of each video presented in ran-
dom). Inter-stimulus intervals were pseudo-randomly varied
between 1.2 and 2.8 s to minimize expectancy effects. Using
a forced-choice task, on every trial, participant reported their

(@ McGurk stimulus

0 350 800 1500
Time (ms)

Audio onset and offset time
(b)  Congruent stimuli
Audio
/pa tal /ka
Visual Ipa Ital /ka

FIGURE 2 Stimuli: (a) Example trial with 3 video frames from McGurk

stimulus (audio /pa/ + video /kal) used in this experiment (top row), the

audio trace of the syllable /pa/ presented simultaneously to the video
(middle row), and the onset and offset time of the audio. (b) The congruent
AV stimuli: Each block represents a video with audio /pal, /tal, and /ka/
dubbed onto a video of a person articulating /pa/, /tal, and /kal, respectively
[Colour figure can be viewed at wileyonlinelibrary.com]

percept by pressing a specified key on the keyboard corre-
sponding to /pal, /kal, /tal or something else (others) while
watching the videos.
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2.3 | EEG recording and preprocessing
Continuous EEG scans were acquired using a Neuroscan
system (Synamps 2, Compumedics, Inc.) with 64 Ag/AgCl
scalp electrodes placed on an elastic cap in a 10-20 mon-
tage. Individual electrode locations were registered using
the FASTRAK 3D digitizing system (Polhemus Inc.).
Recordings were made against the center (near Cz) reference
electrode on the Neuroscan cap and digitized at a sampling
rate of 1,000 Hz. Channel impedances were monitored to be
at values <10 kQ.

Preprocessing and offline data analysis were performed
using EEGLAB (Delorme & Makeig, 2004), FieldTrip
(Oostenveld, Fries, Maris, & Schoffelen, 2011), and cus-
tom-made MATLAB scripts. Continuous data were high-
passed at 0.1 Hz with finite impulse response (FIR) filters,
low-passed at 80 Hz FIR, and notch-filtered between 46 and
54 Hz to remove line noise (9th-order 2-pass Butterworth
filter). The noisy channels were removed and interpolated,
following which the data were average re-referenced. For the
data analysis, epochs of 0.8 s after the onset of the sound
were extracted and categorized according to the type of AV
stimuli—congruent AV stimuli, /za/, /pal, [kal, and incongru-
ent McGurk stimulus. The extracted epochs were then base-
line-corrected by removing the temporal mean of the EEG
signal 0.2 s before the onset of the sound, on an epoch-by-ep-
och basis. Finally, epochs with amplitudes above or below
+75 puV were removed to minimize contamination from ocu-
lar (eyeblinks and movements) and muscle-related artifacts.
To ensure comparable signal-to-noise ratio, an equal num-
ber of trials were picked randomly from each participant for
every kind of AV stimulus presented.

2.4 | Large-scale functional
connectivity analysis

Neuronal synchronization was quantified using global coher-
ence (Cimenser et al. 2011). The metric quantifies the strength
of covariation of neural oscillations at the global scale in spe-
cific frequency bands (Railo, Koivisto, & Revonsuo, 2011)
that corresponds to specific functional state of the brain.
We employed the Chronux (Mitra & Bokil, 2008) function
CrossSpecMatc.m to obtain trialwise global coherence on the
0.8-s epochs sorted based on stimuli and responses. We con-
sidered 5 orthogonal discrete prolate spheroidal sequences
(dpss), also known as Slepian tapers to restrict the leakage
of spectral estimates into nearby frequency bins. The output
variable “Ctot” of the function yielded global coherence at
frequency f.

The function initially multiplies the epochs with the
specified number of Slepian tapers before performing the
fast Fourier transform (FFT). The resulting FFT values are
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averaged, and the cross-spectrum for all sensor combinations
at frequency f is computed. The cross-spectral density be-
tween two sensors was computed from the tapered Fourier
transforms using the following equation
C;=conj(X;(f) - X;(f)) )]
where Cj; represents the cross-spectrum; X; and X; repre-
sent the tapered Fourier transforms from the sensors i and
J- Subsequently, singular value decomposition (SVD) is ap-
plied on the cross-spectral density matrix for every frequency
fwhich yields the following
D(f)=VvcvT )
The diagonal matrix D comprises the values proportional
to the variance explained by the orthogonal set of eigenvec-
tors (V, V7). The global coherence Cg,,,(f) at frequency bin
fis subsequently computed by normalizing the largest eigen-

value (first entry of the D(f) at frequency f on a trial-by-trial
basis for each participant employing the following equation

D(f)
CGlobal(f)= n l(f

2 D)
i=1

3

We initially analyzed if changes in global coherence val-
ues at specific frequency bands (a: 8-13 Hz, f: 14-30 Hz, y:
31-45 Hz) correlated with the participants' susceptibility of
McGurk perception. Participant-wise mean of the global coher-
ence in specific frequency bands was computed and was sta-
tistically analyzed using Spearman rank correlation and ¢ tests.

2.5 | Architecture of large-scale dynamical
model of perception

To account the neuronal interactions that could facilitate
changes in global coherence, we constructed a large-scale
dynamical model. Striking a balance between biological real-
ism and model parsimony, we proposed a neural mass model
comprising three nodes representing the auditory, visual, and
the multisensory areas (Figure 3a). We followed closely a
previously established practice and convention in computa-
tional modeling by treating each cortical region as an individ-
ual node comprising excitatory and inhibitory population of
Hindmarsh-Rose (HR) neurons (Stefanescu & Jirsa, 2008).
Rationally, we incorporate the following factors to reflect the
biological realism in the proposed model architecture -

1. Concurring with previous evidences, auditory node
was assumed to be most sensitive to ambient temporal
fluctuations operating with a fast time scale (Rosen &
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Model architecture
(a) (b)

e Excitatory neuron
e Inhibitory neuron
Excitatory coupling (EC)
Inhibitory coupling (EC)

Visual node with slow time constant
Auditory node with fast time constant

Multisensory node with intermediate
time constant

Excitatory subpopulation meanfield
Inhibitory subpopulation meanfield

FIGURE 3 Model architecture: (a) Representation of the model comprising three nodes signifying auditory (fast time constant), visual (slow time

constant), and higher order multisensory regions (intermediate time constant). Excitatory influences are balanced by a reciprocal inhibitory connection. (b)

Representation of each node comprising of network of 150 Hindmarsh—-Rose excitatory and 50 inhibitory neurons. Each neuron can exhibit isolated spiking,

periodic spiking, and bursting behavior. The detailed model parameters are presented in Table 1 [Colour figure can be viewed at wileyonlinelibrary.com]

Howell, 2011), visual node was assumed to be slow-
est in terms of sensitivity (Williams, Mechler, Gordon,
Shapley, & Hawken, 2004), and the multisensory node
was assumed to operate at an intermediate time scale.

2. Inspired by the anatomical evidences, in our model, in-
puts from visual node were directed to the auditory cortex
in two ways: (a) direct influence in a feedforward man-
ner (Falchier, Clavagnier, Barone, & Kennedy, 2002;
Rockland & Ojima, 2003; Wallace, Ramachandran, &
Stein, 2004) and (b) in feedback manner via the multisen-
sory association node (Bizley & King, 2011).

3. Excitatory and inhibitory afferents on the spatially extended
and geometrically aligned pyramidal neurons result in post-
synaptic potentials (Kirschstein & Kohling, 2009). These
communications emerge as EEG patterns. Hence, we used a
population of excitatory and inhibitory neurons in each node
(Figure 3b). Following the approach used by Stefanescu
and Jirsa (2008), we employed a total of 150 excitatory
(Ng = 150) and 50 inhibitory (N; = 50) HR neurons, main-
taining a ratio of 3:1. Importantly, inhibitory neurons within
an individual node were not coupled directly with other in-
hibitory neurons based on the logic that these connections
in microcircuits are typically sparse in nature (Stefanescu &
Jirsa, 2008; Wilson & Cowan, 1972).

Incorporating the aforementioned factors, we defined
a neural mass model comprising three sets of ordinary dif-
ferential equations for each excitatory and inhibitory HR
neuron. The three variables xt, y, and z- account for the
membrane potential dynamics of a neuron n, fast gating cur-
rent, and slow gating current, respectively. Thus, the entire
network can be represented as a network of coupled nonlinear
differential equations containing —

2.5.1 | Excitatory subpopulations

(£(x)-x,)
—Kpg (E (x,L,,) _xﬁ, > +IrI;E
+ Y WLE (W ) +e(0,edr)

Yu=V.MA,
u#L

Do et ik
7L =y, —a . T Rep

dt ng ng E

dz-
7 =r<s (xL —xo)—zﬁ ); ng=1, ... Ny L=A,V,M

2.5.2 | Inhibitory subpopulations

d,
g e v = K (E (), ) 1

dr )
by _
L T T
dzy
T —r(s( nl—x0>—zﬁl>, n=1,....N;

“

where L: A, V, and M represent auditory, visual, and
multisensory nodes, respectively. The nodes were driven
by a noise of normal distribution e (0,edt), where € = 0.1.
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TABLE 1
corresponding values used in the model

Description of the model parameters and their

Parameter Value Description of parameters

a,b,c,d 1,3,1,5 Constants for faster

variables x and y

r 0.006 Lower value of ris
responsible for slower

time scale of z

Constant affecting slower
variable z

X -1.6 (X0, Yo, 0)is a stable
equilibrium point of

Hindmarsh—Rose model

Ng, N, 150, 50 Number of excitatory and
inhibitory neurons in each

node

2.8,0.4 Mean and dispersion of

uo
input current in each node

Computed from ¢, 6 Input current for excitatory

ngtny

and inhibitory neurons in
each node

0.05,2.5, 1 in
milliseconds

Ty Ty Ty Time-scales for auditory,
visual and multisensory

nodes

€ 0.1 Constant affecting the

dispersion of noise

Within-node connectivity

Kgg 0.5 Coupling between
excitatory neurons

Ky 0.5 Excitatory to inhibitory
coupling

n 3.39 K to Kgg ratio

K Computed from n Inhibitory to excitatory

and K coupling
Between-node connectivity
Wy, Wans WypExplored in the range 0—1 (or —1 to 0)

State variables

Xy s X Membrane potentials for excitatory and inhibitory
E 1
subpopulation
Vg Yn; Spiking variables for excitatory and inhibitory
subpopulation
%oy Bursting variables for excitatory and inhibitory

subpopulation

Auditory node had the fastest (7, ~0.05ms), and visual
node had the slowest time constant (7, ~2.5ms). Time
constant of the multisensory node was chosen to be in
between the two (r;;~1ms) as it integrates information
from both the modalities. The mean activity of excit-
atory neurons in a given node (EH*Z) influencing the
neuronal activity of other nodes was governed by cou-
pling parameters: W,, (auditory—visual coupling), W,,,

EJ N European journal of Neuroscience  FENS

(auditory—multisensory coupling), and Wy,, (visual-mul-
tisensory coupling). Positive and negative values of the
coupling parameters reflect excitatory and inhibitory cou-
pling, respectively. Inhibitory couplings were chosen to
maintain a balance with excitation. For instance, visual
node's excitatory coupling of +W,, on auditory node was
balanced with inhibitory coupling of the same strength
(=W,y) from the auditory node. Also, in such a configu-
ration, visual node is being the source of excitation and is
referred as the source, whereas auditory node is referred
as the sink as all excitatory couplings are directed toward
it. The multisensory node in such configuration behaves
as both source and sink.

We place each individual neuron in a dynamical regime
where both spiking and bursting behaviors are possible de-
pending on the external input current (/) that enters the neu-
ron when other parameters are held constant at the following
values (Stefanescu & Jirsa, 2008):

a=1;b=3;c=1;d=5;5s=4;r=0.006;x,=—1.6.

The coupling between neurons within a node was linear,
and its strength was governed by the following parameters:
K, for excitatory—excitatory coupling, K, for excitatory—in-
hibitory coupling, and K for inhibitory—excitatory coupling.
Within a node, the relation between Ky and K, was captured
by the ratio n= g—;’; Electrophysiological evidences indicate

enhanced oscillatory power in delta (1-4 Hz) and alpha
(8-12 Hz) bands during rest (Gold, Henze, Koch, &
Buzsaki, 2006). To emulate the characteristics of the large-
scale network during rest, we chose the value of the ratio,
n = 3.39 where the average oscillatory activity of the nodes in
a disconnected network, that is, in the absence of stimulus
(u(4 v 5r)=0.1; baseline) was higher in delta and alpha bands.

The external currents to both the excitatory and inhib-
itory subpopulations were drawn from a Gaussian distri-
bution where p and o represent the mean and standard
deviation. As the input stimulus relays to auditory, visual,
and multisensory regions via thalamus, we interpret lateral
geniculate nucleus (LGN) and medial geniculate nucleus
(MGN) to be the source of external current (/,, I, and I,
)—a pulse of 450 ms in the nodes when the model was sim-
ulated for 1 s. In rhesus monkey, the projections of MGN
to multisensory areas like STS were found to be sparse
(Yeterian & Pandya, 1989). Therefore, we choose lower
mean value of external current to the multisensory node
(u(1,,)=0.85) in comparison with visual (u(l,)=2.8) and
auditory (u(l,))=2.8) nodes. All parameters are presented
together in Table 1.

We hypothesized variability in global coherence patterns
to emerge from differences in the coupling among the audi-
tory, visual and multisensory nodes operating at fast, slow,
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and intermediate time scales, respectively. Conceptually,
the auditory and visual nodes are sensory-specific brain re-
gions while multisensory regions include areas of associative
cortex that are non-specific to a particular sensory stream.
Thereafter, we sought to explore the global coherence while
varying the coupling strength among the nodes in our model.

In summary, we considered different architectures or con-
nectivity motifs, under the constraint that any reciprocal cou-
pling comprised a forward excitatory set of connections and
a reciprocal (and balanced) inhibitory set of connections. In
what follows, we will designate the source of the excitatory
connections as a source and the source of recurrent inhibitory
connections as a target.

2.6 | Source-space connectivity
To validate the inferences gathered from our model, we
turned to the empirical data again and undertook source-space
connectivity analysis (see Figure 1). We employed dynamic
imaging of coherent sources (DICS; Gross et al., 2001)—a
frequency domain adaptive spatial filtering algorithm—to
identify the sources of global coherence in specific fre-
quency bands. This algorithm has proven to be particularly
powerful in localizing oscillatory sources of cortical activity
with well-established hypothesis (Halder, Talwar, Jaiswal,
& Banerjee, 2019). Customized MATLAB codes employing
FieldTrip toolbox were used. Using ft_prepare_leadfield.m
and employing the boundary element method (BEM), we
generated the leadfield matrix for the Colin 27 brain tem-
plate. The leadfield matrix corresponds to the tissue and geo-
metrical properties of the brain represented as discrete grids
or voxels. Then, we employed ft_freqanalysis.m to evaluate
the cross-spectral matrices of the epochs pooled over all the
participants. Leadfield matrix and the cross-spectral matrices
were used to compute the common spatial filters that regu-
late the amplitude of brain electrical activity passing from
a specific location while attenuating activity originating at
other locations. The distribution of the output amplitude of
the spatial filters provides the metric for source localization.
To reduce the dimensionality in our source-space connec-
tivity analysis, we adopted a parcellation scheme before gener-
ating source time series. We combined the source estimates of
the voxels using the labeling according to automated anatomical
labeling (AAL) atlas (Tzourio-Mazoyer et al., 2002). Then, for
reconstructing the parcel-wise time series, we projected sin-
gle-trial epoched time series to the source-space by multiplying
them with spatial filter of the respective parcel obtained em-
ploying DICS. Subsequently, we computed the coherence be-
tween relevant parcels for rare and frequent perceivers explicitly.
As the creation of common spatial filter required multiple
trials and participants to reconstruct one reliable estimate of
source time series, we resort to bootstrapping to compare the

differences in pairwise source-level coherence between rare
and frequent perceivers. Initially for each relevant parcel,
from the trials pooled over participants in each group (rare
and frequent), 500 trials were randomly picked to form two
sets of random partition. Subsequently, pairwise coherence
between the parcels was computed on a trial-by-trial basis
and averaged for rare and frequent perceivers separately.

The aforementioned steps were repeated 500 times to gen-
erate a distribution of pairwise coherence values for frequent
and rare perceivers. Significance of pairwise coherence dif-
ference values between the rare and frequent perceivers was
evaluated from bootstrapped estimates.

3 | RESULTS

3.1 | Variability in multisensory perception
Incongruent McGurk stimulus, visual /ka/ paired with audio
Ipal also referred as /pal-/kal, and three kinds of congruent
AV stimuli—/ra/-/tal, Ipal-Ipal, and [kal-lkal—were pre-
sented to all participants. The sequence of presentation was
randomized. As the participants observed each of the stimuli,
they were instructed to report with a set of four keys if they
had heard /tal, Ipal, lkal, or “something else.”

Response tendency (inter-trial variability), computed
as the relative proportion of illusory (/ta/) responses in all
McGurk trials across all participants, showed that /ra/ per-
cept was reported in 58.19% (SD = 32.33) of trials, whereas
unisensory /pal percept was reported in 37.56% (SD = 31.79)
trials (Figure 4a). However, paired two-sample 7 tests com-
paring the percentage of illusory /fa/ and unisensory /pa/
percept over all the participants revealed no significant dif-
ference (1,7 = 1.36, p = .19). Congruent AV stimuli (/za/, Ipal,
and /ka/) were correctly identified in 96.56% (SD = 2.88) tri-
als by all the participants.

A high degree of inter-individual variability in McGurk
susceptibility was observed (Figure 4b) while analyzing
participant-wise /fa/ percept during McGurk stimulus. The
participants were classified based on their McGurk suscep-
tibility in the incongruent trials into two groups—rare per-
ceivers (<50% /tal percept) and frequent perceivers (>50%
/tal percept). Eight of the eighteen participants elicited
<50% propensity of perceiving the McGurk effect. A two-
way analysis of variance with congruent AV stimuli (/pal,
/tal, and /kal) and participant groups (frequent and rare) as
factors revealed that only the type of congruent stimulus
affects the hit rate, F(2, 53) = 4.44, p = .02, and the effect
of participant group (frequent or rare) on the hit rate was
not significant, F(1, 53) =4.18, p = .05. Also, there was no
evidence of interaction between the congruent AV stimulus
type and the participant group F(2, 53) = 0.07, p = .937.
We further performed paired two-sample ¢ test to compare
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(a) Inter-Trial variability (b) Inter-Individual variability
Incongruent McGurk Congruent AV stimuli Incongruent McGurk stimulus
stimulus (/pal-/kal)
/pa/-/ka/ /pa/-/pa/ /ta/-/ta/  /ka/-/ka/
100 *
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FIGURE 4 Behavior: Behavior: (a) Inter-trial variability—Percentage of /ta/ (illusory) and /pa/ (unisensory) percept during the presentation

of McGurk stimulus and the hit rate during the presentation of congruent AV stimuli (/pa/, /tal, and /ka/) averaged over all the participants. The red

mark in each box plot indicates the median. (b) Inter-individual variability—Propensity of McGurk effect for each of the 18 participants expressed

as the percentage of /ta/ percept during the presentation of McGurk stimulus. The participants were categorized as frequent perceivers (blue

diamonds, >50%) and rare perceivers (red diamonds, <50%) [Colour figure can be viewed at wileyonlinelibrary.com]

the differences in the hit rate during the congruent stimuli.
We observed that hit rate during congruent AV stimulus
Ipal was significantly lower that hit rate during congruent
AV stimuli: /tal (t,; = =2.06, p = .047) and /kal (t,; =
—2.97, p = .005).

3.2 | Large-scale functional connectivity in
EEG sensor space

The emergence of specific cognitive trait is subserved by
the coordination of distributed functionally specialized neu-
ronal assemblies or brain regions (Bressler, 1995; Bressler &
Menon, 2010; Varela et al., 2001). Based on our previous study
(Kumar et al., 2016), we hypothesized that neural signatures of
inter-individual can be quantified using the global coherence
metric that captures the degree of neuronal synchronization
over the entire brain from EEG scalp-level recordings.

We observed a significant negative correlation between
each participant's alpha band global coherence and their
McGurk susceptibility during incongruent McGurk con-
dition (/pal-lkal), r(18) = —0.49, p = .04 (Figure Sa),
congruent /tal-/tal, r(18) = —=0.51, p = .03 (Figure 5b),

and /kal-lkal, r,(18) = —0.49, p = .04 (Figure 5c) stimuli.
However, alpha modulation among participants during
congruent /pal-/pal condition was not correlated with their
McGurk susceptibility, r,(18) = —0.18, p = .47 (Figure 5d).
Evidently, there was also no correlation between global
coherence in any other frequency bands and McGurk
susceptibility during incongruent McGurk (/pal-/kal),
0: r,(18) = =0.29, p = .22, p: r,(18) = =0.21, p = .39, y:
r,(18) = —0.10, p = .45; congruent /pal, 6: r,(18) = —0.38,
p = .12, p: r(18) = -0.14, p = 57, y: r,(18) = —0.15,
p = .53; congruent /tal 6: r(18) = —0.36, p = .14, p:
r(18)=-0.17, p = .50, y: r,(18) = —0.19, p = .42, and con-
gruent /ka/ (0: r,(18) = —0.31, p = .20, p: r(18) = -0.22,
p=.37,v:r,(18) = —-0.16, p = .50 stimuli.

3.3 | A simple interacting neural mass
model with fast, intermediate, and slow time
constants explains de-synchronization of alpha
band global coherence

Global coherence dynamics may reflect the potential opera-
tion of a large-scale network that supports multisensory speech

Incongrgent Congruent AV stimuli
McGurk stimulus
/pa/-/ka/ b /ta/-/ta/ /ka/-/ka/ d /pa/-/pa/

FIGURE 5 Large-scale functional (a) ®) (d)

o 0.6 . R=-.49 0.6 R=-.51 0.6 R=-.49 0.6 R=-18
connectivity: Mean alpha band coherence § o5 . p=.04 sl e 03 o ‘. p=.04 . o‘ , P=AT
. .. . + L
in each participant plotted against that e e, ' TR O ' e, N L

‘o

participant's susceptibility of McGurk § 04 m GAY B S - 04 m 0.4 W
effect during stimulus: (a) McGurk, (b) % 0.3 . 03 " 03 ’ 0.3 “
congruent /ta/, (c) congruent /ka/, and (d) < 02 . . 02
congruent /pa/ [Colour figure can be viewed "o 50 100 0 50 100 0 50 100 0 50 100

at wileyonlinelibrary.com]

Percentage of illusory /ta/ perception
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perception. We hypothesized the variability in McGurk per-
cept across participants to be grounded in specific interactions
between neural assemblies (Figure 6). In order to account for
the observed global coherence patterns, we employed a neu-
ral mass model comprising three nodes broadly representing
the auditory and visual areas in the sensory cortices, and the
multisensory node representing the collection of multisen-
sory (or modality nonspecific) areas. Each node comprised a
population of excitatory and inhibitory Hindmarsh-Rose (HR)
neurons (Hindmarsh & Rose, 1984) operating at different
physiologically motivated time scales (see Section 2 for more
details). Model parameter details are presented in Table 1.

We sought to explore the global coherence while varying
the configuration and strength of coupling among the nodes
in our model. For instance, in Figure 6a auditory node's excit-
atory coupling of +W,,, on multisensory node was balanced
with inhibitory coupling of the same strength (=W, from
the multisensory node. In such a configuration, auditory node
is being the source of excitation and is referred as the source,
whereas multisensory node is referred as the sink as all ex-
citatory couplings are directed toward it. The visual node in
such configuration behaves as both source and sink.

The coexistence of coherence in alpha and gamma band
facilitated by the two time scales of visual (slow) and auditory
(fast) nodes was observed in network configuration wherein
visual node operates as the source and auditory node acts as a
sink (Figure 6g). Moreover, the concurrence of the coherence in
alpha and gamma bands emerged in the coupling between au-
ditory and visual regions (coupling parameter ranging between
0.35 and 0.7) via two routes—(a) direct coupling (W,,) and (b)
indirect coupling (W,,, & Wy,,) involving multisensory node
(M). We assumed coupling strength <0.35 to be weak coupling
(WC), coupling strength between 0.35 and 0.7 to be moderate
coupling (MC), and coupling greater than 0.7 to be strong cou-
pling (SC). In SC range, we observed high coherence in alpha
band and gamma bands; however, no peak was observed in
alpha band. In the MC range, none of the model configurations
were able to generate concurrent coherent states in alpha and
gamma bands (Figure 6a-h), except Figure 6g, where visual
node acts as the source of excitation. Furthermore, direct cou-
pling between auditory and visual nodes alone (W, ranges from
0to 1, Wy, & Wy,, = 0) results only in alpha band coherence
(Figure 6j). Interestingly, emergence of only gamma band coher-
ence was observed when the indirect coupling in the model was
varied between A-V nodes via multisensory node (W,,, & Wy,
range from O to 1, W,,, = 0) in MC range (Figure 6k).

3.3.1 | Direct audio—visual interaction
underpins inter-individual variability

Our empirical findings indicate a significant negative cor-
relation between participant-wise alpha band coherence and

McGurk susceptibility. We hypothesized mediation of inter-
action between auditory (A) and visual (V) nodes via the mul-
tisensory node (M; i.e., stronger A—-M and V-M coupling than
A-V coupling) to be characteristic of participants with higher
susceptibility to the McGurk effect. To test this hypothesis,
a balanced network coupling state, W,,, =W,,=W,,, =0.35
where alpha and gamma band coherences coexist was con-
sidered, following which the change in the coherence peaks
with decreasing direct A-V coupling (W,,) was studied. A
suppression of alpha coherence peak with decrease in Wy,
was observed (Figure 7); however, gamma coherence peak
remained more or less unchanged. Only when A-V coupling
in the computational model became negligible (W,, <0.05
), disappearance of alpha coherence peak was observed. We
use this basic observation to revisit the empirical data and
ask whether there was evidence for a disconnection or uncou-
pling between auditory and visual sources in subjects who
evinced differential alpha coherence.

3.4 | Validation of model predictions using
source connectivity analysis

Finally, we obtained source-level time series for each brain
parcel by projecting single-trial time series to the source-
space by multiplying them with spatial filter of the respec-
tive parcel using voxel to parcel mapping provided by AAL
atlas (see Section 2 for details). Subsequently, the pairwise
coherence—a measure of functional connectedness—be-
tween the parcels associated with auditory and visual areas
was computed. Auditory-specific parcel, superior temporal
gyrus (STG), and the visual parcels, superior occipital cor-
tex (SOC), medial occipital cortex (MOC), and inferior oc-
cipital cortex (IOC), were identified. A significant increase
of 0.8% and 0.5% in the functional connectivity in rare per-
ceivers than frequent perceivers was observed between left
STG and left SOC (mean coherence increase = (0.0071,
SD = 0.0015), and between left STG and left MOC (mean
coherence increase = 0.0053, SD = 0.0020), respectively
(Figure 8 and Table 2). Percentage increase in the aforemen-
tioned coherence differences in rare perceivers compared to
frequent perceivers between the auditory and visual parcels
in both hemispheres is summarized in Table 2. Achieved
significance levels were estimated using normal intervals
as the bootstrapped estimates of coherence differences fol-
lowed normal distribution (Wasserman, 2005). Normality of
each coherence distribution was tested using Lilliefors test
where the null hypothesis that bootstrapped coherence val-
ues come from a normal distribution could not be rejected at
95% significance. To cross-check the results, we ran several
permutations of the comparison, and the main pattern of left
STG-SOC and left STG-MOC connectivity being signifi-
cantly higher in rare perceivers did not change.
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Plausible coupling scenarios

(@ /‘\ (b) ﬁ (c) } (d)
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Prediction of alpha and gamma band coherence
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4 | DISCUSSION
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An ongoing challenge in multisensory speech perception
community is to accurately identify and characterize the
neural mechanisms that govern the perceptual variability
across individuals. Traditionally, studies have focused on
identifying the neural correlates in terms of candidate brain
regions or interactions among specific regions of interest
that are responsible for the observed heterogeneity (Nath &
Beauchamp, 2012). A more emerging understanding, how-
ever, suggests the existence of large-scale networks of brain
regions facilitating perceptual processing (Beauchamp, 2015;
Keil et al., 2012; Kumar et al., 2017). Neuronal oscillations
have been identified as a key marker of neuronal information
processing in the relevant brain regions that needs to be fully
explored to shape an individual's perceptual experience (Keil
et al., 2012; Keil & Senkowski, 2018; Kumar et al., 2016,
2017). Robust oscillations observed from macroscopic re-
cordings such as EEG/MEG are an outcome of network
interactions among local subpopulations of excitatory and in-
hibitory neurons (Becker, Knock, Ritter, & Jirsa, 2015; Deco,
Rolls, & Romo, 2010; Wilson & Cowan, 1972). Empirically,
such interactions result in global coherence dynamics (Kumar
et al., 2017). Our study demonstrates how distinct global co-
herence patterns correlate with inter-individual heterogene-
ity. Subsequently, using a computational model of interacting
large-scale brain networks, we explain the plausible neural
mechanisms that generate the coherence dynamics associ-
ated with the observed heterogeneity. Finally, we validate
the plausible mechanism that emerged from the model about
the connection parameters among interacting neural subsys-
tems using source-space functional connectivity analysis. Put
together, we present a biologically plausible mechanistic pro-
posal that underlies the observed inter-individual variability
in multisensory speech perception.

The key observations in our study are as follows: (a)
Susceptibility of individuals' McGurk effect is negatively
correlated to their alpha band global coherence—indicating
that the degree of synchronization of large-scale neural as-
semblies in the alpha band underlies inter-individual vari-
ability; (b) weakened direct A—V coupling in the neural mass
model leads to the decrease in alpha band coherence; and (c)
individuals with higher McGurk susceptibility elicited de-
creased pairwise connectivity between the sensory-specific
(audio and visual) areas than individuals with lower McGurk
susceptibility.

KUMAR ET AL.
4.1 | Global coherence as the index of
perceptual variability
Inter-individual differences observed in our study

replicate (including reports from our group) and ex-
tend previous studies. 44% of our participants had
more than 80% McGurk percept which lies within
the range of 26%-100% reported in previous studies
(Benoit, Raij, Lin, Jddskeldinen, & Stufflebeam, 2009;
MacDonald, Andersen, & Bachmann, 2000; McGurk &
Macdonald, 1976; Nath & Beauchamp, 2012; Figure 4a).
Also, our mean McGurk percept (collapsed across partic-
ipants) of 58% is within the literature range of 24%—-100%
(Benoit et al., 2009; MacDonald et al., 2000; McGurk
& Macdonald, 1976; Nath & Beauchamp, 2012; Strand,
Cooperman, Rowe, & Simenstad, 2014; Figure 4a,b).
Hence, the behavioral results give confidence that the
corresponding brain patterns will be of robust signifi-
cance and general applicability. Our results show that the
extent of de-synchronization of the cortical network in
the alpha band indexes an individual's McGurk suscepti-
bility (Figure 5a—c). This finding has two key elements.
First, the inverse relationship between McGurk suscepti-
bility and alpha band global coherence was consistent for
McGurk stimulus and the congruent AV stimuli (/ta/ and
/kal) as well. This highlights that our observations indeed
reflect inter-individual differences/perceptual categoriza-
tion and not necessarily stimulus configurations. Second,
it pinpoints that inter-individual variability is contingent
on the functional state of the brain which can be cap-
tured by exploring the dynamics of the large-scale corti-
cal network. The syllables /tra/ and /ka/ can be difficult
to distinguish with visual cues alone, but acoustically are
different. Therefore, coincidence of AV cues allows both
the group of perceivers to reap the benefits of AV integra-
tion during congruent AV stimuli /za/ and /ka/. However,
the bilabial syllable /pa/ is very different visually from
/tal and /ka/. Hence, identification of the congruent AV
syllable /pa/ does not necessarily require AV integration.
Therefore, we do not see any significant correlation dur-
ing congruent /pa/ stimulus (Figure 5d).

Previous evidences accentuate the modulations in
alpha band coherence to central executive processes
(Klimesch, 1999; Sauseng, Klimesch, Schabus, &
Doppelmayr, 2005) that are postulated to be involved in
allocating working memory storage to phonological loop

FIGURE 6 Prediction of alpha and gamma coherences from neural mass model: (a—h) Exploration of various coupling scenarios to identify

whether it is possible to generate alpha and gamma coherence in moderate coupling range. Only the model configuration (g) exhibits concurrent

coherence in the alpha and gamma bands in the moderate coupling range. (i) Alpha and gamma band coherences coexist in moderate coupling

range when visual node is source and auditory node is the sink (j) Only direct A~V coupling generates alpha coherence independently. (k) Indirect

A-V coupling via multisensory node generates gamma coherence at the limit case scenario of weak direct coupling. Note: (reciprocal) inhibitory

connections have been omitted for clarity [Colour figure can be viewed at wileyonlinelibrary.com]
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FIGURE 7 Mechanistic understanding Inter-individual variability
of inter-individual variability: Alpha de-

— Excitatory coupling (EC)

synchronization characteristic of frequent
. .. O Source of EC
perceivers resulted due to negligible A—V
coupling [Colour figure can be viewed at 0.35 ‘\0.35 . Sink of EC
wileyonlinelibrary.com] O Both source and sink of EC
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TABLE 2

see Section 2)

Summary of the source-level coherence difference between the parcels from rare and frequent perceivers (bootstrapped estimates,

Left hemisphere Right hemisphere

% Mean Achieved significance % Mean Achieved significance
Connectivity  Increase difference SD level (ASL) p Increase difference SD level (ASL) p
STG-SOC 0.8 0.0071 0.0015  <.0001" 0.2 0.0016 0.0017 .53
STG-MOC 0.5 0.0053 0.0020  <.0001" 0.4 0.0038 0.0015 .12
STG-10C 0.3 0.0035 0.0010 .16 0.3 0.0028 0.0016 .09

*Significance.

that maintains verbal information, and the visuo-spatial
sketchpad that maintains transient visuo-spatial information
(Baddeley, 1992). Such processes are involved in cross-
modal perception that requires the integration of information
from distributed neuronal assemblies. Taken together, com-
munication via alpha coherence may be the most plausible
neuromarker of inter-group variability at the network level
bearing the signature of integration.

4.2 | Multisensory node operational at
intermediate time scale renders communication
effective between sensory-specific nodes
operating at slow and fast time scales

Neural mass models that operate to explain mesoscopic and
macroscopic features of dynamics in EEG/MEG data offer
an attractive tool to understand the underlying neural mecha-
nisms (David & Friston, 2003; Jansen & Rit, 1995; Lopes da
Silva, Hoeks, Smits, & Zetterberg, 1974). The time scale of
processing in our computational model is most disparate for
the auditory and visual nodes, with auditory the fastest and vis-
ual the slowest (Rosen & Howell, 2011; Williams et al., 2004).
Without the presence of an intermediate time scale, only alpha
coherence is sustained by the neural mass model within bio-
logically relevant parameter regimes (Figure 6). On introduc-
tion of another neural mass operating at intermediate time
scale, synchronization in the gamma band emerges because
higher dimensionality of the resultant dynamical system al-
lows creation of another mode of communication exchange.
Hence, our model suggests that emergence of gamma band
coherence could be attributed to the communication between
areas of auditory and visual cortices gated through multisen-
sory areas such as STS (Figure 7). Our suggestion is in line
with earlier observations of visual stimuli modulating audi-
tory perception either directly resulting in alpha band coher-
ence (Kayser, Petkov, & Logothetis, 2008) or indirectly via
higher order regions resulting primarily in gamma band coher-
ence (Kayser & Logothetis, 2009; Maier, Chandrasekaran, &
Ghazanfar, 2008).

Drawing from the model, inter-individual differences pri-
marily emerge from the differences in the A-V coupling. A
stronger A—V coupling implies a lesser mediation via the mul-
tisensory node (stronger A—M and V-M) leading to weaker in-
tegration which is akin to rare perceivers. Conversely, lesser
A-V coupling implies a larger involvement of the multisen-
sory node (stronger A—M and V-M) in mediating the integra-
tion of the sensory inputs that is characteristic of frequent
perceivers. Findings from our model corroborate with the
earlier findings that pinpoint the significance of functional
connectedness of the multisensory regions like STS to senso-
ry-specific, frontal, and parietal regions in facilitating cross-
modal perception (Keil et al., 2012).

There are a number of qualifications that attend this work
and its interpretation. In brief, our exploration of different
connectivity architectures was limited to extrinsic (i.e., be-
tween nodes) coupling differences. These differences were
both in terms of the arrangement of the connections and
connection strengths. However, we did not consider intrin-
sic connectivity, namely within-node connections. The role
of intrinsic connectivity in accounting for inter-individual
differences is something that we hope to explore in the
future. This is a potentially important avenue of enquiry,
given the sensitivity of global dynamics to subtle changes
in intrinsic connectivity and excitability (Freyer, Roberts,
Ritter, & Breakspear, 2012; Gilson, Moreno-Bote, Ponce-
Alvarez, Ritter, & Deco, 2016; Roy et al., 2014). This is
particularly prescient from the point of view of predictive
coding models of multisensory integration. In this setting,
the precision assigned to various sources of information
(i.e., prediction errors) is thought to be mediated by intrinsic
excitability (or self-inhibition; Bhatt et al., 2016; Brown &
Friston, 2012; Pinotsis et al., 2014). We also note, in con-
trast to the neural mass models used in dynamic causal mod-
eling (Bastos et al., 2012, 2015; Litvak, Garrido, Zeidman,
& Friston, 2015), that the designation of forward and back-
ward is based purely upon the distinction between excit-
atory and inhibitory connectivity. In biologically plausible
models, this designation usually rests upon laminar spec-
ificity (Markov et al., 2013; Shaw et al., 2019). However,
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our neural mass model did not distinguish between differ-
ent excitatory and inhibitory populations in different corti-
cal layers. It would be interesting to reproduce the analysis
reported above using nuanced models of the sort used in
dynamic causal models based on the canonical microcircuit.
Provisional work in this area has already considered A/V
sensory integration (Li, Xi, Zhang, Liu, & Tang, 2019);
however, it has not yet addressed the cardinal issue of in-
ter-individual variability.

43 | Dynamic coupling between audio and
visual cortices underlies perceptual variability

Most importantly, we validated our predictions from the
dynamical model to the empirical estimates of source-level
functional connectivity. Our pairwise connectivity between
the parcels (Figure 8) shows increased connectivity be-
tween the auditory and visual parcels in rare than frequent
perceivers. Interestingly, we observed this increase only
in the left hemisphere which corroborates the earlier find-
ings accentuating left laterality in multisensory speech
perception (Beauchamp, 2010; Keil et al., 2012; Nath &
Beauchamp, 2012). Notably, for our source reconstruction,
we used a form of beamforming (DICS) to identify sources
that were likely to contribute the most power in sensor space.
While this was sufficient for our purposes, this kind of source
reconstruction has to be used carefully when subsequently
measuring coherence among sources. This is because the
scheme used to identify or estimates sources suppresses
coherent activity between sources. It will be interesting to
perform a more detailed source reconstruction that embodies
our prior knowledge about the key nodes or sources involved
in the McGurk effect, for example, using equivalent current
dipole reconstructions that are guided by the functional mag-
netic resonance imaging (fMRI) literature in this area.

The analysis pipeline (Figure 1) can be generalized easily
to other studies of complex perceptual phenomena. For exam-
ple, alpha and/or gamma coherences have been observed in
AV perception studies involving speech phrases (Doesburg,
Emberson, Rahi, Cameron, & Ward, 2008), natural scenes
(Kayser et al., 2008), and also artificially generated A-V
looming signals (Maier et al., 2008). Modulations in A~V in-
teractions that explain differences in McGurk susceptibility
in our study could also explain the increase in alpha phase
consistency observed during natural AV scenes in rhesus
monkeys (Kayser et al., 2008). Our model demonstrates that
increase in the interaction between neural nodes operating at
fast and slow time scales via a node operating at an interme-
diate time scale results in increased gamma and decreased
alpha and beta band coherence. However, a slight tweak in
the model topology elicits coherence modulations in varied
frequency bands. A basic understanding that multifrequency
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coherent states of the network emerge from their difference
in time scales can be used to explain a large repertoire of
empirical observations.

Although our model of three interacting neural masses
with different time constants that generate band-specific co-
herences can come across as a canonical model of neuronal
network dynamics, certain limitations exist. Multi-parametric
and unbounded nature of the parameter space results in myr-
iads of dynamics including chaos (Stefanescu & Jirsa, 2008).
Therefore, such models cannot be used to directly fit the data
using optimization techniques and should be limited to use
as a phenomenological or minimalistic model in providing
mechanistic insights into many findings (Engel, Senkowski,
& Schneider, 2011; Fries, 2015)—both in normal and in clin-
ical population. Also, this kind of neural mass model can
be contrasted with the neural mass models used in dynamic
causal modeling, which have the fixed point attractors and
can be used to fit observed EEG time series or spectra.
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