J Neurophysiol 124: 1885-1899, 2020.
First published October 14, 2020; doi:10.1152/jn.00693.2019.

RESEARCH ARTICLE | Higher Neural Functions and Behavior

Increase in internetwork functional connectivity in the human brain with attention

capture

Hongyang Sun,!
and René Marois?3*

Qiuhai Yue,? Jocelyn L. Sy,? Douglass Godwin,”> Hana P. Eaton,> Padma Raghavan,!

'Department of Electrical Engineering and Computer Science, Vanderbilt University, Nashville, Tennessee; *Department of

Psychology, Vanderbilt University, Nashville, Tennessee; *Vanderbilt Vision Research Center, Vanderbilt University, Nashville,

Tennessee; and *Center for Integrative and Cognitive Neuroscience, Vanderbilt University, Nashville, Tennessee

Submitted 11 November 2019; accepted in final form 4 October 2020

Sun H, Yue Q, Sy JL, Godwin D, Eaton HP, Raghavan P,
Marois R. Increase in internetwork functional connectivity in the
human brain with attention capture. J Neurophysiol 124: 1885-1899,
2020. First published October 14, 2020; doi:10.1152/jn.00693.2019.
Attention is often extolled for its selective neural properties. Yet,
when powerfully captured by a salient unexpected event, attention
can give rise to a broad cascade of systemic effects for evaluating
and adaptively responding to the event. Using graph theory analy-
sis combined with fMRI, we show here that the extensive psycho-
physiological and cognitive changes associated with such attention
capture are related to large-scale distributed changes in the brain’s
functional connectivity. Novel task-irrelevant “oddball” stimuli pre-
sented to subjects during the performance of a target-search task trig-
gered an increase in internetwork functional connectivity that degraded
the brain’s network modularity, thereby facilitating the integration of in-
formation. Furthermore, this phenomenon habituated with repeated odd-
ball presentations, mirroring the behavior. These functional network
connectivity changes are remarkably consistent with those previously
obtained with conscious target perception, thus raising the possibility
that large-scale internetwork connectivity changes triggered by atten-
tional capture and awareness rely on common neural network dynamics.

NEW & NOTEWORTHY The selective properties of attention
have been extensively studied. There are some circumstances in
which attention can have widespread and systemic effects, however,
such as when it is captured by an unexpected, salient stimulus or
event. How are such effects propagated in the human brain? Using
graph theory analysis of fMRI data, we show here that salient task-
irrelevant events produced a global increase in the functional inte-
gration of the brain’s neural networks.

attention capture; brain networks; functional connectivity analysis;
graph theory; oddball

INTRODUCTION

Novel, salient stimuli in the environment can powerfully grab
attention and trigger a cascade of behavioral and physiological
changes that ready the organism for an appropriate response
(Pavlov 1927; Sokolov 1963). Such stimulus-driven ‘“‘orienting
response’ is often accompanied with a wide array of physiologi-
cal changes, including sympathetic nervous system activation,
increased arousal, pupillary dilation, and galvanic skin response
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(Beatty 1982; Kahneman and Beatty 1966; Tracy et al. 2000).
The triggering events can also mobilize numerous cognitive
processes, including (but not limited to) the orienting of atten-
tion, event evaluation, and planning of appropriate behavioral
responses (Han and Marois 2014; Kahneman 1973; Sara and
Bouret 2012). All together, these processes prepare an individ-
ual to interact with the attention-grabbing event in accordance
with its behavioral meaning and value. As such, the cumulative
response to unexpected or sudden events in the environment can
be considered a global one, recruiting aspects of both body and
mind.

In contrast to the global effects resulting from the capture
of attention by a surprise stimulus, neurobiological studies of
attention have mostly focused on attention’s selective goal-
directed neural properties (Chawla et al. 1999; Corbetta and
Shulman 2002; Desimone and Duncan 1995; Kastner et al.
1999; Reynolds et al. 1999; Reynolds and Chelazzi 2004).
Such attentional focus can, however, also trigger a cascade of
neurophysiological changes that propagate across brain regions,
for example via oscillatory mechanisms (Fries et al. 2001;
Womelsdorf et al. 2006). Indeed, widespread changes in neuro-
physiological activity are an integral part of an influential model
of attention, the biased competition model, in which attention
biases the competition for representations of stimuli or events
throughout the brain (Desimone and Duncan 1995). Yet, evi-
dence that attention can produce truly global neural changes is
scant (Rosenberg et al. 2017). Attention networks of the brain
have been well delineated, including a ventrolateral ‘“‘stimulus-
driven” network composed of the temporoparietal junction, infe-
rior frontal junction, and anterior insula (Corbetta and Shulman
2002; Downar et al. 2000; Marois et al. 2000; Serences et al.
2005) that overlaps with a related “salience” network in Al and
dorsal anterior cingulate cortex (Menon and Uddin 2010; Menon
2011), as well as a dorsal “goal-directed”” network consisting of
core components in the frontal eye field and dorsal parietal cortex
(Beck et al. 2001; Chica et al. 2014; Corbetta and Shulman 2002;
Kastner et al. 1999; Shulman et al. 1999). However, given the
wide-ranging extent of the cognitive and physiological changes
associated with the orienting response, such changes may also
originate from a range of brain regions well beyond the confines
of the attention networks. Moreover, the rapidity and flexibility
with which an individual may have to interact with the surprising
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event could be optimized if cortical resources were also primed
to address this event in a swift manner. Thus, we hypothesize that
attention capture by a surprising event involves widespread alter-
ations in the functional topology of the human brain to facilitate
the rapid exchange of information across the cerebral cortex.
According to this hypothesis, while the attention networks would
ignite attention capture, their effects would be propagated across
a broad expanse of the brain to prime the observer’s analysis and
context-appropriate response to the surprising event, akin to the
global workspace model of awareness. As such, attention cap-
ture would represent a dynamic interplay between specific
networks and the entire brain state, consistent with recently
proposed frameworks of large-scale dynamic brain function
(Ciric et al. 2017).

Using functional magnetic resonance imaging (fMRI) com-
bined with graph theory analyses, we sought to examine whether
detection of salient, novel task-irrelevant “oddball” events pro-
duced functional connectivity changes throughout the brain or
whether they were mostly confined to the attention/salience net-
works. Graph theory is ideal for testing global functional connec-
tivity predictions, as it provides concise measurements of the
functional topology of an entire graph system (Bullmore and
Sporns 2009; Medaglia et al. 2015). Participants performed a
demanding goal-oriented visual search task in which they moni-
tored a rapid stream of distractors for the presentation of target
letters, with the task disrupted by the rare presentations of unex-
pected, salient oddball images. We then used graph theory analy-
sis to assess whether the initial presentations of oddballs produce
a global shift in the pattern of functional connectivity rather than
regional (attention network) changes, and to determine whether
such global changes would mirror the behavioral habituation pat-
tern that is observed with repeated presentations of the surprising
events (Asplund et al. 2010a, 2010b; Sokolov 1963). If such
global connectivity changes are observed with attention, we also
aimed at distinguishing the underlying process(es) driving those
changes. One mechanistic possibility is that they are brought
about by increased integration of the brain’s networks due to a
surge in internetwork connectivity, as was observed for percep-
tual awareness of a goal-relevant target (Godwin et al. 2015),
consistent with the finding that integrated network states enable
faster cognitive performance tasks (Shine et al. 2016). Another
possibility is that these changes could result from a modulation
in “small-worldness”, a measure of the brain’s balance between
functional integration and functional specialization (Bassett and
Bullmore 2017; Bassett et al. 2006; Watts and Strogatz 1998)
that is indicative of the graph’s propensity for efficient informa-
tion processing and propagation (Oliveira et al. 2014). In the lat-
ter account, attention capture could shift the state of the brain’s
small-worldness toward greater functional integration by reduc-
ing the functional distance between all brain regions, i.e., reduc-
ing the characteristic path length of the graph system, while
leaving regional specialization relatively unaffected.

MATERIALS AND METHODS

This study presents novel connectivity and graph theory analyses of
data acquired in Asplund et al. 2010b. The graph analytic methods
have been previously described in detail in Godwin et al. 2015.
Additional details of the experimental design can be found in Asplund
et al. 2010b. Any new analytic steps are described in the following
sections.

FUNCTIONAL CONNECTIVITY AND ATTENTION CAPTURE

Participants

Thirty-one individuals (12 females, age range 19-29 yr) recruited
from the Vanderbilt University community participated in the study. All
participants had normal or corrected-to-normal vision. The Vanderbilt
University Institutional Review Board approved the experimental proto-
col, and written informed consent was obtained from all participants.
Data from one participant was excluded due to technical problems dur-
ing the scan session. Two participants were excluded from fMRI analy-
ses because their average global motion fell beyond 2.5 standard
deviations from the mean of the sample. An additional three participants
were excluded because they had a disproportionate number of events
that were censored from functional connectivity and graph theory analy-
ses due to excessive framewise head displacement (see Experimental
Design: fMRI Methods below). As a result, the connectivity analyses
below include 25 participants.

Experimental Design: Behavioral Paradigm

The main task (Fig. 1) consisted of searching for a target letter (“X”)
presented in a rapid serial visual presentation (RSVP) of distractor let-
ters (all letters were shown in white Helvetica font, 1.8° x 1.8°, over-
laid on a dark gray background). Trials were 8 s long and consisted of a
3.4-s letter RSVP followed by a 2-s response period and a 2.6-s inter-
trial interval (ITI). RSVP periods consisted of 31 letters chosen ran-
domly, without possibility of repeats, from a possible set of 20, with
vowels being excluded from the possible set. All stimuli were shown
for 100 ms with a 10-ms interstimulus interval (ISI). An onscreen
prompt directed participants to initiate a right index finger response to
indicate “target present” or a right middle finger response to indicate
“target absent.” ITIs displayed a white fixation cross on the screen for
the duration. The target was present on 77.5% of the 40 total trials pre-
sented over the course of one fMRI run per participant.

On a subset of trials (6 of 40), participants were shown a salient,
task-irrelevant “oddball” stimulus during the RSVP at fixation in place
of a distractor letter. Oddballs consisted of grayscale faces, each distinct
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Fig. 1. A: schematic of behavioral task. Each trial (8 s) began with a 3.4-s rapid
serial visual presentation (RSVP) of 31 letters, with each letter presented for 100
ms with a 10-ms interstimulus interval. Participants had 2 s to respond following
each trial as to the presence of a target. A 2.6-s intertrial interval followed each
response period. When presented, the oddball face occurred 330 ms before the
target letter. B: rates of target detection for Early-oddball, Late-oddball, and No-
oddball trials.
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from one another, and were shown during both target-present trials (for
five of the oddballs) and no-target trials (for one oddball). On target-
present trials, oddball images were displayed 330 ms before the target.
Although only faces were used in the current study, we have previously
shown that similar behavioral effects are obtained for other oddball
types (Asplund et al. 2010b). The order of oddball trials, including the
targetless oddball trial, was pseudorandomized and balanced across
subjects. Oddball trials were separated by a minimum of two trials con-
taining a target with no oddball stimulus. Only no-oddball trials were
practiced before the fMRI session, and participants needed to be profi-
cient at 80% accuracy before scanning.

All stimuli were presented using Psychophysics Toolbox exten-
sions (Brainard 1997; Kleiner et al. 2007; Pelli 1997) in MATLAB
(MathWorks).

Experimental Design: fMRI Methods.

The study was carried out in a 3T GE MRI system at the Vanderbilt
University Institute of Imaging Sciences. Stimuli were back-projected
from an LCD projector (Avotec, Inc.) onto a screen viewed by the partic-
ipant lying in the scanner via a mirror. Nineteen 7-mm-thick axial slices
were taken parallel to the anterior commissure-posterior commissure
(AC-PC) line (0 mm skip; 3.75 x 3.75 mm in-plane). T2*-weighted
image acquisition consisted of a 25-ms echo time, 70° flip angle, 240-
mm field of view, 64 x 64 matrix, and a 2,000-ms repetition time; 166
brain volumes were collected during the functional scan, although the
first 6 volumes were discarded to allow for signal stabilization.

Data preprocessing was performed using BrainVoyager QX 2.6
(Brain Innovation) and included 3D head motion correction, linear
trend removal, and a correction for slice acquisition timing. Functional
and anatomic runs were coregistered and transformed into standard
Talairach space (Talairach and Tournoux 1988), with the functional
image data being resampled at 3 x 3 x 3 mm®. Prior to the functional
connectivity stage of analysis, six estimates of motion correction pa-
rameters (x, y, z, pitch, yaw, and roll), and six temporal (backward)
derivatives of motion parameters were regressed out of the data to
account for the potential effects of head motion on connectivity esti-
mates (Power et al. 2012), as were a temporal constant and four
physiological time series obtained from left and right white matter
and ventricles to account for variable physiological noise (Birn
2012); note that leaving out the white matter and ventricle signals
from the general linear model (GLM) yielded similar findings to
those reported in the RESULTS section, namely significant effects of
oddball presentation order on modularity (F,45=77.10, P < 0.001,
ANOVA), segregation (F, 43 =43.97, P < 0.001, ANOVA), and par-
ticipation coefficient (F,45=33.17, P < 0.001, ANOVA). We
included all trials (i.e., both correct and incorrect trials) in the analy-
sis. GLMs included condition-specific regressors for the first two
oddball trials (“Early” oddballs), the next four oddball trials (“Late”
oddballs), target-present trials with no oddballs, and target-absent
trials with no oddballs. The decision to distinguish the initial two
oddballs from the later four was based on the pattern of behavioral
results indicating an exponential decrement in oddballs’ capacity to
capture attention with repeated presentations, with the first two pre-
sentations capturing more attention than the next four, as judged by
target detection performance (Asplund et al. 2010a, 2010b). This ra-
tionale is further bolstered by univariate fMRI analyses showing far
stronger BOLD signal responses to the first two oddballs than for
subsequent pairs of oddballs (Asplund et al. 2010b). In addition to
the two oddball conditions (Early- and Late-oddball trials), no-odd-
ball trials with and without a target were combined into the “No-
oddball” condition for connectivity and graph theory analyses to
provide a robust baseline for assessing connectivity and topology in
the absence of distracting oddball images.

Because functional connectivity and graph theory measures have
been shown to be particularly sensitive to head motion (Drakesmith et
al. 2015; Power et al. 2012; Satterthwaite et al. 2012; Van Dijk et al.
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2012), extra steps were implemented to alleviate any effects of head
displacement before we constructed background connectivity matrices.
First, for each subject’s time series we computed the framewise head
displacement estimates (a singular measurement of movement created
by collapsing across the six estimates of motion). If the framewise dis-
placement was greater than an a priori threshold of 0.2 mm (Siegel et
al. 2014), we performed motion censoring, which involved removing
the corresponding brain volumes and the one before each high motion
volume. A trial’s remaining uncensored volumes were included in the
analysis if they constituted 50% or more of the volumes in the trial (i.e.,
>6/12 s of data remain after censoring). Furthermore, a subject is
included in the analysis only when there is at least one “clean” trial per
condition, where a trial was considered “clean” if it contained no cen-
sored volume. With the application of this criterion, three subjects were
excluded. We also tested and validated the robustness of our graph met-
ric results to a broad range of motion tolerance (see RESULTS).

For the remaining 25 participants, we next determined whether the
connectivity analyses could be confounded by a condition-specific pat-
tern of head movement by comparing the residual average framewise
displacement of head position across conditions of interest. We found
that the average framewise displacement, over the same 12-s window
used for connectivity analyses described in the next section, was influ-
enced by condition, F; 45="7.89, P = 0.001, partial nz =0.25, ANOVA.
However, pairwise comparisons between conditions indicate that this
difference is attributed to higher displacement and more motion during
Late-oddball trials (M =0.075, SE =0.006) than during Early-oddball
trials (M =0.066, SE =0.006; t,4=3.13, P = 0.005, Cohen’s d=0.63,
paired ¢ test) but not significantly higher than No-oddball trials
(M=0.072, SE =0.005; t,4=1.64, P = 0.1, Cohen’s d=0.33, paired ¢
test), and that No-oddball trials significantly differed from early-odd-
ball trials (t,4=2.85, P = 0.009, Cohen’s d=0.57, paired ¢ test). If the
present graph theory analysis was largely confounded by motion, and
given that the Early-oddball trials were one of those with the lowest dis-
placement, we would expect modularity to be greater for Early-oddball
trials than for Late-oddball and No-oddball trials, given previous evi-
dence that head motion has a negative relationship with modularity
(Satterthwaite et al. 2012). Such a modularity increase with early odd-
balls would run counter to the proposed intermodular network connectiv-
ity changes mentioned in the INTRODUCTION and, as evidenced in RESULTS,
would be inconsistent with our pattern of findings. Furthermore, when
we included this residual motion (i.e., the residual average framewise
displacements of head motion) as a covariate in a regression model at
the group level testing and assessed the effects of conditions on graph
theory measures (e.g., modularity), the main results of the graph theory
analyses were qualitatively the same as those presented in RESULTS (i.e.,
there was still a main effect of oddball condition for both modularity,
F>47=59.61, P < 0.001, partial M?=0.72, and participation coefficient,
Fa47=4221, P < 0.001, partial n*=0.64).

Functional Connectivity and Statistical Analysis

Regions of interest (ROIs) were defined according to the results of a
previously reported analysis of resting-state functional connectivity
(Power et al. 2011), in which the authors identified 264 nodes with
strong overlap with known functional-network systems. Conversion of
these Montreal Neurological Institute coordinates into Talairach coor-
dinate space was performed in the current study via the mni2tal.m func-
tion in MATLAB. Six-millimeter-radius spheres were drawn around
each coordinate to create a list of 264 ROIs to serve as nodes for graph
theory analyses.

To produce a full connectivity matrix for each participant, a sepa-
rate GLM was performed for each of the 264 seeds (nodal ROIs). In
GLM, task-dependent activity was modeled by convolving the onset
of events of interest with a canonical hemodynamic response func-
tion (HRF). Background activity (e.g., residual time series from
GLM) was obtained by regressing out the task-related activity and
nuisance signals (e.g., motion and physiological regressors) (Cohen
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and D’Esposito 2016; Cole et al. 2014, 2019; Fair et al. 2007; Tran
et al. 2018). Then, for each condition, six consecutive volumes fol-
lowing the onset of a trial (0—12 s) were extracted from the residual
time series and concatenated across all trials for that condition. The
correlation matrix was reconstructed by estimating functional con-
nectivity between each pair of nodes for each condition respectively.
With background connectivity, connections were estimated based on
Pearson correlations (via the corrcoef.m function in MATLAB) on
the residual time series, and Fisher’s Z transformation was applied
to correlation coefficients. To assess the generalizability of our
results, we also analyzed the data by using a finite impulse response
(FIR) model (Cole et al. 2019), which yielded the same main effects
of modularity and participation coefficients as those reported with
the canonical HRF in RESULTS.

To prevent highly variable connections across individuals from biasing
inferences based on the average correlation matrix and to minimize
thresholding variability in graph theory analyses (Rubinov and Sporns
2010), individual correlation matrices were masked to exclude connec-
tions that were not statistically greater than or less than 0 across partici-
pants (¢ test, P < 0.05, false detection rate corrected for the number of
connections; note that leaving out masking individual correlation matrices
from the analysis yielded similar findings to those reported in RESULTS,
namely significant effects of oddball presentation order on modularity
(F245=95.37, P < 0.001, ANOVA), segregation (F,43=58.78, P <
0.001, ANOVA), and participation coefficient (F,45=57.71, P < 0.001,
ANOVA). Individual correlation matrices were then combined to derive a
participant average correlation matrix and connectogram to illustrate the
statistically reliable topography of functional connectivity for early-, late-,
and no-oddball trials across individuals (Fig. 2).

Graph Theory and Statistical Analysis

Graphs were constructed for each participant for each of our condi-
tions of interest (Early-oddball, Late-oddball, and No-oddball trials)
and examined via the Brain Connectivity Toolbox (BCT) (Rubinov and
Sporns 2010) for graph theory analyses. Prior to statistical calculation
of graph-theoretic metrics, we accounted for the effects of the number
of nodes, connections, and distribution of connections (Rubinov and
Sporns 2010) by proportionally thresholding the graphs to include only
the top 10% of the strongest positive connections that were statistically
reliable across participants for each condition. This is a standard tech-
nique used in many similar studies involving functional connectivity
analysis (Godwin et al. 2015; Rubinov and Sporns 2010). That said,
and as conventional, we tested and validated the robustness of the graph
theory results to a range of thresholds from 5% to 25% of strongest con-
nections (see RESULTs). Using higher thresholds beyond that would
likely include more spurious connections, thus obscuring the results of
the graph theory analysis. In addition, all negative connections were
discarded to exclude the potential influence of noisy connections on
graph theory metrics (Rubinov and Sporns 2010). Following threshold-
ing, matrices were rescaled to the range [0,1] by dividing connectivity
values by the maximum value on a per-subject graph basis. Finally, fol-
lowing calculation of graph metrics, three particular metrics (i.e., global
efficiency, clustering coefficient, and characteristic path length) were
“normalized” by comparing said values to those derived from the average
of 100 null reference graphs (constructed with the Brain Connectivity
Toolbox), again on a per-subject basis. This normalization step was
undertaken to allow for comparing these graph metrics across conditions
and for evaluating the consistency of these metrics across thresholds,
which contain variable connection densities, degree distributions, etc.,
and can therefore affect values of graph metrics (van Wijk et al. 2010).

Corrections for multiple comparisons of graph metrics was per-
formed by gating comparison of pairwise conditions by the significant
result of an omnibus one-way ANOVA per metric examined (Rubinov
and Sporns 2011). Given the nonindependence of the network proper-
ties examined, no correction for multiple comparisons was performed
based on the number of metrics tested, similarly to previous work in the
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field (Cao et al. 2014; Godwin et al. 2015; Rubinov and Sporns 2010,
2011).

We used a graph partition system consisting of 14 consensus net-
works over 264 nodes of the cerebral cortex for defining the brain’s
community structure (Power et al. 2011); this partition scheme is con-
sistent with well-known specialized brain networks supporting a wide
range of cognitive functions and involved in a broad array of behavioral
tasks (Cole et al. 2014; Power et al. 2011). A fixed-network architecture
allows us to test the functional integration of the graphs under different
conditions on a common ground and, importantly, without bias from
small shift in community assignment across conditions. This approach
has been used in previous studies that examined the changes in graph
measures (e.g., modularity) across conditions or that assessed relations
of graph measures to other factors of interest (Baum et al. 2017;
Duncan and Small 2016).

Graph theory metrics. Our analyses focused on graph theory metrics
that undergird the Integration (modularity, segregation, participation
coefficient) and Small-Worldness (characteristic path length, clustering
coefficient, global efficiency and small-worldness) hypotheses laid out
in the INTRoDUCTION. The description of each metric follows below,
starting with those associated with the Integration hypothesis.

We utilize Newman’s definition of modularity (Newman 2004) for
weighted matrices to determine the modularity (Q™) of graphs, a mea-
sure assessing the degree of segregation and integration between the
nonoverlapping “modules” defined by the networks of nodes. Weighted
modularity (Q") was calculated by

Kk

Lo
0" = ﬁZueN {Wi'j T

:| aml m;

with weighted connections between nodes i and j (w;;), sum of all
weights in a graph (I"), weighted degree of a node (k}"), module con-
taining node i (m;), and O, , = 1 if m;=m;. Modularity 0" was com-
puted using the formula above with predetermined assignments of the
264 nodes to the 14 networks (modules) according to Power et al.
2011. The degree to which modularity increases reflects the extent of
isolated processing within modules, independent of communication
with nodes in other modules, hence, the segregation of these islands of
information processing. On the other hand, modularity decrease reflects
the cooperative processing across modules and, hence, integration of
these functional units.

Because modularity estimation is optimized for bottom-up, data-
driven partition of the brain into functional communities (Newman
2006; Sporns and Betzel 2016), whereas we used a fixed-partition sys-
tem here, we also employed a metric that not only could be applied to an
a priori data partition system but also directly assessed the degree of sys-
tem segregation of the brain networks (Chan et al. 2014). Specifically,
the weighted segregation (G") was calculated as follows:

G = Zw — Zb

Zy

in which z,, is the mean of functional connectivity between all pairs of
nodes within modules defined by Power et al. 2011’s community
assignments, and Z, is the mean of functional connectivity between all
pairs of nodes between modules. Segregation measures the relative
strength of between-module connectivity compared with within-module
connectivity. Thus, higher value indicates relatively stronger segregation
(i.e., within-network connection), whereas lower value indicates relatively
stronger integration (i.e., internetwork connection) of a modular system
(Chan et al. 2014; Cohen and D’Esposito 2016). Moreover, compared
with modularity, segregation may characterize different features of the
community organization of a network (Wig 2017); thus, it was important
to examine both measures in the current study. Like modularity, segrega-
tion G* was computed with predetermined assignments of the 264 nodes
to the 14 networks (modules) according to Power et al. (2011).

Utilizing the modules defined by the network structure, we can calcu-
late the degree to which nodes communicate across modules, i.e., the par-
ticipation coefficient of those nodes, a measure of centrality of the graph’s
system. Nodes with high participation increase global integration by
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Fig. 2. Top 10% of subject-averaged connectivity for 3 conditions (Early-oddball, Late-oddball, No-oddball). A: correlation matrices (264 x 264) aggregated across
participants; points in blocked squares indicate corresponding within-network connections. B: group-averaged connectograms with pairwise connections of the 264
nodes displayed in circular ring; edges outside the ring indicate within-network connections, and edges inside the ring indicate cross-network connections. Nodes’

network memberships were derived from Power et al. (2011), with nodes color coded according to the purported network membership.

facilitating between-module communications. Specifically, the weighted
participation coefficient (Y"") is calculated by:

t= Ui/ﬁznav (1 - ZmeM (krk(;n)> 2)

where N is the set of all nodes, M is the set of all modules, and k" (m) is
the weighted degree of connections between node i and nodes in mod-
ule m. Participation coefficient (Y") was computed in BCT using the
“participation_coef” function, again with predefined module structure.

The Small-Worldness hypothesis predicts changes in the balance
between the demands for functional integration necessary for efficient
global communication and functional segregation necessary for special-
ized processing (Achard and Bullmore 2007; Bullmore and Sporns
2009; Watts and Strogatz 1998), potentially occurring uniquely in the
clustering coefficient and characteristic path length metrics.

As a measure of functional segregation, the clustering coefficient
highlights the degree to which information is shared across triads of
nodes, reflecting strength of interconnection among local clusters. The
weighted clustering coefficient (C") is calculated by

W

21
|N| zteNk (ki —1)

where ¢ = e N(w,]wlhwjh)a is the weighted geometric mean of tri-
angles around node i. Clustering coefficient (C") was computed in
BCT using the “clustering _coef wu’” function.

The characteristic path length, a metric of functional integration
reflecting the degree to which information is spread widely throughout
the graph, measures the functional distance between any two nodes.
Specifically, the weighted characteristic path length (L") is defined as
the functional distance between nodes and is calculated as follows:

Z Z]GN,/#ldl‘;)
|N| ieN

IN| =1
where d}; is the shortest weighted path length between nodes i and
J, computed with an inverse mapping of weight to length. The char-
acteristic path length was computed in BCT using the “distance wei”
function.
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The weighted network small-worldness (S") metric can, in turn, be
calculated by the ratio of the normalized clustering coefficient to the
normalized characteristic path length, as follows:

oo C/Ch
Lv/L"

rand

where C},,, and L), , are weighted clustering coefficient and weighted
characteristic path length calculated by averaging over a set of null/ran-
dom graphs of the tested graph (Humphries and Gurney 2008). The
null graphs were generated in BCT using the “randmio_und” function,
which randomizes the target graph by randomly rewiring its edges
while preserving the degree distribution. Both clustering coefficient
and characteristic path length are expected to be very low in random
null graphs. In our study, we randomly generated 100 null graphs from
each target graph and computed their average clustering coefficient and
characteristic path length for normalization purpose.

Finally, we also computed global efficiency, which is another metric
related to the average inverse shortest path. Arguably, it provides a
more meaningful measure of functional integration for disconnected
networks (i.e., graphs with more than one connected component), for
which the characteristic path length is ill defined for being infinite.
Moreover, compared with characteristic path length, global efficiency
is less influenced by extreme long paths, which may represent outliers
between pairs of nodes (Achard and Bullmore 2007). Specifically, the
global efficiency (£") is defined as follows:

wy —1
o s Z ZjeN.j%—i (45)

[N| &=iev N[ -1
It was computed in BCT using the “efficiency wei” function.

Graph theory metrics on Early-oddball, Late-oddball, and No-odd-
ball trials were then compared using repeated-measures ANOVA. Post
hoc comparisons between any pair of conditions were conducted with
paired ¢ tests unless otherwise noted.

Per-Network and Targeted Attack Analyses

It is conceivable that changes in graph theory metrics caused by the
presentations of novel, salient oddballs were driven by large changes in
a small set of networks in the overall graph instead of emanating from
widespread changes distributed throughout the cerebral cortex. This
may particularly apply to the attention networks, given their engage-
ment in attention capture (Asplund et al. 2010b; Han and Marois 2014;
Menon and Uddin 2010; Stevens et al. 2000; Watkins et al. 2007), and
to the salience network, given its propensity to respond to salient events
(Menon and Uddin 2010; Seeley et al. 2007; Uddin 2015). To address
this issue, we examined the graph theory metrics on a per-network ba-
sis, focusing on the metrics that were affected by the oddball manipula-
tion in the entire graph system, namely modularity, segregation, and
participation coefficient. Because modularity measures the functional
segregation of the nodes within the defined network modules (Newman
2004; Rubinov and Sporns 2010), it can be meaningfully broken down
into 14 submeasures, each representing the contribution of modularity
in the corresponding networks defined by Power et al. 2011 to the over-
all metric (noticing that the contribution of modularity value from two
nodes belonging to different networks is zero). Similarly, segregation
can be computed for each network on the basis of the nodes and con-
nectivity pertaining to the nodes within the specified network alone.
Finally, participation coefficient can be computed for each node and
averaged for the nodes within each network instead of globally.

To assess more directly whether global changes in modularity, seg-
regation, or participation were driven by the attention or salience net-
works, we employed a targeted-attack procedure (Bullmore and Sporns
2009), which consists of assessing the impact of selectively excluding
the attention or salience networks from the graph theory analysis. If
excluding these nodes from the graph leads to significant changes in
participation, segregation, or modularity, then one can conclude that

FUNCTIONAL CONNECTIVITY AND ATTENTION CAPTURE

the attention networks are critical to the expression of global changes in
these metrics with oddball presentations. Aside from excluding these
nodes and the edges they formed with other portions of the overall
graph, the analytic approach was identical to that of the globally aver-
aged analysis described above. Specifically, the null graphs were con-
structed based on the corresponding subgraph, with the specified
attention network excluded.

RESULTS

Behavioral Results

Participants searched for a target letter amid distractors in a
rapid serial visual presentation (RSVP) stream of letters while
being scanned with fMRI. On 6 of the 40 trials of the fMRI run,
a salient unexpected oddball face stimulus was presented. Such
stimuli powerfully capture attention, as evidenced by the severe
impairment in detecting a target presented 330 ms after the odd-
ball stimulus, especially in the first few presentations (Asplund
et al. 2010b). Consistent with these findings, target detection in
the fMRI run was worse in the first two oddball trials than in the
last four (#,4=5.28, P < 0.001, Cohen’s d=1.06, paired ¢ test;
Fig. 1). Importantly, target detection in the last four oddball
trials was also worse than in target-present No-oddball trials
(t24=2.90, P = 0.008, Cohen’s d=0.58, paired ¢ test). Thus,
although attenuated, attention capture was still evident in the
last four oddballs. Taken together, these behavioral results
are consistent with previous studies in demonstrating the abil-
ity of salient task-irrelevant oddballs to powerfully capture
attention. Moreover, the strength of this attention capture is
contingent on the number of times oddballs are presented
(Asplund et al. 2010a, 2010b; Braver et al. 2001; Marois et
al. 2000; Sokolov 1963; Stevens et al. 2005), with the largest
effects elicited by the first two presentations, followed by the
next four oddball presentations. The rapid attenuation of
attention capture with serial oddball presentations provides a
powerful means to assess whether potential changes in global
connectivity patterns reflect attention capture per se rather
than the physical presentation of the oddballs, as the latter is
equated in all oddball presentations.

Global Connectivity Patterns

To examine the effects of attention capture on global func-
tional connectivity patterns, we first assessed the pairwise func-
tional connectivity across 264 nodal regions of interest of the
cerebral cortex (Power et al. 2011) identified by meta-analyses
of resting-state fMRI data and organized in known functional-
network systems. Functional connectivity was calculated based
on Pearson correlations on the residual time series from the gen-
eral linear model in which the task- and stimulus-induced
responses have been regressed out (Cohen and D’Esposito
2016; Cole et al. 2014, 2019; Fair et al. 2007; Tran et al. 2018),
allowing us to assess task-dependent functional connectivity
across brain regions unconfounded by task-coincident activity
(Rissman et al. 2004; Cisler et al. 2014; Sadaghiani and
Kleinschmidt 2013; Sadaghiani et al. 2015). Such background
activity has been shown to represent intrinsic organizations of
functional networks across several task states and during resting
state (Cole et al. 2014; Godwin et al. 2015; Nath and
Beauchamp 2011; Spadone et al. 2015; Wu et al. 2020).

Given the extensive behavioral effects produced by the initial
presentations of salient, task-irrelevant stimuli, we hypothesized
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that these would be accompanied by pervasive changes in func-
tional connectivity, reflecting the powerful capture of attention
by the unexpected oddballs. Moreover, we predicted that the pu-
tative global connectivity changes would be attenuated with
additional oddball presentations, although these changes would
still be present relative to trials with no oddball presentations.
Visual inspection of the graph’s node-based functional correla-
tions (connectogram; Fig. 2) hints at a more diffused set of
weak connectivity weights throughout the graph in the oddball
conditions compared with the no-oddball condition, although it
is difficult to draw conclusions on the effect of oddball presenta-
tions based solely on subjective assessment of pairwise nodal
correlations. To better visualize and understand the changes in
global functional connectivity patterns following oddball presenta-
tions, we first aggregated the individual nodal-level connectivity
(by summing the connections) both within and across the 14 func-
tional networks defined by Power et al. 2011 and then plotted the
group-level pairwise connectivity differences across the three con-
ditions. The resulting difference connectograms, depicted in Fig.
3, reveal the global diffusion effect caused by attention capture to
oddball presentations, namely a widespread surge in internetwork
connectivity with Early-oddball presentations that attenuates with
further oddball presentations. Interestingly, the networks showing
increased connectivity with initial oddball presentations included
most of those that would be expected to be recruited with attention
capture by a visual event (e.g., visual, default, ventral, and dorsal
attention networks), whereas the No-oddball condition promi-
nently featured the sensorimotor network and cinguloopercular/
salience networks, which we attribute to the anticipation for and/
or execution of a response to goal-relevant targets (Corbetta and
Shulman 2002; Dosenbach et al. 2007; Han and Marois 2014;
Serences et al. 2005; Sestieri et al. 2014). These visual intuitions
are largely backed up by statistical comparisons of the connectivity

Early Oddball - No Oddball

Early Oddball -
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strengths across networks in the three conditions (Fig. 4). These
analyses revealed that the Sensory/Motor Mouth/Hand, Salience,
and Auditory networks were more strongly connected in the No-
oddball condition than in the two oddball-present conditions. In
contrast, Early-oddball presentations triggered an increase in the
connections between Attention, Visual, Default, Subcortical, and
Uncertain networks relative to the other two conditions.

Graph Theory Results

There are limits to drawing firm conclusions about global con-
nectivity changes on the basis of visual presentations of the con-
nectograms. To provide a quantitative and global assessment of
the changes in functional connectivity patterns that occur with
attention capture, and to compare the two proposed accounts for
these changes (see INTRODUCTION), we submitted the correlation
matrices data to graph theory analysis, focusing on the metrics
undergirding the Integration and Small-Worldness hypotheses
laid out in the INTRODUCTION, namely modularity, segregation, par-
ticipation coefficient, clustering coefficient, characteristic path
length, global efficiency, and small-worldness. Figure 5 depicts
these graph theory metrics for the Early-oddball, Late-oddball,
and No-oddball trial conditions.

Integration hypothesis. According to the Integration hypothe-
sis, suggested by a recent study about the global connectivity
changes that take place with conscious target detection (Godwin
et al. 2015), attention capture would lead to a breakdown of the
brain’s functional modularity, with such breakdown resulting
from an increase in the functional participation of intermodular
connections. This Integration hypothesis, therefore, predicts
changes in modularity, segregation, and participation coefficient
with attention capture akin to those observed with target aware-
ness (Godwin et al. 2015; Rubinov and Sporns 2010). The results
conformed to this prediction, showing that functional modularity

Late Oddball

Late Oddball - No Oddball

[[] sensory/motor Hand [l sensory/motor Mouth
. Memory retrieval . Ventral attention . Visual
[l subcortical [ cerebellar

. Cingulo-opercular

. Dorsal attention

[[] Auditory [l pefault mode

[_] Fronto-parietal [l satience

D Uncertain

Fig. 3. Group-averaged connectivity difference between 3 conditions (Early-oddball, Late-oddball, No-oddball) at the network level. The 14 networks are displayed
as 14 rings (ring size is proportional to number of nodes it contains); edges between the rings indicate cross-network connection differences (edge thickness is propor-
tional to magnitude of difference); solid circles inside the rings indicate within-network connection differences (circle size is proportional to magnitude of difference).
Red edges (circles) indicate that the difference is positive; blue edges (circles) indicate that the difference is negative. A between-network or within-network connec-
tivity difference is reported only when it is statistically significant between the 2 conditions (random effects analysis using paired ¢ test, P < 0.05).
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Fig. 4. Group-based network-level connectivity matrix. Colored cells indi-
cate that a given condition (Early-oddball, Late-oddball, or No-oddball)
exhibited significantly greater connectivity than each of the 2 other condi-
tions (i.e., there was a main effect of condition using ANOVA P < 0.05, cor-
rected, and both post hoc paired # tests were significant P < 0.05) between 2
given networks. Blank cells indicate there was no main effect of oddball
condition (P > 0.05, ANOVA, corrected) or an oddball condition failed to
be significantly different from both of the other conditions (see more details
on pairwise comparisons of conditions in Supplemental Fig. S1, available at
https://doi.org/10.6084/m9.figshare.10280291.v1 ).

shows a main effect of conditions (45 = 60.86, P < 0.001, par-
tial 1°=0.72, ANOVA; see Fig. 5); modularity was lower in
Early-oddball trials than in Late-oddball trials (t,4= —3.51, P =
0.0018, Cohen’s d=0.70, paired ¢ test), lower in Early-oddball tri-
als than in No-oddball trials (f,4,=—10.70, P < 0.001, Cohen’s
d=2.14, paired ¢ test), and lower in Late-oddball trials than in No-
oddball trials (r,4=—7.42, P < 0.001, Cohen’s d=1.48, paired ¢
test). Similarly, system segregation showed a main effect of odd-
ball conditions (Fp45=41.77, P < 0.001, partial n =0.64,
ANOVA), with segregation being lower in Early-oddball trials
than in Late-oddball trials (z,4=—3.54, P = 0.0017, Cohen’s
d=0.71, paired ¢ test), lower in Early-oddball trials than in No-
oddball trials (f,4=—9.30, P < 0.001, Cohen’s d=1.86, paired ¢
test), and lower in late-oddball trials than in No-oddball trials
(tr4=—6.01, P < 0.001, Cohen’s d=1.20, paired ¢ test). The
decrease in modularity and segregation for the Early-oddball con-
dition suggests that functional modules were more integrated in
the first few oddball presentations than in the other trial types. The
participation coefficient, which measures cross-modular connec-
tions defined by the functional networks, also showed a significant
main effect of condition (F,43=46.74, P < 0.001, partial n2=
0.66, ANOVA), again consistent with the Integration hypothesis;
participation coefficient was higher in Early-oddball trials than in
Late-oddball trials (7,4=2.83, P = 0.009, Cohen’s d=0.57, paired
t test), higher in Early-oddball trials than in No-oddball trials (t4 =
11.26, P < 0.001, Cohen’s d=2.25, paired ¢ test), and higher in
Late-oddball trials than No-oddball trials (z,4=7.24, P < 0.001,
Cohen’s d = 1.45, paired ¢ test). These results suggest that the cap-
ture of attention by the presentations of novel, salient oddballs
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causes a breakdown of the brain’s functional modularity with
increased participation among different networks and that this
effect attenuates with repeated oddball presentations. Evidently,
oddball presentations trigger global functional integration of the
brain’s neural networks.

Importantly, these results are unlikely to be an artifact of
the fixed-network architecture that we used to test the func-
tional integration of the graphs (see MATERIALS AND METHODS).
Although this architecture may not be as optimal as if it had
been obtained from resting-state scans of the same subject
cohort, it still allowed us to observe relative changes in the
network community that could not easily be accounted for
by a suboptimal fit of the network architecture to the data.
That the changes in graph theory metrics are consistent with
one another—increased participation should be associated
with decreased modularity and segregation—and with the
central hypothesis of increased global integration with atten-
tion capture lends further credence to the suitability of the
application of the fixed-network architecture in the present
study.

We also assessed whether these findings could be a result of
target detection processing rather than attention capture per se,
given the strong correlation between oddball order presentation
and target detection performance (see Behavioral Results
above). To address this issue without the confound of oddball
order, we looked at target detection performance within each
oddball condition, with the caveat that this reduces the number
of correct and incorrect trials that can be compared. With this
analysis, we found no significant differences in modularity, seg-
regation, or participation coefficient metrics when correct and
incorrect trials were compared within each of the three oddball
trial categories (e.g., two-sample ¢ tests, all Ps > 0.1, corrected).
These results rule out target detection performance as a con-
found for the connectivity effects of attention capture.

A peculiarity of the inherent structure of the present task design
is the vastly different numbers of trials included in each of the three
oddball trial conditions (see MATERIALS AND METHODS). Of particular
concern are the low numbers of volumes included in the Early-
and Late-oddball conditions relative to the No-oddball condition,
which could cast doubt on the experimental paradigm’s ability to
reveal meaningful differences across conditions. However, robust,
statistically significant effects have previously been observed with
univariate analyses of the same data set using comparably low trial
numbers (Asplund et al. 2010b), most likely owing to the sys-
temic and powerful cognitive and psychophysiological effects
rare oddball presentations are known to have (see INTRODUCTION).
In addition, we found that group-based variances in functional
connectivity across conditions were comparable (Full matrix:
Early oddball: M=0.114, SE =0.0101; Late oddball: M =0.123,
SE =0.0119, No-oddball: M=0.157, SE =0.0103), again con-
sistent with similar variances reported in our previous univariate
fMRI study (Asplund et al. 2010b). But to address the issue of
uneven trial numbers across conditions more directly, we sub-
sampled the No-oddball condition by randomly selecting four tri-
als (so as to equate the number of trials in the Late-oddball
conditions) and redid the graph theory analysis. The results of
this additional analysis revealed a similar pattern as the full data
set analysis (i.e., for modularity and segregation measures:
Early-oddball < Late-oddball < No-oddball, F; 43=39.96, P <
0.001, partlal T] =0.62, ANOVA; and F; 45=34.89, P < 0.001,
partial n?=0.59, ANOVA; for participation coefficient: Early-

J Neurophysiol « doi:10.1152/jn.00693.2019 - www.jn.org
Downloaded from journals.physiology.org/journal/jn at Vanderbilt Univ (129.059.122.028) on July 7, 2025.


https://doi.org/10.6084/m9.figshare.10280291.v1
http://www.jn.org

FUNCTIONAL CONNECTIVITY AND ATTENTION CAPTURE

1893

0.25 1 1 1.2
i
S 1
0.2 0.8 £ 08 >
> g 5 § 08
T 015 06 S o6 'S
] ) = E 06
= po) w .
° = 2 =
S 0.1 204 m 04 8
= & - S 04
2 o
0.05 0.2 Tt o2 0.2
K .
0 0 0 0
35 2 25
£
= 3 =]
5 g /
'S 25 4 1.5 2
£~ £ g
g 5 T 15 [ Early Oddball
S
% g 1 S Il Late Oddball
.g 1.5 .g =l; 1 Il No Oddball
2
£
31 Sos b
© o5 P '
3
0 0 0

Fig. 5. Effect of oddball conditions (Early-oddball, Late-oddball, and No-oddball) on selected graph-theoretic metrics for the top 10% of functional connections at
50% motion tolerance. A similar pattern of results was obtained with a broad range of thresholds and motion tolerances (see Supplemental Figs. S2 and S3). For clus-
tering coefficient, characteristic path length, and global efficiency, y-axis values represent the ratio of the observed graph metric to the corresponding metric averaged
over 100 null graphs (see MATERIALS AND METHODS). *Significant effects between 2 conditions at P < 0.05, paired ¢ test. Error bars represent within-group SE.

oddball > Late-oddball > No-oddball, F;43=3.47, P = 0.04,
partial n>=0.13, ANOVA), although the amplitudes of differ-
ence between Late oddball and No-oddball were smaller than
those reported in the main analysis.

A final concern that merited assessing was the effect of overlap
in volumes during trial analysis, given that we used a 12-s event
window for trial analysis and trials were only 8 s long (see
MATERIALS AND METHODS). This issue does not affect the early vs.
late oddball comparison, because these trials were not presented
adjacently. It could, however, affect the comparisons between
oddball and no-oddball trials. To address this issue, we reanalyzed
the data after removing the no-oddball trials immediately preced-
ing and following each oddball trials so that there were no longer
overlap between the oddball and no-oddball trial conditions. The
revised graph theory analyses yielded the same pattern of results
as those reported above, namely significant effects of oddball
presentation order on modularity (Fp43=37.41, P < 0.001,
ANOVA), segregation (£ 43=28.53, P < 0.001, ANOVA), and
participation (F, 43=41.78, P < 0.001, ANOVA).

Small-Worldness hypothesis. The second hypothesis argues
that the capture of attention by the presentation of oddballs
would trigger an increase in the brain’s functional “small-world-
ness,” a composite measure of the balance between functional
specialization and efficient information propagation in the brain
(Bullmore and Sporns 2012; Oliveira et al. 2014; Watts and
Strogatz 1998). Specifically, attention capture could shift the
state of the brain’s small-worldness toward greater functional
integration by reducing the functional distance between all brain
regions, i.e., reducing the characteristic path length of the graph
system, while leaving regional specialization relatively unaf-
fected. To test this hypothesis, we first assessed the two metrics
that are factored in the computation of small-worldness (Fig. 5):

clustering coefficient and characteristic path length, both normal-
ized with regard to 100 null graphs (Fornito et al. 2016). The
clustering coefficient showed no 51gn1ﬁcant effect of oddball
condition (F,43=0.40, P = 0.67, partial n =0.02, ANOVA),
and nelther did characteristic path length (F, 45=0.65, P = 0.53,
partial n>=0.03, ANOVA). Small-worldness, as measured by
the ratio of the normalized clustering coefficient over the nor-
malized characteristic path length (Bullmore and Sporns 2012;
Humphries and Gurney 2008; Watts and Strogatz 1998) also
showed no significant effect of condition (F, 45 =0.30, P = 0.72,
partial n2=0.01, ANOVA). Finally, we also computed global
efficiency, a metric related to characteristic path length that may
be more robust to graph perturbations (Achard and Bullmore
2007). Nevertheless, and consistent with path length, there were
also no 51gn1ﬁcant differences in global efficiency, (F; 45 =0.06,
P =0.94, partial n* =0.002, ANOVA).

Bayes factor analysis of null results. Given the null effects
for the small-worldness metrics, we assessed with a Bayesian
approach the extent to which these results provided evidence in
favor of the null hypothesis that oddballs do not affect small-
worldness (Rouder et al. 2012) implemented in an R package
(BayesFactor, v.0.9.12-4.2). Specifically, we compared a model
with an effect of oddball conditions (model 1) against a model
without that effect (model 0) using the default Cauchy prior
(Rouder et al. 2012). In that schema, a Bayes factor of <1 is in-
dicative of evidence in favor of the null hypothesis. For the four
metrics showing no significant effect of oddball conditions, we
observed moderate to strong evidence in favor of the null hy-
pothesis (clustering coefficient: BF;,=0.15; characteristic path
length: BF;p=0.19; small-worldness: BF;y=0.14; global effi-
ciency: BF=0.12). Taken together, these results suggest that
the capture of attention by the presentations of novel, salient
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oddballs does not significantly impact the brain’s functional
small-worldness.

Per-Network Analysis

The upshot of the graph theory metric analyses presented
above is that the capture of attention by the presentations of
novel, salient oddballs led to a global increase in the brain’s func-
tional connectivity due to a breakdown of network modularity. It
is conceivable, however, that these graph theoretic results were
driven by large changes in a small set of networks in the overall
graph instead of emanating from widespread changes distributed
throughout the graph. To test whether our results were driven by
large changes in a few specific networks (in particular, the atten-
tion and salience networks), we compared the metrics of modu-
larity, segregation, and participation coefficient in each of 14
subnetworks defined by Power et al. (2011) at the network level.

For modularity, all networks showed the same trend, with
modularity smallest for Early-oddball trials and greatest for the
No-oddball trials (Fig. 6). Thus, it does not appear that network-
specific modulations drive the overall global changes in modu-
larity. For segregation, all networks showed a significant main
effect of oddball conditions, except for the sensory/motor mouth,
cerebellar, and dorsal attention networks. Again, this pattern sug-
gests that the decreased segregation (hence increased integration
of whole brain network) observed with oddball presentations did
not seem to be driven by specific subnetworks. For participation
coefficient, 8 of the 14 networks, 1nclud1ng the default mode
(Fr48=28.72, P < 0.001, partial n =0.54, ANOVA) ventral
attention (F; 44=29.26, P < 0.001, partial n =0.55, ANOVA),
visual (Fp48=22.32, P < 0.001, partial n =048, ANOVA)
and subcortical networks (F,43=7.52, P = 0.0014, partial n
0.24, ANOVA), showed an effect of condition (Fig. 6). Thus,
although participation effects were not as global as the modular-
ity and segregation effects, they were still observed in more than
50% of the networks (with a nonsignificant trend in other net-
works as well). Nonetheless, these results hint at the greater im-
portance of these networks in determining the global estimate of
participation.

Targeted-Attack Analysis

We assessed more directly whether global changes in modular-
ity or participation coefficient were driven by specific networks,
namely the attention and salience networks, using a targeted
attack analysis (see MATERIALS AND METHODS). Significant effects
of conditions for participation, segregation, and modularity were
found when we excluded the dorsal attentlon network (participa-
tion: F43=46.63, P < 0.001, partial n*=0. 66 ANOVA; segre-
gation: F,43=41.34, P < 0.001, partial n =0.63, ANOVA;
modularity: F 44=060.81, P < 0.001, partial n%=0.72, ANOVA),
the ventral attentlon network (participation: F45=38.13, P <
0.001, partial n* 061 ANOVA; segregation: F43=28.53, P <
0.001, partial n? O 54, ANOVA; modularity: F; 45=46.90,
P < 0.001, partial n*=0.66, ANOVA) or both (participation:
F548=36.93, P < 0.001, partial n =0.61, ANOVA segrega-
tion: Fp45=27.38, P < 0.001, partial —O 53, ANOVA;
modularity: F,45=46.05, P < 0.001, partial n*=0.66, ANOVA;
Fig. 7). We also observed significant effects of oddball condltlons
for modularity (F,43=61.86, P < 0.001, partial n —0 72,
ANOVA), segregation (F,45=51.23, P < 0.001, partial n%=0.68,
ANOVA) and participation coefficient (F,45=45.71, P < 0.001,
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partial *=0.66, ANOVA) when excluding the salience network.
These results mirrored those obtained with the entire graph. Taken
together with the per-network analysis above, these findings sug-
gest that the global changes in functional connectivity with the pre-
sentations of novel, salient oddballs do not occur uniquely in the
attention or salience networks. This is not to say, however, that
such networks do not play critical roles in the responses to atten-
tion-capturing events, as we previously reported (Asplund et al.
2010b). Rather, consistent with previous reports of a disassocia-
tion between changes in mean BOLD amplitude in attention net-
works and changes in large-scale connectivity (Aln®s et al.
2015; Godwin et al. 2015), our findings suggest that, orthogonal
to BOLD amplitude modulations in these attentional networks,
there is also a more diffuse, global set of functional connectivity
changes that accompany detection of salient, task-irrelevant
oddballs.

DISCUSSION

Relative to No-oddball trials, the presentation of novel odd-
ball stimuli produced specific changes in graph theory metrics
associated with intermodular connectivity, namely decreased
modularity, decreased segregation, and increased participation
coefficient, consistent with the increased global integration hy-
pothesis. These findings were tolerant to a range of connectivity
and motion thresholds and were not specific to a subset of nodes
or networks. Together, these results indicate that the attentional
capture by task-irrelevant oddball images produces functional
integration via enhanced internetwork connectivity. We surmise
that such integration supports the widespread representation and
processing of the oddballs and primes the observer for context-
appropriate responses to them. Consistent with the biased com-
petition model of Desimone and Duncan 1995, such attention
capture mechanism could bias the competition for representa-
tion and processing of the oddballs throughout the brain at the
expense of targets or other stimulus events, leading to poorer
target detection performance and transient blindness to other
events (Asplund et al. 2010b).

In contrast to the Integration hypothesis, we found support
lacking for the Small-Worldness account; the presentation of
task-irrelevant salient oddballs had no discernible effect on the
metrics undergirding small-worldness. In particular, the hypothe-
sis that initial oddball presentations would lead to a decrease in
path length as the graph became more integrated was not sup-
ported. The relative stability of small-world properties in response
to visual oddball stimuli is consistent with similar graph theory
results of magnetoencephalography activity in response to odd-
ball auditory stimuli (Nicol et al. 2012), and it may reflect the
intrinsically high efficiency of the brain’s functional network to-
pology. Specifically, the characteristic path length (as well as
global efficiency) of the human brain’s graph system may remain
largely unaffected by dynamic changes in the environment if the
default settings for a healthy human brain correspond to near-opti-
mal short-path lengths (Bullmore and Sporns 2012; Latora and
Marchiori 2001; van den Heuvel et al. 2008). In any case,
although small-worldness may be a useful metric to describe a
graph system that is both locally specialized and globally inte-
grated, it does not appear to embody the global changes associated
with the capture of attention by salient, oddball events.

Although the per-network and targeted attack analyses suggest
that the global changes in modularity, segregation, and
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participation with attention capture cannot predominantly be
explained by connectivity changes in a single or a few networks, it
is also not the case that all network connectivities were uniformly
affected, as clearly evidenced in the network-based difference con-
nectograms (Fig. 3). In particular, the No-oddball trials, relative to
either oddball-present conditions, showed greater functional con-
nectivity among a restricted set of networks that primarily included
the sensorimotor, salience, and cinguloopecular networks as a
supramodular functional unit that may be preferentially engaged in
the search for, and response to, behaviorally salient targets
(Dosenbach et al. 2007; Sadaghiani et al. 2015; Sestieri et al.
2014). In stark contrast, functional internetwork connectivity was
far more extensive in the oddball-present conditions, especially in
the Early-oddball trials. This “‘attention capture” supramodular unit
mostly included the visual cortex, default mode, and ventral and
dorsal attention networks, all largely consistent with the known
functional neuroanatomy of attention capture by visual oddballs
(Asplund et al. 2010b; Downar et al. 2000; Han and Marois 2014

1895

[ Early Oddball
I ate Oddball
I No Oddball

Fig. 6. Effect of oddball conditions on graph-
theoretic metrics of modularity, segregation,
and participation coefficient across 14 network
modules (Power et al. 2011). *Significant main
effects of condition at P < 0.05, ANOVA.
Error bars represent within-group SE.

Menon and Uddin 2010; Stevens et al. 2000). Interestingly, the
segregation between the two aforementioned supramodular units
was not complete. As seen in Fig. 3, all of the networks involved
in the No-oddball supramodule were also present with reconfigured
connections in the attention capture supramodule, but not vice
versa. This hierarchical overlap between supramodules may
reflect the notion that, just as given brain regions (nodes) can
switch allegiance between networks (Asplund et al. 2010b), per-
haps networks can also do so at the supramodular level in a
task-dependent fashion as well, consistent with a dynamic hier-
archical modular organization of the human brain (Bassett et al.
2015; Braun et al. 2015). As a case in point, the occurrences of
the cingular/opercular and salience networks in both supramod-
ules are consistent with the proposed functions of these net-
works. Given the presumed role of the cingular/opercular
network in maintaining cognitive control and task priorities
(Dosenbach et al. 2007; Sestieri et al. 2014), this network may
flexibly reconfigure its connectivity to coordinate with other
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Fig. 7. Impact of excluding the attention networks (ventral and/or dorsal) on selected graph metrics for the 3 conditions (Early-oddball, Late-oddball, No-oddball).
*Significant main effects of condition at P < 0.05, ANOVA. Error bars represent within-group SE.

functional networks the appropriate response to an external
stimulus that challenges current task priorities. Similarly, the
salience network’s involvement in both supramodules may
reflect its recruitment by behaviorally meaningful events,
whether these are targets or oddballs (Han et al. 2019; Han
and Marois 2014; Menon and Uddin 2010).

In contrast to the large internetwork connectivity changes
observed with oddball presentations, intranetwork connectivity
effects were far more subdued with attention capture, as evi-
denced by the small size of the inner circles, if present at all, in
the difference connectograms of Fig. 3. Moreover, what changes
there were tended to favor the No-oddball condition. Taken to-
gether with the internetwork connectivity changes, these findings
suggest that oddball presentations trigger a surge in internetwork
connectivity with minimal impact on intranetwork functional
connectivity. This finding is generally consistent with the results
of our graph theory analyses, especially the per-network and tar-
geted-attack analyses, as they reinforce the notion that these
changes are global in nature. This is not meant to say that the
attention networks (or any other specific network) are not essen-
tial for triggering the global connectivity changes that we
observed, but rather that the connectivity changes are not solely
expressed by, and in, the attention networks.

There is a striking parallel between the results of the present
study and those of an investigation into the global neural dy-
namics of perceptual awareness, for which we observed wide-
spread changes in functional connectivity associated with
conscious target perception (Godwin et al. 2015), consistent
with global workspace models of awareness (Baars 2005;
Dehaene and Changeux 2011; Ekman et al. 2012; Kitzbichler et
al. 2011). Specifically, awareness of a task-relevant target was
associated with a decrease in modularity and an increase in

participation coefficient, with no modulation of small-world-
ness, path length, and clustering coefficient, just as we observed
here with oddball presentations. These mirrored results in global
connectivity changes between perceptual awareness of a task-
relevant stimulus and the capture of attention by a task-irrele-
vant oddball event suggests that the dynamic emergence of
“higher-level cognitive states” (Fornito et al. 2016) may result
from global functional integration, which, we propose, are pri-
marily brought about by modulations in intermodular connectiv-
ity. We further surmise that intermodular connectivity dictates
global integration, because these are the vertices of the graph that
can accommodate large modulations in functional connectivity rel-
ative to a basal or resting state, whereas the intranetwork functional
connectivity may already be near optimal settings at resting
state, with little room to maneuver in connectivity strength
(Bassett and Bullmore 2017; Bullmore and Sporns 2012). This
mechanism may allow the graph to profoundly and dynamically
alter its functional network topology according to task demands
or environmental context, as may be the case in the present
study, by degrading its modularity for the swift propagation of
information following the presence of a behaviorally salient
event.

While the present study sheds light on the global functional
connectivity dynamics of attention capture, it is worth under-
lining some of its limitations. First, modularity was calcu-
lated with an a priori network partition instead of via a data-
driven approach, which optimizes modular partition and max-
imizes modularity. Although the current approach allowed us
to compare the extent of segregation of the functional net-
work across three conditions based on a common ground, it is
not ideally suited for optimizing brain network partition and
modularity estimation (Sporns and Betzel 2016). To gain a
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deeper understanding of the impact of attention capture on
brain functional connectivity, it would be valuable in future
studies to include data-driven partition approaches and to
characterize the dynamic nature of partitioning over states or
conditions by using a multislice network approach (Mucha et
al. 2010). Second, our study cannot completely rule out the
possibility that at least some of the present connectivity
results may be associated with the break or shift from the
goal-oriented attentional set of target search triggered by
oddball presentations rather than attention capture per se.
That said, this alternate account cannot easily accommodate
the temporal-order effect of oddball presentations on func-
tional network connectivity, because previous univariate
analyses of the same data set (Asplund et al. 2010b) revealed
such oddball order effects in the stimulus-driven attention
network but not in the goal-directed attention network of the
brain. Had the present functional connectivity results been
primarily reflecting the effect of oddball presentations on
goal-oriented task setting, these oddballs should have differ-
entially impacted the dorsal attention network in the univari-
ate fMRI analysis, given that network’s critical role in the
control of goal-oriented attentional sets (e.g., Corbetta and
Shulman 2002; Kastner et al. 1999; Yantis et al. 2002).

In conclusion, the present findings indicate that attention capture
by a novel, task-irrelevant event triggers a widespread increase in
the brain’s functional integration brought about by an increase in
internetwork connectivity and that this process may underlie other
forms of higher-level cognitive states (Alnas et al. 2015; Bassett et
al. 2015; Godwin et al. 2015). It is perhaps through widespread
increases in functional connectivity that the brain is able to mobi-
lize a wide range of physiological and cognitive processes with
attention capture, thereby rapidly altering its functional topology to
swiftly analyze and adaptively respond to an unpredictable and
dynamic world.
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