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Cognitive flexibility refers to the capacity to shift between patterns of mental function and relies on functional
activity supported by anatomical structures. However, how the brain’s structural-functional covarying is pre-
configured in the resting state to facilitate cognitive flexibility under tasks remains unrevealed. Herein, we
investigated the potential relationship between individual cognitive flexibility performance during the trail-
making test (TMT) and structural-functional covariation of the large-scale multimodal covariance network
(MCN) using magnetic resonance imaging (MRI) and electroencephalograph (EEG) datasets of 182 healthy
participants. Results show that cognitive flexibility correlated significantly with the intra-subnetwork
covariation of the visual network (VN) and somatomotor network (SMN) of MCN. Meanwhile, inter-subnet-
work interactions across SMN and VN/default mode network/frontoparietal network (FPN), as well as across
VN and ventral attention network (VAN)/dorsal attention network (DAN) were also found to be closely related
to individual cognitive flexibility. After using resting-state MCN connectivity as representative features to train
a multi-layer perceptron prediction model, we achieved a reliable prediction of individual cognitive flexibility
performance. Collectively, this work offers new perspectives on the structural-functional coordination of cog-
nitive flexibility and also provides neurobiological markers to predict individual cognitive flexibility.

Keywords: Cognitive flexibility; trail-making test; multimodal covariance network; EEG-MRI; response

prediction.

1. Introduction

Cognitive flexibility, initially conceptualized by
Coulson et al.,'™ has gradually evolved into a pivotal
trait contributing to complicated tasks, e.g. provid-
ing adaptable solutions to varying needs, driving
innovation, and promoting growth and discovery.*
Individuals with high cognitive flexibility appear to
be flexible enough to adapt to changing priorities
and make use of unexpected opportunities. Hence,
cognitive flexibility facilitates the recognition of
novel semantic relations and the mellifluous genera-
tion of concepts and also reflects the adaptability of
behavior and thought. Deficits in cognitive flexibility
are usually seen in psychiatric illnesses including
attention deficit hyperactivity disorder’ and neuro-
degenerative diseases including Parkinson’s disease.’
In children with autism, cognitive inflexibility is
generally reported and is specifically linked with
highly restricted and repetitive behaviors.” For
adults, cognitive inflexibility is related to multiple
clinical manifestations, e.g. symptom severity of post-
traumatic stress disorder,® and among healthy older
populations, cognitive flexibility decreases with age.”

Multiple strategies were proposed to assess
human cognition,'®? with task-switching and set-
shifting paradigms being commonly employed to
measure individual cognitive flexibility. Thereinto,
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the trail-making test (TMT) is a widely used
neuropsychological tool that assesses the capacity to
shift attention flexibly between competing task-set
representations.'® Two task components are included
in the TMT, i.e. A and B. In TMT-A, participants are
requested to connect circled numbers in sequential
order using lines; while TMT-B requires participants
to link circled numbers and letters alternately in as-
cending order (e.g. 1, A, 2, B, ...). The task should be
completed with utmost accuracy and efficiency by the
participants, and the TMT performance is measured
by the reaction time to accomplishment. As reported,
the TMT has great potential for reflecting a broad
range of cognitive functions including sequencing and
shifting, visual search and scanning, attention, as well
as the capacity to sustain subgoals synchronously.'*
Thereinto, the TMT B-A score (The difference in
completion time between TMT-B and TMT-A) sig-
nifies a more reliable measurement of human cognitive
flexibility, and a smaller TMT B-A score indicates
higher cognitive flexibility.'”

The evaluation of cognitive flexibility based on
TMT relies greatly on the understanding and
adaptability to the task designs for the tested indi-
viduals, which is relatively subjective. To overcome
this shortcoming, as well as to mine the objective
biomarkers, neural substrates underlying cognitive
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flexibility have been studied either structurally or
functionally. On one side, prefrontal white matter
integrity,'® and temporal cortex morphology'’ are
essential for cognitive flexibility in healthy popula-
tions. Studies have documented that impairments in
the white matter tracts of the left hemisphere, spe-
cifically within the superior arcuate/longitudinal
fasciculus connecting parietal, temporal, and frontal
cortices, are associated with a decline in cognitive
flexibility.'® On another side, the functional neuro-
imaging meta-analyses have further reported the
distributed frontoparietal regions to participate in
flexible switching, which consists of the high-level
association cortex, occipital cortex, inferior temporal
cortex, inferior and superior parietal cortices, and
premotor cortex.'®? As a core system, the fronto-
parietal network (FPN) promotes the aggregation
and regulation of neural activity that is extensively
spread across the brain, thus establishing a coordi-
nated framework for cognitive flexibility."®

In fact, human cognition is supported by inherent
anatomical architectures with functional neural ac-
tivity in the brain.?' Both modalities are comple-
mentary and associated with each other, in
particular, the structural framework shaping func-
tional communication among different cerebral
areas, leading to the emergence of various functional
networks.”> Hence, mapping the structural and
functional coordination will deepen our understand-
ing of how structural-functional covarying supports
behavior and cognition, as well as provide new per-
spectives on comprehending the impact of diseases on
the brain. Recently, to achieve the quantification of
structural-functional coordination in the brain, a
group-level multimodal covariance network (MCN)**
was proposed to integrate functional magnetic reso-
nance imaging (fMRI), diffusion magnetic resonance
imaging (dMRI), structural magnetic resonance im-
aging (sMRI), and electroencephalograph (EEG) in-
formation simultaneously. Thereafter, individual
MCN method?* was further extended to detect func-
tional neural co-activation within the inherent struc-
tural framework on an individual level. This strategy
thereby allows us to investigate the structural-func-
tional variation corresponding to inter-subject vari-
ability in human cognition. More importantly,
individual MCN that integrate sMRI, dMRI, fMRI,
and EEG modalities demonstrate the highest
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sensitivity to reflect individual cognition and tracking
disease severity in patients when compared to other
covariance networks.?® In particular, EEG provides
an exceptional temporal resolution in the range of
milliseconds, enables continuous monitoring and
analysis of cognitive processes with fine-grained
details, thus complementing the temporal aspect that
is lacking in MRI imaging.”>?%

Concerning cognitive flexibility, Medaglia and
colleagues have shown that the alignment between
the architecture of the white matter network and
functional signals significantly relates to increased
cognitive flexibility across individuals.?” Namely,
both structural and functional variations, particu-
larly the combined features of functional processes
and anatomical organization, are of great signifi-
cance for understanding cognitive flexibility. How-
ever, the structural-functional pre-configurations
supporting cognitive flexibility are still unrevealed.
Hence, by adopting large-scale MCN, the relation-
ships between baseline structural-functional config-
urations and individual TMT B-A scores were
probed from three levels (i.e. network topology,
whole-brain network properties, and subnetwork
properties). Based on this, related MCN predictors
were uncovered, with a multi-layer perceptron pre-
diction model being built to help predict individual
TMT performance. Finally, potential MCN differ-
ences between individuals with varying cognitive

flexibility were revealed.

2. Methods
2.1. Participants

Herein, a total of 182 unmedicated healthy partici-
pants (63 females, aged 20-80 years) were enrolled
with the approval of the ethics committee at the
medical faculty of the University of Leipzig. All
participants willingly gave their written informed
consent. The multimodal brain data and cognitive
tests were acquired from the Functional Connectomes
Project International Neuroimaging Data-Sharing
Initiative http://doi.org/10.15387 /fcp_indi.mpi_lemon
(2018).”® Participants were excluded due to significant
head (rotation > 3.0° or
translation > 3.0 mm) in resting-state fMRI collection
or artifacts in EEG signals, as well as those who did
not have complete multimodal brain imaging, EEG,

movement of the
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and cognitive tests. Finally, 161 participants were re-
served in the following analysis.

2.2. TMT

To measure individual cognitive flexibility, partici-
pants were asked to perform the TMT task, which
consisted of parts A and B.? In TMT-A, individuals
are instructed to connect 25 numbered circles on a
sheet of paper in sequential order (e.g. 1, 2, 3, etc.);
whereas in TMT-B, individuals must link numbered
and lettered circles in an alternating sequence (e.g. 1,
A, 2, B, etc.). The performance of each subtest is
represented by the duration used to accomplish the
task, and the TMT B-A score, which is computed by
subtracting the completion time of TMT-B from
that of TMT-A, representing an objective and valid
measure for cognitive flexibility.

2.3. Multimodal data acquisition
and preprocessing

In this study, a 3 Tesla scanner (MAGNETOM
Verio, Siemens Healthcare GmbH, Erlangen, Ger-
many) with a 32-channel head coil was utilized to
record the MRI. EEG was collected by a BrainAmp
MR plus amplifier equipped with 62-channel active
ActiCAP electrodes (Brain Products GmbH, Gilch-
ing, Germany). More details about data recording
can be found in Ref. 28.

The dMRI preprocessing was performed using the
FMRIB Software Library (FSL).*" package. We first
conducted a thorough evaluation of data quality by
iteratively examining each image, aiming to identify
gross artifacts including interleave artifacts and signal
dropouts resulting from abrupt participant movement.
Next, the FMRIB Diffusion Toolbox was utilized to
correct participant motion effect and eddy current-
induced distortion. The first BO image was utilized for
generating the brain mask using the brain extraction
tool, while a linear least-squares fitting technique was
employed for estimating the diffusion tensor model.

Meanwhile, following the preprocessing pipeline at
https://github.com/NeuroanatomyAndConnectiv-
ity/ pipelines/tree/master/src/lsd lemon,*' the CBS
tools were first used to eliminate the background of the
uniform T1-weighted image.*? Then, cortical surface
reconstruction was applied to the masked image by
recon-all in FreeSurfer,*>** based on which brain
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mask was produced. Finally, to achieve the registra-
tion between individual T1-weighted images and
Montreal Neurological Institute (MNI) 152 standard
space, a nonlinear transformation algorithm named
Symmetric Normalization®® in the Advanced Neuro-
imaging Tools software was performed. This strategy
maximizes the cross-correlation within the space of
diffeomorphic maps and provides the Euler-Lagrange
equations necessary for this optimization, thereby
achieving a balanced trade-off between speed, flexi-
bility, and performance.*®

The fMRI preprocessing was conducted using the
Data Processing & Analysis of Brain Imaging
(DPABI; http://rfmri.org/DPABI) toolkit. Specifi-
cally, the first 10 volumes were eliminated and the
remaining ones were reserved to correct variances in
time and movement of the head. Afterward, images
underwent spatial normalization to fit the standard
MNI space. Subsequently, they were resliced with
a resolution of 2 x 2 x 2mm?® and subjected to
spatial smoothing (6 mm full-width at half-maximum
[FWHM]). Additionally, a band-pass filter was applied
within the frequency range of 0.01-0.1 Hz. Ultimately,
we regress the averaged cerebrospinal fluid signal,
white matter signal, and 24 parameters obtained
through the rigid-body head motion correction.

For EEG, we initially re-referenced the raw EEG
using the reference electrode standardization tech-
nique (REST).*” To eliminate any ocular artifacts, we
applied independent component analysis (ICA),** and
then performed offline bandpass filtering within the
frequency range of 1-30Hz. Subsequently, we con-
ducted data segmentation into 10s intervals and
removed any artifacts exceeding £100 V. To align
with the high spatial resolution of MRI and match the
head model accurately, we employed standardized
low-resolution electromagnetic tomography (sLOR-
ETA)* for reconstructing cortical source activity.

2.4. Constructing the MCN

According to the Desikan—Killiany (DK) atlas, we
divided the cortical surface into 308 regions-of-in-
terest (ROIs).”” We expanded and interpolated the
parcellated DK atlas to match the respective fMRI,
dMRI, and EEG source space.’’ Owing to the dis-
parities between the head model of EEG source space
and MRI, a total of 303 brain areas were successfully
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Table 1. The unmatched and discarded regions of the DK
atlas.
MNI
ROI X Y Z  Structural name
1 —39.72 11.34 48.85 lh_caudalmiddlefrontal_part4
1 —48.10 30.82 5.23 lh_parstriangularis_partl
3 —40.49 31.11 —0.50 lh_parstriangularis_part2
4 —35.45 4.28 —0.59 lh_insula_part4
5 23.85 —65.16 38.59 rh_superiorparietal_part5

aligned and subsequently incorporated in the subse-
quent procedures. See Table 1 for those excluded
areas.

As previously proved, in comparison with co-
variance networks constructed by MRI or EEG
alone, or the pairwise combination of structural,
functional MRI, and EEG features, MCN that inte-
grates structural-functional-EEG modalities has
higher replicability in detecting the brain’s struc-
tural-functional covarying, exhibiting the highest
sensitivity to reflect individual cognition and to track
the disease severity of depression patients.?* There-
fore, following the previous study,?* multimodal
features were calculated based on sMRI, dMRI,
fMRI, and EEG datasets.

First, given that structural properties of the
human cortex can be more precisely estimated by
combined analysis of more than one MRI morpho-

41-43

metric index, multiple cortical structural fea-

tures were combined in a single participant.
Thereinto, dMRI provides an indirect assessment of
the myeloarchitecture in various brain regions. Two
commonly concerned dMRI features including the
mean diffusivity representing the rotationally in-
variant magnitude of water diffusion within brain
tissue, and the fractional anisotropy measuring the
level of anisotropy of water diffusion within tissues,**
were calculated. In terms of the sMRI which assesses
macroscopic morphology of the cortex, seven com-
monly used morphological features including cortical
thickness, curvature index, surface area, mean cur-
vature, Gaussian curvature, gray matter volume,
and folding index were calculated. Thereinto, the
gray matter volume was obtained by calculating the
average values across all voxels in the regions; cor-
tical thickness was determined as the mean distance
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between the pial surface and white surface; while the
calculation of surface area involved determining the
area of the intermediate layer situated between the
surfaces of gray matter and white matter. Besides,
the inverse of the radius of the circle that touches the
surface at each vertex of a triangle was used to
estimate the curvature index; the product of the
principal curvatures defines Gaussian curvature,
while mean curvature is defined as the average of
two principal curvatures (1/radius of an inscribed
circle).*>40

Meanwhile, it is extensively documented that
functional and structural modalities exhibit a com-
plementary relationship, with each modality typi-
cally capturing distinct aspects of brain function or
structure.?” Hence, following the same strategy,
multiple functional features were also calculated
from fMRI and EEG. In terms of fMRI, which
assesses the hemodynamic response related to the
brain’s neural activity, the amplitude of low-fre-
quency fluctuation, fractional amplitude of low-fre-
quency fluctuations, and regional homogeneity were
computed as the average values across all voxels
within each region.

Theoretically, the amplitude of low-frequency
fluctuation is computed as the average square root of
the power spectrum in a low-frequency band and can
detect the characteristics of the most dominant fre-
quency component of the resting state.’” In theory,
the amplitude of low-frequency fluctuation is deter-
mined by calculating the average square root of the
power spectrum within a specific range of low fre-
quencies and can identify the features of the most
dominant frequency component during rest.’” In
addition, the fractional amplitude of low-frequency
fluctuations is determined by dividing the total
power of the low-frequency range by the overall
power across all frequencies; while regional homoge-
neity measures the resemblance between the time
series of individual voxel and those of their adjacent
voxels, thus providing a valuable technique for ex-
amining local brain activity.’® Regarding the EEG,
which provides insights into the intricate temporal
patterns of neural electrical activity,' we initially
extracted time series for each ROI. To evaluate the
functional connections among various brain regions,
we employed the phase-locking value as a metric to
quantify the inter-regional synchronization of source
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EEG signals. Given that crucial brain regions can
promote functional integration and play a critical
role in network resilience to damage, centrality
measures that assess the significance of individual
nodes are considered as EEG features.”® Thereinto,
the degree centrality of node i is determined by the
cumulative number of edges it is connected to. Nodes
with higher degree centrality demonstrate extensive
functional associations with multiple other nodes in
the network.

N
Jj=1

The closeness centrality can be mathematically
expressed as the reciprocal of the mean shortest
distance between a specific node and all other nodes
in the network.

n—1

JEN j#i

Betweenness centrality is defined as the proportion
of all shortest paths in a network that traverses
through a specific node.

1 Phi (Z)
BC = ————— Y e (3)
(n-Dn-2 2=
h#j, hi#i, j#i

Meanwhile, eigenvector centrality is the first
eigenvector of the adjacency matrix, corresponding to
the largest eigenvalue A; (i.e. principal eigenvalue).

1 & _
EC; = )\—1 sz’j#l(J); (4)
=1

where N is the number of nodes in the network. w;;
and d;; denote the edge and shortest path length be-
tween node i and node j. pj,; indicates the number of
shortest paths between h and j, and py;(i) is the
number of shortest paths between h and j that pass
through 4. 11 (j) denotes the jth component of the first
eigenvector of the adjacency matrix.

Then, functional and morphometric features were
concatenated as a vector and then znormalized, and
Pearson’s correlation analysis was conducted be-
tween pairwise ROIs, resulting in 303 x 303 adjacent
matrices per subject. Therefore, the MCN ¢ R303x303

can be computed based on 303 ROIs of the DK
atlas as

PCC PCC PCC
w11 W12 T Wi303
PCC PCC PCC
W31 W22 Tt Wa303
MCN = | , . )
PCC PCC PCC
W3031 W3032 - W303303
where wfjcc is Pearson’s correlation coefficient be-

tween roi; and roi;.

2.5. Network properties

Graph theory is increasingly applied as a reliable tool
for determining the properties of brain networks.’*?
After constructing MCN for each participant, four
network properties, i.e. characteristic path length
(L), global efficiency (Ge), local efficiency (Le), and
clustering coefficient (C), were calculated by the
brain connectivity toolbox to quantify the potential
for functional segregation and integration of the
%0 Therein, the potential for functional inte-
gration is reflected by L and Ge, while the potential

brain.

for functional segregation between brain lobes is in-
dicated by Le and C. Specifically, L is determined by
calculating the average shortest distance between
every pair of nodes in the network; Ge represents the
mean efficiency of the corresponding brain network;
Le denotes the average efficiency of local subgraphs;
and C'is defined as the proportion of triangles sur-
rounding an individual node in the network.

1 1 J€O,j#i
L=— Lz = a7 ; (6)
N zeze N = N-1
. > dit
Ge=—o S W2 (7)
N €0 N-1

> (Cijcil [djl(ei)] 71) 1/3

1 e j#i
Le=— , 8
N a0 ®)

jeb jeb

> (wijwilel)l/3

1 jleb
N &= > wi (3 wij— 1)
jeo jeo

where d;; and w;; indicate the weighted shortest path
length and the weighted connectivity strength
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between nodes i and j, respectively. N and 6 denote
the number of nodes and the set of all network nodes,
respectively.

2.6. Statistical analysis

Herein, Pearson’s correlations with a false discovery
rate (FDR) correction were first employed to explore
the underlying relationships between the TMT B-A
scores and resting-state MCN topology, brain-wide
MCN properties, and subnetwork properties. In ad-
dition, following the protocol used in previous stud-
jes, 53,54

based on their TMT B-A scores. Concretely, parti-
cipants having large TMT B-A scores were assigned

all participants were divided into two groups

to the low flexibility group, by contrast, those who
had small TMT B-A scores were assigned to the high
flexibility group. Thereafter, independent-sample ¢
tests were used to evaluate the differences in TMT
performance/MCN topology /network properties be-
tween the low- and high-flexibility groups. These
results would be further corrected for multiple test-
ing by the FDR.

2.7. Prediction of the TMT scores

To further verify the relationship between MCN and
cognitive flexibility, a multi-layer perceptron model
was built to predict individual TMT B-A scores,
adopting multiple MCN features that have signifi-
cant correlations with TMT B-A scores. Specifically,
we designed a simple multi-layer perceptron with
two hidden layers containing 32 and 16 neurons,
respectively. Dropouts were included in the two
layers to impart robustness in the learning process
and prevent overfitting, with a dropout ratio of 0.25.
Adam algorithm with a learning rate of 0.01 was
used for optimization.””

Herein, a ten-fold cross-validation strategy was
performed to evaluate the prediction performance,
along with the Pearson’s correlation coefficients be-
tween the actual and predicted TMT B-A scores,
root mean square error (RMSE),”® and R?"" were
calculated to quantify the prediction error. As
proved, the R? exhibits negative values when the
regression performs poorly, while it ranges between 0
and 1 (inclusive) to indicate a good regression per-
formance.’” A positive value of R? can be considered
similar to the percentage of correctness obtained by
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the regression.

(11)

where n denotes the number of participants. y; and z;
indicate the actual and predicted TMT B-A scores,
respectively. g is the mean actual TMT B-A scores.

3. Results
3.1. Study overview

Herein, based on multimodal neuroimaging and EEG
datasets, large-scale MCN was constructed to
quantify the structural-functional coordination and
to probe its relationship with individual cognitive
flexibility. Given the breadth of cognitive require-
ments underlying cognitive flexibility, it is plausible
to consider that cognitive flexibility may rely on
multitudinous functional subsystems rather than
originating from a single cognitive “module”.”® As
such, by setting large-scale functional subnetworks
as modules and the connectivity among module
nodes as edges, we can quantitatively evaluate the
structural-functional interactions within and across
subnetworks, which form the MCN to reveal the
structural-functional pre-configurations supporting
cognitive flexibility at a large-scale level. To achieve
this, all ROIs were allocated to functional subnet-
works within the Yeo 7 framework,”” which encom-
passes the FPN, somatomotor network (SMN), visual
network (VN), default mode network (DMN), limbic
network (LN), ventral attention network (VAN), and
dorsal attention network (DAN). Then, the relation-
ship between MCN topology/properties and TMT B—
A scores was probed, and a multi-layer perceptron
prediction model was established to predict TMT
performances for all participants. Finally, MCN to-
pology and properties differences between people with
high and low flexibility were further uncovered.

3.2. MCN correlated with individual
cognitive flexibility

On the one hand, when probing the relationship
between resting-state MCN topology and TMT B-A
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SMN
Fig. 1. (Color online) MCN topologies significantly cor-
related with TMT B-A scores (pppr < 0.01). The blue
and red solid lines represent edges with significantly
negative and positive correlations with TMT B-A scores,
respectively.
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scores, strong inter-subsystem interactions specifi-
cally distributed in the SMN and VN/FPN/DMN, as
well as intra-subsystem connectivity in the SMN and
VN, were identified to be significantly negatively
related to individual TMT B-A scores (pppr < 0.01;
Fig. 1). In the meantime, for each participant, four
quantified properties, e.g. Le, Ge, L, and C of both
brain-wide MCN and corresponding subnetworks
were calculated.” We then correlated the network
properties at the individual level with TMT B-A
scores, to mine the significant relationship between
the two concerned variables. Figure 2 shows that the
Le (’I“(159) = —0.28, pppr < 001), Ge (7“(159) = —0.32,
pror < 0.01), and C (r(159) = —0.28, pppr < 0.01) of
the brain-wide MCN were significantly negatively
correlated with TMT B-A scores, and L was signif-
icantly positively associated with TMT B—-A scores
(7‘(159> = 0.38, prpr < 001)

Further, among the YEO seven subsystems, the
TMT B-A scores showed a significant negative re-
lation with the Le, Ge, and C of the SMN, VAN, and

P | | .
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Fig. 2. (Color online) Correlation between brain-wide MCN properties and TMT B-A scores. In each subfigure, the purple line
indicates the fitted curve, ris the correlation coefficient, and p is the statistical significance level.
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VN. Conversely, there was a positive relation be-
tween the TMT B—A scores and the L of the SMN,
VAN, and VN (pppr < 0.05; Fig. 3; the detailed r-
and p-values are shown in Table 2).

3.3. Differential MCN between low- and
high-flexibility populations

As illustrated previously, a smaller TMT B-A
difference corresponds to higher cognitive flexibility.
The negative correlations between TMT B-A scores
and MCN topology/properties suggested that parti-
cipants with higher cognitive flexibility (i.e. smaller
TMT B-A scores) may have both stronger struc-
tural-functional connectivity and larger network
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properties. To further validate this, following the
9354 participants
were divided into two groups based on their TMT

protocol used in previous studies,

B-A scores, namely, the low and high flexibility
groups, to explore the underlying MCN differences.
Figure 4(a) exhibits that, the TMT B-A scores of the
low flexibility group were significantly higher than
that of the high flexibility group (f(i59) = 13.61,
p < 0.001). The differential MCN topology shown in
Fig. 4(b) demonstrated notably enhanced intra-
subsystem connections within the VN and SMN, as
well as enhanced inter-subsystem linkages spanning
across the VN and SMN/VAN/DAN, among parti-
cipants with higher levels of flexibility compared to
those with lower levels (pppr < 0.01). And a small

-0.30~. 5
.02 ~. ;
/ '/00' Q
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Fig. 3. (Color online) Correlation between subnetwork properties and TMT B-A scores. The radar map shows the correlation
coefficient between the properties of each subnetwork and TMT B-A scores. The small circles in the radar map show the specific
correlation coefficients, and the blue circles denote subnetworks with significantly positive or negative correlations with TMT

B-A scores (pppr < 0.05).
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Table 2. Pearson’s correlations between subnetwork properties and
individual TMT B-A scores (n = 161).

VN*  SMN* DAN VAN* LN FPN DMN

Le R -019 -030 -0.01 -0.19 0.04 -0.09 -0.01
DFDR 0.02 0.00 0.95 0.02 0.60 0.28 0.91
Ge R -019 -0.31 -0.06 —0.23 0.06 —0.08 —0.02
DFDR 0.02 0.00 0.45 0.00 0.42 0.30 0.76
L R 0.18 0.34 0.10 0.23 —0.01 0.10 0.05
DFDR 0.02 0.00 0.19 0.00 0.88 0.20 0.51
C R -0.19 -0.29 0.01 -0.17 0.04 -0.09 -0.01

DFDR 0.02 0.00 0.92 0.03 0.64 0.28 0.91

Notes: * indicates the significant Pearson’s correlations between subnetwork
properties and individual TMT B-A scores. r is the correlation coefficient,
and p is the statistical significance level. Le — local efficiency, Ge — global
efficiency, L — characteristic path, C'— clustering coefficients.

a C
(@) 150 (c) 0.50 — =7 High flexibility ——
— 1 Low flexibility T +
100 ' 0.45 2
g ' T o
3
< 50 0.40 —
[an]
s 'v . T T
= [ —
E 0_ ........................................ 035 — T _|_
| |
-50 High flexibility Low flexibility 0.30 é L G'e L'e
(b) AR

SMN

Fig. 4. (Color online) Differential MCN between high and low flexibility groups. (a) The TMT B-A scores of high and low
flexibility groups. The purple and green violin plot shows the TMT B-A scores of the high and low flexibility groups,
respectively. * represents p < 0.01. (b) Differences in MCN topologies between the two groups (pppr < 0.01). The blue and red
solid lines denote the significantly weaker and stronger MCN connectivity of the high flexibility group compared to those of the
low flexibility group, respectively. (c¢) Differences in brain-wide MCN properties between the two groups. *represents
prpr < 0.05.
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proportion of weaker inter-subsystem connections
between the SMN and VAN/LN/DMN were ob-
served in the high flexibility group (pppr < 0.01), as
well. In line with the MCN differences in Fig. 4(b),
network properties of the brain-wide MCN in the
high flexibility group were demonstrated to be sig-
nificantly greater than that of the low flexibility one
(Le: t59) = 2.55, pppr < 0.01; Ge: (159 = 2.93,
pror < 0.01; Lt tg59) = —3.90, pppr < 0.01; C:
t(159) = 2.45, pppr < 0.01; Fig. 4(c)). More interest-
ingly, referring to the subsystems in Fig. 5, in con-
trast to the low flexibility participants, high
flexibility individuals showed significantly increased
properties mainly in the VN and SMN (pppr < 0.05;
The detailed # and p-values are shown in Table 3).

3.4. TMT performance prediction

Considering the close correlations between MCN and
TMT B-A scores, MCN features could potentially
enhance the ability to predict an individual’s
cognitive flexibility, e.g. the TMT B-A scores.
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0.4 |
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0454
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characteristic path length

Local efficiency
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Accordingly, based on network features that have
significant correlations with TMT B—A scores, a
multi-layer perceptron model was employed to
achieve the prediction of the TMT performance.
Herein, the ten-fold cross-validation strategy was
performed. Figure 6 illustrates the correlation be-
tween predicted and actual TMT B—-A scores. Our
findings demonstrate that MCN features signifi-
cantly contribute to predicting TMT B-A scores
(r=0.67, p < 0.001), with the RMSE calculated as
16.19, and R? as 0.44.

4. Discussion

Herein, we probed the relationship between the
TMT performance and resting-state MCN of healthy
participants, to uncover the preconfigured structur-
al-functional substrates supporting human cognitive
flexibility. After constructing the MCN for all par-
ticipants, we primarily correlated the TMT B-A
performance with individual MCNs at three levels
including the large-scale MCN topology, whole-brain

0.7
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0.4+

0.3

0.2

0.7
0.6 x &

| ¥ Y
054 « 41 |, Pl
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Fig. 5. Differences in subnetwork properties between high and low flexibility groups. *represents pppr < 0.05.
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Table 3. Statistical differences (# and p-values) between participants
in the high and low flexibility groups.

VN* SMN* DAN VAN LN FPN DMN

Le t 1.98 1.77  —0.36 0.34 -0.43 0.29 -0.48
DFDR 0.03 0.04 0.64 0.37 0.67 0.39 0.68
Ge t 2.29 1.86 0.16 0.55 —0.49 0.22 —0.36
DFDR 0.01 0.03 0.44 0.29 0.69 0.41 0.64
L t -2.69 -2.03 -051 -0.59 -0.15 —-0.42 0.35
DFDR 0.00 0.00 0.30 0.28 0.44 0.34 0.64
C t 1.89 1.74 —-0.49 024 —-0.44 0.28 —0.46

DFDR 0.03 0.04 0.69 0.41 0.67 0.39 0.68

Notes: * indicates the significant differences in subsystem properties
between the two groups. Le — local efficiency, Ge — global efficiency,

L — characteristic path, C — clustering coefficients.

network properties, and subsystem properties. As
identified, the intra-subsystem covariation of the
SMN and VN and inter-subsystem covariation
spanning the SMN and VN/FPN/DMN, are signifi-
cantly related to individual TMT B-A scores.
Meanwhile, significant correlations were observed
between the TMT B-A scores and both the whole-
brain MCN properties and subsystem properties
(particularly the SMN and VN). When further in-
vestigating the potential MCN differences in parti-
cipants having varying cognitive flexibility, we
reported that in contrast to the low flexibility group,
participants with high flexibility experienced exten-
sively increased MCN connectivity and subsystem
properties in the VN and SMN. These results con-
sistently remind us that the intra- and inter-sub-
system structural-functional coordination supports
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g 40~
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ob L. .. RMSE=16.19 .

: : : R?2=0.44

-20

0 20 40 60 80 100 120 140
Predicted TMT B-A scores
Fig. 6. (Color online) The correlation between the actual

and predicted TMT B-A scores. The colored circles denote
the participants.

multiple cognitive functions, such as visuospatial
search, motor, processing speed, etc., and the effi-
cient MCN configuration will contribute highly to
human cognitive flexibility. Moreover, MCN seems
to be a reliable tool for future studies to disclose the
structural-functional pre-configurations underlying
human cognitive processes.

As an accessible neuropsychological test, the
TMT has gained popularity for evaluating cognitive
functions in individuals and identifying potential
neuropsychological deficits.'> The TMT can be con-
ceptualized as a visuomotor sequence-tracking task,
during which visual recognition and goal-directed,
coordinated motor behavior are essential factors for
accomplishing tasks.”” The TMT B—A difference
score, which is obtained by subtracting the comple-
tion time of TMT-B from that of TMT-A, is broadly
acknowledged as a valid indicator of cognitive flexi-
bility abilities.'® In this study, we thus first reported
significant relationships between the intra-subsystem
covariation of the SMN/VN and TMT B-A scores
(Fig. 1), highlighting their potential roles in
responding to visuospatial search and motor
demands.'* Additionally, the parietal areas facilitate
task completion by participating in the integration
of visual information to regulate spatial move-
ments’%%; the frontal activity has been shown to
closely relate to the TMT for its involvement in
executive functions, e.g. planning, processing speed,
and attention.’®% Consequently, extensive inter-
subsystem connectivity spanning the SMN and
VN/FPN/DMN were identified to significantly cor-
relate with the TMT B-A score. Overall, the
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structural-functional coordination within and across
subsystems at rest may establish the cognitive and
attentional abilities required for the successful com-
pletion of the TMT task, thus supporting the brain’s
cognitive flexibility in processing task information
efficiently.

Subsequently, we found that greater TMT B-A
scores (indicating lower cognitive flexibility) corre-
sponded to smaller Le, Ge, and C, as well as a longer
L in Fig. 2, particularly in functional subsystems of
SMN, VAN, and VN (Fig. 3 and Table 2). As
proved, the increased Le, Ge, and C as well as the
shorter L indicated an increase in the efficiency of
information processing in the brain.®® Here, the
above results thereby reveal that participants with
high-efficiency resting state MCN performed better
in the TMT task. Previous research has indicated
that the brain’s activity at rest mirrors task-induced
activity and can thus predict individual task beha-
viors,”" an optimized brain organization concerning
relevant resources at rest usually facilitates individ-
ual task behaviors, such as shorter reaction time’’
and larger component amplitude.®® In general, TMT
encompasses multifarious cognitive functions, e.g.
psychomotor speed, sequencing and shifting, visual
search and scanning, and attention,’” the success in
the TMT task will be attributed to the eflicient in-
tegration and coordination of corresponding cogni-
tive information that originates from the distributed
regions. As such, the efficiently functioning brain
(especially subsystems of the SMN, VAN, and VN)
will then facilitate the higher cognitive processing
related to the visuospatial materials, eventually
contributing to a smaller TMT B-A score. In addi-
tion, the successful prediction of participants’ TMT
performance in Fig. 6 further confirmed the rele-
vance of MCN as biomarkers of the cognitive flexi-
bility of healthy participants.

Furthermore, considering the ability of MCN to
reflect individual cognitive flexibility, we then ex-
plore the coordinated structural-functional organi-
zations in participants with varying cognitive
flexibility. As illustrated in Fig. 4(b), the high flexi-
bility participants showed stronger intra-subsystem
covariation in the VN and SMN and stronger
inter-subsystem covarying spanning the VN and
SMN/VAN/DAN. Owing to the visuomotor
integration capabilities of the human brain, the VN

MCN Reflects Individual Cognitive Flexibility

and SMN are strongly linked”” And the increased
inter-subsystem covarying with higher-level sub-
systems (i.e. VAN and DAN) are regarded as the
marker that reflects the pre-configuration of atten-
tional and working memory resources for the TMT
task. And coinciding with the MCN topologies of the
high flexibility participants, the efficient resting-
state MCN pre-configuration was indeed quantified
by the greater brain-wide Le, Ge, and C, as well as a
smaller L, in Fig. 4(c), which was also the same for
the subsystems of VN and SMN (Fig. 5 and Table 3).
That is, for high flexibility participants, stronger
intra- and inter-subsystem structural-functional
interactions constitute the neurological foundation
to accomplish the requested TMT tasks as accu-
rately and quickly as possible, which also validated
the negative relationship between the MCN and
TMT B-A performance in Figs. 1-3.

Overall, our current work complements a previ-
ously unexplored issue regarding how structural—
functional configurations support individual cogni-
tive flexibility. Particularly in methodology, in
comparison with previous studies that typically
consider structural-functional organization at a
group level,”® individual-level MCN analyses were
proposed and accomplished in our current study to
capture the subject-specific structural-functional
characteristics of each participant. This new strategy
allows us to investigate potential structural-func-
tional variation corresponding to inter-subject vari-
ability in cognitive flexibility, and exhibit superior
sensitivity in reflecting human cognition compared
to existing covariance networks.?® Furthermore, it
has the potential to tackle the “performance con-
founds” in the examination of cognitive impairment.
Namely, any observed structural-functional alter-
ation in people with cognitive impairment could be
attributed as either a causal factor or an outcome of
impaired cognitive task performance. Herein, the
identification of resting-state markers may circum-
vent these confounding factors by enabling us to
comprehend individual variations in cognitive flexi-
bility based on independently estimated connectivity
variables, irrespective of task performance.”

With the above strategies, our findings demon-
strated that cognitive flexibility involves visual rec-
ognition and goal-directed, coordinated motor
behavior that relies on the structural-functional
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configuration among large-scale SMN, VN, and FPN
enacting visuospatial search, attention, motor
demands, processing speed, and spatial movement
processes. In this regard, it is plausible to assume
that patients with cognitive flexibility impairments
may exhibit a decrease in the brain’s structural-
functional connections, especially for inter- and
intra-subsystem structural-functional interactions
among SMN, VN, and FPN. Understanding the
typical progression and potential deterioration of
these subsystems in connection with aging and pa-
thology is essential as a preliminary measure towards
recognizing efficient approaches for diagnosing and
intervening flexibility deficiencies in neurological and
psychiatric disorders, while simultaneously improv-
ing flexibility throughout all stages of life.'? For in-
stance, the discovery of unique brain structural—
functional patterns that support different levels of
flexibility among clinical and neurotypical groups
may aid in identifying diagnostic and (drug) inter-
vention markers with a higher likelihood of success
for an individual. This will further contribute to
enhancing current existing diagnostic nosology
and advancing toward the objective of precision
medicine.

Possible limitations should also be noticed in this
study. On the one hand, the identified resting-state
structural-functional circuit may not characterize
the circuitry state when involved in the TMT task.
Although our results may help to predict and eval-
uate cognitive flexibility performance in patients
who cannot perform a given task (e.g. due to lack of
consciousness), only behaviorally relevant resting-
state circuits were insufficient to roundly character-
ize the brain’s cognitive flexibility. In the future
study, additional experiments including MRI-EEG
recordings during the TMT task should be con-
ducted to further validate and extend our findings.
On the other hand, given our current findings were
acquired based on correlation analysis, thus being
incapable of reporting potential causal relationships
between the MCN and individual cognitive flexibili-
ty, related intervention strategies, such as adopting
transcranial magnetic stimulation, would be accom-
plished in the future to manipulate the brain’s
structural-functional configurations, in which relat-
ed fluctuations of individual cognitive flexibility

would be accordingly explored, to mine if there exists
any causal relationships between the two variables.

5. Conclusion

Herein, we performed MCN analyses to probe the
correlation between cognitive flexibility and resting-
state structural-functional coordination at the indi-
vidual level. Results show that structural-functional
MCN plays an essential role in cognitive flexibility,
and individuals with efficient resting-state brain pre-
configurations tend to perform better during the
TMT task and achieve a relatively small TMT B-A
score. Further analysis confirmed that the resting-
state MCN features can effectively predict an indi-
vidual’s TMT task performance. Collectively, cur-
rent discoveries enhanced our understanding of
cognitive flexibility from the viewpoint of structural—
functional interaction and will further derive useful
physiological markers of cognitive functioning.
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