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The dynamic profile of brain function has received much attention in recent years and is also a focus in the study

of epilepsy. The present study aims to integrate the dynamics of temporal and spatial characteristics to provide
comprehensive and novel understandingofepileptic dynamics.Resting state fMRI data werecollected from
eighty-three patients withidiopathic generalized epilepsy(IGE) and eighty-seven healthy controls(HC). Specifically,
we explored the temporal and spatial variationoffunctional connectivity density(tvFCD and svFCD) in the whole
brain. Usinga sliding-window approach, for a given region, the standard variation of the FCD series was calculated
as thetvFCD and the variation of voxel-wise spatial distribution was calculated as the svFCD. We found primary,
high-level, and sub-cortical networks demonstrated distinct tvFCD and svFCD patterns in HC. In general, the
high-level networks showed the highest variation, the subcortical and primary networks showed moderate variation,
and the limbic system showed the lowest variation.Relative to HC, the patients with IGE showed weaken temporal
and enhanced spatial variation in the default mode networkand weakentemporospatialvariationinthe subcortical
network. Besides, enhanced temporospatial variation in sensorimotor and high-level networks was also observed in
patients. The hyper-synchronization of specific brain networks was inferred to be associated with the phenomenon
responsible for the intrinsic propensityof generation and propagation of epileptic activities. The disrupted dynamic
characteristics of sensorimotor and high-level networks might potentially contribute to the driven motion and
cognition phenotypes in patients.In all, presently provided evidence from thetemporospatial variation of functional
interaction shed light on the dynamics underlying neuropathological profiles of epilepsy.
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1. Introduction

Dynamic functional integration and separation across
brain networks make the brain to be flexible in
responding to both internal and external stimuli* 2.A
previous fMRIstudy has investigated the variability of
local spontaneous activity throughout the brain,
suggesting a distinct distribution of variability in different
brain regions®.Functional  connectivity(FC)reflectsthe
synchronization of spontaneous neuronal activity between
brain regions and has been investigated in various
disorders of neural systems and provided significant
evidence for understanding the pathological mechanism
of diseases*’.Over the years, accumulatedfMRIstudies
have revealed temporallyvariation of intrinsic FC
responding to distinct brain states®*!. A region with high
variability tends to be involved in complex and integrated
cognitive activities.Temporal variability ofbrain activity
is viewed to representthe adaptabilityof the brain and high
temporal variability is proposed to be associated with
learning plasticity*?. The significance of studying brain
dynamic characteristics lies not only in the cognition of
normal brain function but also in the study of
neuropsychiatric diseases'? 2.

Generalized epilepsy is a clinical syndrome typically
characterized by paroxysmal generalized spike-wave
discharges(GSWD) and emerging evidence has suggested
it to be a network disorder'*', Bistability between
epileptic and normal brain states makes the dynamic
investigation especially important in epilepsy'’.A series
of studiesfocused on detecting crucial features of brain
activity to predict seizures'® '°The seizure process is
usually divided into preictal, ictal and postictal in most
researches investigating the evolutionof epileptic
activities?® 2!.Simultaneous EEG-fMRI studies revealed
thespatiotemporal dynamics of an active pattern of
wide-spread regions at different periods?> %2,

The deactivation of thedefault mode network(DMN)
and activation of the thalamus are consistently reported to
be responsible for the generation and propagation of
epileptic activities?®. Temporally desynchronized and
synchronized networks over the discharge period
provided remarkable evidence to understand the potential
pathomechanism underlying epilepsy?.
Previousresearches of dynamic functional connectivity in
epilepsy predominantly focused on the delineation of
epileptogenic foci, seizure prediction, and discriminating
patients with epilepsy from healthy controls?®® 2".By
studying the variability of local brain activity in resting

state, hyper-and hypo-variability in different networks
were revealed in patients with generalized tonic-clonic
seizures?® 2°.Besides,a recentfMRI studyconcerned the
dynamics of functional connectivity profile and revealed
enhanced temporal variability in patients with generalized
epilepsy, suggesting a dynamic reconfiguration of
large-scale brain networks®.Moreover, the investigations
of spatial characteristics havealso been proven to be of
significance in revealing normal and pathological brain
function®35, At present, however, the study of the
dynamicsof spatial features is relatively limited.

Themetastability of the brain state remains in
spontaneous activity for most of the time and
autonomously bursts into GSWD periods®®.Thus, it is
imperative to study the temporal and spatial
characteristics of dynamic brain function in patients with
epilepsy in the resting state. Previous dynamic studies
mainly focused on the temporal variability, the present
study investigatedboth temporal and spatial variability of
functional connectivity, aiming to provide an integrated
temporospatial view of the dynamics of the brain.
Specifically, the functional connectivity density (FCD), a
well-recognized approach, was employed as a
measurement to depict the functional architecture of a
given region. Then, the calculation of temporal, spatial,
and temporospatialvariation of FCD was proposed. The
epilepsy is a network disorder characterized by
significantly disrupted dynamics of brain function. Thus,
it is worthy to investigate the dynamic features of
large-scale networks in epilepsy, which might make
substantially contribution to revealing the
pathomechanism. We forecast that the temporal and
spatial dynamic characters revealed by the present
approaches would provide novel evidence to replenish the
understanding of dynamics in epilepsy.

2. Materials and Methods

2.1Participants

Eighty-three patients (mean age: 22.59+11.18 years;
mean years of duration: 7.75+8.36; mean age of seizure
onset: 14.84+10.86; all right-handed, 39 males) with IGE
were recruited in the present study.All patients were
diagnosed as IGE according to the epilepsy classification
of the International League Against Epilepsy®’.
Specifically, the IGE group was made up of 58 patients
with generalized tonic-clonic seizures and 25 patients
with juvenile myoclonic epilepsy. Detailed demographic
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and clinical information are shown in Table 1. No patients
had brain lesions, developmental disabilities, or other
accompanying neurological disorders.
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Table 1. Clinical characteristics in IGE and HC

Characteristic IGE HC P-value
Number 83 87 -
Age (year) 22.6+11.2 24.5+9.0 0.012
Gender (M:F) 39:44 48:39 0.29°
AED (with:without) 66:15 - -
Therapy (single: multiple) 26:40 - -
Age at onset (year) 14.8+10.9 - -
Duration (year) 7.7x8.4 - -
mFD (mm) 0.12+0.06 0.09+0.05 0.002?

Abbreviation: AED: antiepileptic drug; mFD: mean frame-wise displacement; a. The P value was obtained by a
two-sample two-tail t-test. b. The P-value was obtained by a 2 test.

Eighty-seven healthy controls (HC) (mean age: 24.5+9.0
years, all right-handed, 48 males) without neurological
and psychiatric disorders were recruited as controls. The
present study was approved by the ethical committee of
the University of Electronic Science and Technology of
China. Written informed consents were obtained from all
of the subjects.

2.2 Data Acquisition

MRI images were acquiredon a 3TIGE scanner
equipped with an eight-channel-phased array head colil
(EXCITE, IGE, Milwaukee, WI). An echo-planar
imaging sequence was used for resting-state functional
data (echo time (TE) = 30 ms, repetition time (TR) =
2000 ms, data matrix=64 x 64, field of view=24 cm x 24
cm, flip angle (FA) =90°, slice thickness=4 ms (no gap),
and 32 axial slices in each volume).All of the subjects
were asked to close eyes without falling asleep during the
scan. Each scan lasts 400 seconds, generating 200
volumes.A three-dimensional fast spoiled gradient-echo
sequence was used to acquire axial anatomical
T1-weighted images. The parameters were as follows:
TE= 3.2 ms, TR= 8.2 ms, field of view= 25.6 cmx25.6 cm,
data matrix= 256 x 256, flip angle= 12°, andthickness= 1
mm (no gap). The diffusion tensor image (DTI)
imageswere collected using a diffusion weighted
spin-echoEPI sequence (128 x 128 base resolution,voxel
size 2 x 2 x 2 mm3, 75 slices, 64 directions, and b-value
1000 s/mm?).

2.3 Preprocessing

A self-developed softwarepackage NIT %was used for
preprocessing the fMRI datasets. The first five volumes
of each run were discarded to eliminate magnetic field
instability.Slice-timing correction, realignment, spatial
normalization to the Montreal Neurological Institute

(MNI) template were conducted successively. Then, these
images were resampled to an isometric 3x3x3mm3grid.
We excluded the subjects with head motion exceeding 2
mm or/and 2 degrees.Besides, head-motion parameters,
white matter signals, and cerebrospinal fluid signals were
regressed out from normalized data and temporal filter in
the 0.01-0.08 Hz band was performed in the functional
images.Moreover, basedon frame-wise displacement (FD)
defined by Power 3, the mean frame-wise displacement
(mFD) of each subject was computed using the following
formula:

0= ()2

+ |Adyi1

+ |Adzi1| +

|Ad, 2| +|Adyz2| + |Ad,21);
where M is the length of the time course; x}/x?, yllyZ,

and z}/z? are translations/rotations at the ith time point
in the x, y, and z directions, respectively; and Adxil =

x} — x},, and a similar pattern held for the others.
Notably, by calculating displacement on the surface of a
sphere with a radius of 50 mm, the rotations were
converted from degrees to millimeters.

2.4Temporalvariability of functional connectivity

density

To be brief, FCD is a measure of how closely one
region functionally connects with the rest of the brain“.
With different connect criteria (direct, indirect, and
unrestricted connection), the global, local and,longRange
FCD was defined*!, detailed calculation procedures could
be referred to our previously published studies® 2. To
characterize the temporal variability of FCD,a
sliding-window approach was adopted in the current
study to investigate tvFCD as shown in FigurelA.
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Figure 1. An overview of the analysis scheme of
dynamic FCD. The (A) shows the sliding-window based
approach and window-based FCD calculation; the (B)
shows the atlas-based voxel-level FCD values in every
ROI across windows; the (C) illustrates the calculation of
temporal variation of FCD and the spatial variation of
FCD for a given region.

Accumulated studies of the sliding-window approach
used a window length ranging from 20 to 75 TR?°. Since
there was no consensus on the window length, we
selected a window length = 50 TR according to a former
study considering the frequency characteristic of
spontaneous neural oscillation*®.In line with most
previous studies, a step of 1 TR was used in the current
study. For each window, the calculated voxel-wise FCD
map is transformed to 246 values of sub-regions in the
whole brain based on theatlas proposed by Jiang et al.*.
For every subregion, the average FCD value of all voxels
was calculated. The temporal variability of FCD of a
given region was then calculated using the standard
variation of averaged FCD value across windows
(FigurelB and C).

2.5Spatial variabilityof functional connectivity density

The spatial variability of FCD was calculated using an
approach recently proposed by Zhang et al*2. As shown in

FigurelB and C. For a given time window m, the FCD
distribution of theith regionFin is a vector of FCD values
of all voxels in this region. Then, the spatial variability of
FCD (svFCD) for a given regioni is defined as the
following:

SV, =1- E[COTT(Fi,m 'Fi,n)];

i =[1,246]; m,n = [1,k]

For the ith region, the stability of the spatial
distribution of FCD is the averaged correlation coefficient
of distribution vector across different time windows.
Finally, the deduction from 1 indicates the variability of
the spatial distribution of a region over time, which is the
named svFCD in the current study.

2.6 Temporospatialvariability of functional
connectivity density

To integrate the temporospatial variability of functional
connectivity density (tsvFCD), an index was proposed as
the product of the unnormalizedtvFCD and svFCD.

2.7 Relevant subnetwork

To further study the interaction between sub-regionswith
disrupted variations of FCD, a relevant subnetwork was
identified. ~ We  consideredeachsubregion  showed
abnormaltvFCD/svFCD/tvFCD as a node and calculated
Pearson’s correlation coefficients across all pairs of nodes
to construct a functional connectivity network. A series of
binary networks weregenerated with a sparsityranging
from 0.15 to 0.5 with a step of 0.05. We investigated
nodal features in a graph theory method, including cluster
coefficient, betweenness centrality, nodal efficiency,
nodal local efficiency,and degree centrality.

2.8 Validation

AnAALatlas comprised of 90 sub-regions was adopted to
further validation of the pattern of FCD variation in the
HC group. Same processing procedure was performed to
investigate the tvFCD, svFCD, and tsvFCD of 90 regions.

2.9 Statistical analysis

The tvFCD/svFCD/tsvFCD values were first z-scored
across brain regions for normalization, aiming to
eliminate individual differences. In HC group, high or
low variation of brain nodes was identified by being
above or below the mean. For each network, we
calculated the ratio of high and
lowtvFCD/svFCD/tsvFCD at the individual level.
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Specifically, for a given network, the ratio of high and
low variationwas calculated:Rationigs= node number of
high variation/ (node number of high variation + node
number of low variation); Ratiojow= node number of low
variation/ (node number of high variation + node number
of low wvariation). Then, the subtraction of
Rationigi-Rationowwas  calculated  and  z-scored.
Furthermore, one-sample t-tests were used to determine
whether the subtraction was significantly greater/lower
than zero, suggesting the statistical differences between
the ratios with high and low variation. Besides, to assess
the weighted variation of high and low variation within
each network, the absolute values of variation of nodes
with high/low tvFCD/svFCD/tsvFCDwere summarized
for each network. The between-group differences of
tvFCD/svFCD/tsvFCD ~ were  investigated  using
two-sample t-tests, with the age, gender, and mFD as
nuisance covariates.Furthermore, correlation analyses
betweenthe altered tvFCD/svFCD/tsvFCD in IGE and
clinical features (disease duration and onset age) were
performed using a multiple linear regression modal with
the age and gender as nuisance covariates.
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3. Results

3.1tvFCD, svFCD and tsvFCD patterns in HC

Accordingto the network parcellationofYeo et al. and
assignment of Jiang et al., 246 nodes were labeled by
eight brain networks: the visual network (VN),
sensorimotor network (SMN), dorsal attention network
(DAN), ventral attention network(VAN), limbic network
(Limbic),frontoparietal network (FPN), DMN and an
unnamed network** %, Since the eighth network mainly
consists of subcortical structures, the present study named
itthe subcortical network (SCN).

Figure 2 demonstrates the tvFCD pattern at the global
level. As shown by the ratio of high and low tvFCD, a
greater ratio of low variation was found in VN, Limbic,
and SCN, and a greater ratio of high variation was
observed in SMN and VAN. The DAN, FPN, and DMN
showed the almost same ratio of high and low variation.
Further analysis of the summary of high and low tvFCD
within networks showed the lowest variation in SCN and
Limbic and relative high variation in DMN and SMN.

VN SMN DAN VAN Limbic FPN DMN SCN

Ratio of high and low global
tvFCD
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Figure 2. ThetvFCD pattern in HC. High and low tvFCD are shown at node-level in (A). The ratio of high and low
tvFCD of each network is shown in (B), the gray star indicates a significant difference (p<0.005 without correction)
between the ratio of high and low tvFCDand the error bars indicate standard errors. The respective tvFCDsummation of
nodes with high and low values in each network isshown in (C).
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For the svFCDat the global ievel (Figure 3), a greater
ratio of low variation was found in VN and SMN, and a
greater ratio of high variation was shown in FPN and
SCN. The DAN, VAN, DMN, and Limbic showed almost
equal ration of high and low variation. Moreover, the VN,
SMN, and DMN showed lower variation and the SCN
showed the highest variation among all of the networks.

For the tsvFCDat the global level (Figure 4), a greater

ratio of low variation was found in Limbic, SCN, VN,
and SMN, and a greater ratio of high variation was only
shown in FPN. An almost equal ration of high and low
variation was shown in the DAN, VAN, and DMN.
Moreover, the Limbic showed the lowest variation and
the SCN showed the highest variation among all of the
networks.
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The tvFCD, svFCD, and tsvFCD patterns at local and
longRange levels were also investigated and presented
integrated results supporting the present findings. The
results of validation analysis using the AAL template with
90 nodes highly keeps in line with 246-nodes findings to
a great extent.

3.2 Disruption of tvFCD, svFCD and tsvFCD in
patients with IGE

For a straightforward presentation of the results, we
described the alterations of each network in turn in the
context.Forthe SCN, decreased tvFCD, svFCD, and
tsvFCD were observed in patients with IGE at global,
local and longRange levels. In IGE, the decrease of
tvFCD and tsviFCD, and increase of svFCD at three levels

were shown in DMN. For the SMN, the patients with IGE
showed increased tvFCD and tsvFCD at global and
longRange levels. Besides, increased sviFCD at local and
longRange levels were also found in SMN. The VAN
showed increased svFCD at three levels and increased
tsvFCD at global and longRange levels. For the DAN, the
patients with IGE showed increased tvFCD and svFCD at
the local level. For the FPN, increased tvFCD at
longRange level and increased svFCD and tsvFCD at the
local level were observed in patients. ForVVN, the patients
showed increased tvFCD, sviFCD, and tsvFCD at the
local level, increased svFCD at the longRange level, and
decreased svFCD and tsvFCD at global and longRange
levels.
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VN  SMN Limbic DMN SCN

D . E.
® \ : °
> < s °

i

1.
8. a
= |S)
0.9 =
B >
=06 3
S &
503 5]
. =
VN DAN DMN SCN
G g H
L]
() L]
© ~ ° S (S o
* * * * * *
o 04 a
2.1 i 2
03 4 1
5 ; .1 " A
v )
1
202 g
& i &
&0 0.1 3 =
= =
= =2

VN  SMN Limbic FPN DMN SCN VN

® IGE

SMN VAN Limbic DMN SCN

global tsvFCD

e
o

locgl tstFCD

e

-

02

3

longRange tsvFCD

o

VN SMN VAN Limbic DMN SCN

HC
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asterisks represent a significance of p<0.001, andthe error bars indicate standard errors.

For the Limbic, the patients showed decreased svFCD
and increased tsvFCD at global, local, and longRange
levels. Besides, increased svFCD at global and

longRange levels were also found in our resul

5, we exhibited the nodes with significant between-group

ts.In Figure

differences in brain panels and plottedthe variation of one correlation were shown inFigure 6.
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Figure 6. Significant correlation between disease duration/onset age and tvFCD/tsvFCD. The asterisk represents
residuals after controlling for the influence of gender and age (linear regression with gender and ageas covariates).

histograms(Figure 5). The global tvFCD of sub-regions of
anterior cingulum positively related to the disease
duration.Besides, the tsvFCD of thalamic sub-regions and
prefrontal cortex showed significant correlations with
disease duration and onset age. Detailed results of
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NLE, nodal local efficiency.

3.3 Abnormal functional architectures in the
relevant subnetwork

In the present study, forty-two nodes were recognized to
demonstrated abnormal variation of FCD in patients with
IGE. Then, a 42*42 functional connectivity matrix was
constructed for each subject and a further graph theory
analysis was performed.

Under a significant threshold of p<0.05 with FDR
correction, between-group differences of functional
architectures in the relevant subnetwork were revealed
using two-sample t-tests. Compared with HC, the patients
with IGE showed increased betweennesscentrality, degree
centrality, and nodal efficiency, and decreased nodal
cluster coefficient and nodal local efficiencyin the
nodesof DMN, located in anterior cingulate cortex.
Besides, another DMN node, locating in the precuneus,
also showed increased betweenness centrality relative to
HC(Figure 7).

4. Discussion

In this study, we investigated the dynamic variation of
functionalityin the whole brain from a comprehensive and
novel view, integrating the temporal and spatial
characteristics.Previously  well-identified FCD  was
calculated as an index of functionality, thus the spatial
and temporal variation of FCD were investigated in the
present study.

Furthermore, according to the distinct functional role,
cortical subnetworks are attributed to a more general

classification: primary networks, high-level networks, the
limbic system, and subcortical network*.In HC, primary
networks consistently demonstrated low spatial, high
temporal variation, and low temporospatialvariation.
High-level networks showedoverall high temporal, spatial,
and integrated temporospatialvariation. The FCD of SCN
wascharacterized by low temporal variation, high spatial
variation, and low temporospatial variation. And the
Limbic showed significantly low temporal and
temporospatialvariation(Figure 8).

In the present study, the patients with IGE showed
disrupted variations of FCD in distinct brain networks.
First, decreased temporospatial variation of SCN
(thalamic nodes), and decreased temporal variation and
increased spatial variation of DMN were revealed. These
findings contributed to the notion that
hyper-synchronization in the epileptic networks
responsible for the intrinsic propensity forthe generation
and propagation of epileptic activities*”“8. Besides, the
patients with IGE showed excessive temporal and spatial
variations of FCD in SMN and high-level networks,
which implied rapid spatial reconfiguration and
over-flexibly temporal interaction, potentially associating
with driven motor and cognitive phenotypes.
Meanwhile,a complex disturbance was shown in VN and
Limbic in patients.Our findings suggested
disease-specific alterations of the variability of brain
functionality, providing novel clues to the dynamics
underlying neuropathological profiles of epilepsy
(Figure9).
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Figure 8. Demonstration of the patterns in the HC group. The left boxes summarize the patterns of variation in distinct
networks. The right quarter-sphere illustrates the gradient of the variability of brain networks based on the temporal and
spatial profiles revealed in the present study as summarized in the left boxes. The variation decreases from the center to

the outermost edge of the circle.
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Figure 9. The overall conclusion of disrupted variations of brain networks in IGE. The dysfunction of SCN and DMN
was inferred to be related to the intrinsic propensity of epilepsy, and the alterations of primary and high-level networks
were viewed to contribute to the driven phenotypes of IGE.

4.1 tvFCD, svFCD and tsvFCD patterns in distinct
brain networks

High tvFCD in high-level networks (DMN and FPN)
was found in this study. It has been reported that
high-level cognitive regions demonstrated low temporal
variability in measurements ofregional activity and high
temporal variability in FC-related indices®. Cortical hub
regionsin high-level networks densely connect with other
brain regions to process integrated activities, thus the
connection characteristic is inferred to be flexible*®. The
high tvFCDof DMN and FPN revealed in the current
study also supported this view.Hightemporalvariability of
functional interaction was viewed to be highly flexible,
which is associated with brain adaptability and plasticity
underpinning learning?.The current research showed not
only high temporal variability but also frequent spatial
dynamic reorganization in high-level networks, which
provided novel and further evidence to demonstrate an
integrated flexible state.

A previous fMRI study has indicated that primary
networkstend to be less active but more fiexible during
resting state. In line with the previous findings, our
results also revealed hightemporal variations of
FC-related attributesinprimary networks. Meanwhile, low
svFCDin primary networksindicated steady spatial
organization when connecting with other regions, which
contributed to maintainingtheirunimodal architectures in
processing primary information®.In all, the current
findings in primary and high-level networks in HC
supported and replenished previous notions.

In the present study, low tvFCD, high svFCD, and low
tsvFCDwvere revealed in the SCN.The thalamus and basal
ganglia are known as relay complexesin SCN, which play
crucial roles in the communication of information
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between multiple areas of the cerebral cortex® 2, A large
number of previous fMRI studiesrevealed that while the
whole thalamus works together, different spatial regions
within the thalamus have their specific functional
characteristics, suggesting that the thalamus is a structure
with flexible spatial organization®® %3, The basal ganglia is
naturally composed of multiple nuclei, with flexible
spatial integration and separation functions®.The low
variation of functional interaction in SCN was
demonstrated by a prior study®. In the present study,the
SCN demonstrated low tvFCD, high svFCD, and low
tsvFCD, implying that the SCN tends to have stable
functional interactions with the outside regions as a whole,
but the organization of SCN has a flexible division of
labor pattern adjusted dynamically over time. Our results
revealed flexible internal spatial reorganization and stable
external temporal interaction in SCN.

Limbic is an active network to interact with distinct
functional networks, participating in various cognition
performance, especially involving emotion and affection®.
However, the Limbic is sparsely and weakly connected
with other regions during resting state® 5, which might be
a potential reason for the low tvFCD of Limbic.In line
with the temporal stability,the low svFCDof Limbic
reflected stereotyped spatial organization  within
networks,endowing a high stable state when connecting
with outside.

The integrated indicator tsvFCD mainly reflects the
synergic relationship between temporal and spatial
variation. For high-level networks, the high tsvFCD
indicated a codirectional pattern of spatial and temporal
variation that coordinates each other. The low tsvFCD of
primary networks and subcortical network reflected
complementary effects between temporal and spatial
variation. In a word,the tsvFCD measurement provided a
novel view to understand the dynamics of different brain
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networks.
4.2 Abnormal variation of FCD in patients with IGE

Abnormal simultaneous firing of a large number of

neurons causes seizures and synchronized neural
oscillation inwidespread brain regions facilitates
generalized  propagation®.From a  macroscopic

perspective of behavioral expression, the brain state of
patients seems to be saltatorial, while the underlying
functional pattern of the brain networks tends to be
gradually changed®.More important, the pathologically
dynamic changes related to seizures might be supported
by underlying interictal intrinsic disruption of the brain
state. The present study stands by the view that
investigating the dynamic features would serve well for
understanding the pathologicaldynamics of brain state in

epilepsy.
4.2.1 Disruptedvariability of FCDinthalamusandDMN

in IGE

It is acknowledged that the suspension of DMNand
activation of thalamusgreatly contribute to the generation
and propagation of GSWD®®. Theprecuneus and prefrontal
nodes of DMN are proposed to be crucial for triggering
GSWnDevents®. And the thalamus is a notable relay site
to amplify and synchronize abnormal neural activity and
projects it to wide cerebral cortex®: 2 Prior simultaneous
EEG-fMRI studies also suggested that the interaction
between DMN and thalamus was dynamically changed in
preictal, ictal, and postictal periods®® % Accumulated
evidence has suggested that the abnormality of thalamus
and DMN is tightly linked with the intrinsic propensity of
epilepsy*” .

It has been suggested that the GSWD induced a brain
state characterized byincreased large-scale
synchronization of brain activity during ictal than the
period before and after seizures®®.Strong connectivity and
low variability in the core epileptic networks were
observed as seizures initiate and progress®’, which
revealed thecore characteristics of an epileptic brain
state.Aprevious study revealed increased temporal
variations of FC within DMN and inferred it to be
associated with epileptic activities®®. From the respective
of functional interaction with the whole brain,decreased
tvFCD found in the current study supported the
disease-oriented stable brain state in DMN and thalamus,
which ~ was  consistent ~ with  their  persistent
hyper-synchronization ~ during  seizures.  Besides,
decreased svFCD in thalamussuggested firm spatial
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organization when connecting with outer regions, which
might be an assimilation effect of long-term seizures.The
increased svFCD in DMN might be interpreted as a
spatial compensatory effect for temporal steady. Affected
by recurrent hypersynchronous epileptic activities, the
thalamus, and DMN trend to demonstrate a more stable
disease-related pattern of functional interaction with other
regions.  This  strengthened  connectivity  and
temporospatial ~ stable  brain  state  predominantly
contributed to the epileptic actions®’.
Therelevantsubnetwork analysis revealedsignificantly
abnormal network propertiesintwo core nodes of DMN.
Increased BC, DC,and NE of precuneus and cingulum
further highlighted the overly centralized role of DMN in
patients with IGE.The decreased NLE of cingulum might
be related tothe decreased functional integration within
DMN in IGE®.In a word, the present findings provided
evidence from temporal and spatial aspects to reveal the
pathologically-related state in DMN and thalamus.

4.2.2Excessive  variability of FCD in SMN

andhigh-levelnetworks in IGE

It has been revealed that strong and weak
functionalconnectivityhas been suggested to play
different roles in supporting brain function®.Excessive or
insufficientvariabilityof brain activitycould occurinthe
different phenomenon and might be the potential cause of
cognitive impairment and specific
pathologicalstates’®. The abnormality of SMN has been
revealed by many studiesandisassociated with motor
abnormalities  in  variousdisorders™"3.Simultaneous
EEG-fMRI studieshave shown that hyper-synchronization
of SMN often occurred in the later ictal and postictal
periods™, suggesting its passive involvementinthe
GSWD.In the current study, abnormally increased tvFCD
in SMN suggested a hyper-variabilitystate when
interacting with other regions, which might be related to
the susceptibility of SMN to be over-excited and inspired
by abnormal neural oscillation™. We also found increased
svFCD in patients, indicating a spatial redistribution of
the internal structure of the SMN when it interacts with
outside regions. The present study revealed both temporal
and spatial hyper-variability state of SMN in patients with
IGE.

Actually,impaired cognitive function in patients with
epilepsy is not a rare phenomenon and various cognitive
phenotypes have been widely reported in prior studies,
including attention, memory, and executive functions™ .
Besides, abnormal spontaneous activity and functional
interaction of cognitive networks in epilepsy have been
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widely demonstrated®® 7"°.Current results suggested
temporalhyper-variability of FCD in high-level networks,
which was in line with findings reported in a priorfMRI
study*°.In patients with IGE, Jia et al. suggested an
abnormal functional state of brain depicted by increased
variabilities of FC  within and between
high-levelnetworks and inferred it to be associated with
the potential cognitive impairment.Increased spatial
reconfiguration when interacting with the whole brain in
high-level networks suggested a coordinated spatial
synergic effect for supporting the abnormally temporal
variation in patients with IGE.The current study revealed
overall temporospatial hyper-variability of high-level
networks and shed new insights into the pathologic
dynamics of functionality associated with thecognitive
state in epilepsy.

4.2.3Complexalterationof variation ofFCDinVNand
Limbic

Although some of the researches linked dysfunction of
VN with photosensitivity of patients ordisrupted visual
perception, the identified clinical evidence was absent®”
8.In the present study, the patients showed different
variations of FCD at global, local, and longRange levels,
which further blurred the interpretation in patients with
IGE. Cause the uncertainty of photosensitivity in all of
the patients in the current study, we could not make more
solid references.

In the presentstudy, the patients with IGE demonstrated
increased temporal and temporospatial variation and
decreased spatial variation, suggesting hyper-flexibility of
functional interaction and over-rigescent spatial
organization in the Limbic. Although the Limbic is
relatively sparse connecting with others, the Limbic is
highly correlated with emotion and has been widely
studied in mental disorders®. Dysfunctions inthe
limbic system are generally viewed to contribute the
cognitive impairment in patientswith epilepsy®*.Complex
alterations of temporal and spatial variation of FCD
indicatedmultiphase disruption the functionality ofLimbic,
which might share contribution to the potential memory,
emotion, and behavior changes in patients with epilepsy?*.
Because of the lack of efficient cognitive and emotional
scales of patients, we just made aconservative inference
for our results according to previously reported studies.
Avoidingover-stating, we reserved further interpretation
for the alterations of variation in Limbic in patients with
IGE.
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4.3Limitation

There are several limitations in the present study. First,
not well-matched age between IGE and HC groups might
influence the present findings. Even though the ages have
been regressed out as a nuisance covariate in the
statistical procedure, we still could not completely
eliminate its potential effects. The AED is a considerable
factor when investigating the brain function. The AED
has been demonstrated to be partially responsible for the
cognitive impairment in patients with IGE® %, thus the
dysfunction of cognitive networks might be related with
AED?®" Although accumulated evidence from previous
studies indicated the cognitive dysfunction in IGE, the
lack of cognition assessment diminished our discussion of
cognitive impairment in the present study to some extent.
The effects of AED on the dynamics of the brain would
be taken into consideration in the future study.The
electroencephalogram is an important approach to
investigate the intrinsic neural activity behind the changes
in metabolism, which can provide supplementary and
distinctive information to the BOLD study. The further
deep study should combine the two approaches in the
study of epilepsy.

5. Conclusion

In summary, the present study investigated the dynamic
profiles of functional connectivity of patients with IGE
from temporal and spatial aspects. Congregated evidence
suggested the temporospatial over-synchronization in
SCN, and temporal over-synchronization and spatial
over-flexibility in DMN, which were inferred to
contribute to the intrinsic propensity of epilepsy. Besides,
excessive temporospatialflexibility of the primary and
high-level networks was predominantly observed in
patients with IGE, which might be associated with driven
phenotypes in patients. Our work provided novel
evidence to shed light on the dynamics underlying
neuropathological profiles of epilepsy.
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