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Healthy brain networks usually show highly efficient information communication and self-sustained oscilla-
tion abilities. However, how the brain network structure affects these dynamics after an injury (stroke) is not very
clear. The recovery of structure and dynamics of stroke brain networks over time is still not known precisely.
Based on the analysis of a large number of strokes’ brain network data, we show that stroke changes the network
properties in connection weights, average degree, clustering, community, etc. Yet, they will recover gradually
over time to some extent. We then adopt a simplified reaction-diffusion model to investigate stroke patients’
activation propagation and self-sustained oscillation abilities. Our results reveal that the stroke slows the adoption
time across different brain scales, indicating a weakened brain’s activation propagation ability. In addition, we
show that the lifetime of self-sustained oscillatory patterns at 3 months post-stroke, patients’ brains significantly
depart from the healthy ones. Finally, we examine the properties of core networks of self-sustained oscillatory
patterns, in which the directed edges denote the main pathways of activation propagation. Our results demonstrate
that the lifetime and recovery of self-sustaining patterns are related to the properties of core networks, and
the properties in the post-stroke greatly vary from those in the healthy group. Most importantly, the strokes’
activation propagation and self-sustained oscillation abilities significantly improve at 1 year post-stroke, driven
by structural connection repair. This work may help us to understand the relationship between structure and

function in brain disorders.
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I. INTRODUCTION

Comprehending the relationship between human brain ar-
chitecture and function is one of the central focuses in network
neuroscience nowadays. In recent decades, extensive inves-
tigation of the architecture of the human connectome [1-3]
has demonstrated typical characteristics of complex networks,
including the small-world effect [4—6], heterogeneous degree
distributions [7,8], high clustering coefficient [6], rich club
phenomenon [9], modular structure [10,11], and so on. These
intricate structural features of the brain networks support the
functions of highly efficient neuronal information communi-
cation among different brain regions [12—14].

Evidence shows that the performance of various cognitive
tasks is closely related to the dynamics of activation prop-
agation and the emergence of self-sustained oscillations in
healthy brains [11,15-17]. In terms of activation propagation,
Misi¢ et al. [18] investigated the global spreading dynamics
on anatomical brain networks and showed how the structure
of the network shapes the transmission of activation. They
demonstrated that the early spreading was promoted by hub
regions and a backbone of pathways, while the spread of
cascades was accelerated by the shortest path. Competing cas-
cades evolved integrated by joining in polysensory associative
regions. Therefore, understanding the complicated network
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structure is significant in comprehending highly efficient neu-
ronal information spreading behaviors in the brain.

On the other hand, the dynamic patterns of activation
propagation often exhibit the phenomena of self-sustained
oscillations in healthy brains [19-25], in which the activated
nodes will propagate the firing signal to their neighbors via
the structural connections and eventually distinct activity pat-
terns emerge [26-29]. Barzon et al. have uncovered that the
emergence of collective oscillations is driven by the criticality
and network structure in a whole-brain stochastic model [30].
Moreover, the self-sustained oscillation patterns in resting-
state brain networks are usually connected to the rhythms,
and healthy brain networks possess the typical features of
multiscaled rhythms. Different rhythms can frequently switch
in the brain [31]. Thus, understanding the dynamical patterns
is fundamental for comprehending the rhythm mechanism.

Although much work has addressed the abilities of highly
efficient activation propagation and self-sustained oscillations
in healthy brains, how the brain network alters these dynamic
behaviors after an injury such as a stroke remains poorly
understood. In addition, the recovery of structure and dynam-
ics after focal brain injuries (stroke) over time is still not
precisely known. Neurological dysfunctions shall alter these
dynamic behaviors if highly efficient activation propagation
and self-sustained oscillations are fundamental properties of
healthy brains. Researchers have discovered that the stroke’s
brain network has fewer interhemispheric connections, and
the loss of these ties is the dominant aberrant pattern in
stroke [32]. In addition, some studies have focused on the
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changes in structure and dynamics due to brain injuries,
such as disrupted criticality with realistic connectomes of
stroke patients [33,34], Alzheimer’s disease [35], and during
epileptic seizures [36,37]. However, we know little about the
influence of the stroke brain on activation propagation and
self-sustained oscillation processes.

In this work, we study stroke-affected brains’ structure, ac-
tivation propagation, and dynamical patterns using the dataset
from Ref. [33]. The brains’ structural connectivity data was
measured at 3 months after stroke (Pat. 71), 1 year after stroke
(Pat. t;), and in healthy controls (Con). This data allows us
to measure departures from normal structural connectivity,
activation propagation, and self-sustained oscillation abilities,
and the recovery of corresponding dynamics behaviors over
time. We show that stroke changes the network properties in
connection weights, average degree, average clustering coef-
ficient, community, etc., leading to the significantly weakened
brain’s activation propagation efficiency and self-sustaining
oscillation ability at 3 months post-stroke. All these aspects
recover to some extent after 12 months, driven by brain net-
work connections remodeling.

The arrangement of this paper is as follows. In Sec. II,
we briefly introduce the structural network dataset of stroke-
affected brains used in this study. In addition, we present
an activation propagation model on the structural brain net-
works. In Sec. IIT A, we conduct a statistical analysis of the
structural network within the stroke dataset. In Sec. III B, we
demonstrate that stroke-induced structural damage weakens
the brain’s activation propagation abilities. In Sec. III C, we
discover that stroke reduces the main pathways of activation
flow within the brain and diminishes the brain’s rhythm-
related self-sustaining oscillation ability. We also found that
brain function can experience a certain degree of recovery
with the structural connections restored. Finally, Sec. IV pro-
vides the discussion and conclusion.

II. STROKE DATASET AND THE ACTIVATION
PROPAGATION MODEL

A. Connectomes of post-stroke brains

An extensive prospective longitudinal stroke investigation
contributes to the imaging and behavioral data [38—40]. We
use the structural connectivity data from 79 patients in a
previous study [33], where the patients’ connectomes were
measured at 3 months (Pat. #) and 1 year (Pat. ,) after stroke
onset. Notice that although there are 79 participants, only
34 took part in both #; and #, measurements and scans. So,
we have 54 samples in the #; measurements and 59 in t,. In
addition, the study also contains 28 healthy controls (Con),
and 18 were measured twice at a 3-month interval. So, we
have a total sample size of 46 in healthy controls. As the
variability and difference in structural connectivity between
the two time points in healthy controls are very small [33], we
combine the datasets measured twice (sample size N, = 46) to
represent the control group average as a baseline. By doing so,
we can increase the sample size of structural connectivity for
the healthy group, which will minimize the influence of ex-
perimental fluctuations and errors and provide a more robust
statistical reference for comparisons with stroke patients.

Each connectome can be regarded as a network, and the
nodes represent the cortical regions of interest (ROIs). In
each connectome, the entire brain is divided into 324 regions
(ROIs), i.e., the number of nodes or network size N = 324.
The weight of the link, (i;;), represents the fiber density,
which is defined as the number of white-matter fiber tracts
connecting ROIs i and j normalized by the product of their
average surface and average fiber length [41]. Taking into
account the homeostatic plasticity principles [42—44], the
structural connectivity matrix from Ref. [33] has been nor-
malized for each individual with

ey

Previous studies have shown that the above normalization will
minimize the variability of the neural activity patterns and
the critical point of the stochastic model for distinct subjects
[33,34]. In addition, it will promote the comparison of the sta-
tistical results for single subjects [33] (see more details about
the influence of normalized connectivity weights in Figs. 7
and 8 in Appendix A). Therefore, we use the normalized
structural connectivity matrix in this work.

B. Description of the activation propagation model

We adopt a simplified reaction-diffusion (spreading) model
on the empirical brain networks to study cortical activation
propagation [31]. One advantage of studying the brain net-
works’ spreading dynamics is that the simple model could
provide a much-needed theoretical framework for analyzing
how activation propagation processes unfold within the net-
works [12]. For example, the spreading model may better
reveal the organizational principles of brain networks shap-
ing global communication and facilitating integrative function
[18]. Therefore, we use the spreading model to mimic the
neural signal communications process. In the model, each
node in the model has an active (A) or inactive (I) state. The
activation propagation process has two main steps: reaction
and diffusion. In the reaction step, we focus only on the
activated nodes, while the diffusion step concentrates on the
nodes that have not yet been activated (i.e., the inactive state).
To describe this process more precisely, we introduce the vari-
able S;(¢) to represent the state of node 7 at time ¢. Specifically,
we assume that S;(#) = 1 when a node i is in an activated
state and S;(#) = 0 in an inactivated state. In the reaction
step, a node with S;(#) = 1 has a probability p of transitioning
from activated to inactivated and 1 — p to stay activated. This
transition reflects the dynamic characteristics of the system’s
nodes and lays the foundation for the subsequent diffusion
process. Mathematically, this is expressed as

0, with probability p

St +1)= { 2)

1, with probability 1 — p

for S;(r) = 1. Without loss of generality, we set p = 0.5 in our
study.

In the diffusion step, if the total input coupling strength
of an inactive node exceeds the activation threshold w,, the
node will become activated. This process can be represented
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as follows:

Sit+ 1) =0 Y w;S;t) - o | 3)

JeN;

for an inactivated node S;(¢) = 0. Here, N; is the neighborhood
of node i and ® denotes the Heaviside function, which is 1 if
its argument is positive and O otherwise.

We can easily acquire the mean-field version of the dynam-
ics for the above activation propagation model. Let us define
pi(t) as the probability that node i is activated at time ¢. On the
one hand, if a node is in the activated state, it remains activated
with a probability 1 — p. Thus, the probability that node i
remains activated after a one-time step is (1 — p)p;(¢). On the
other hand, the probability that an inactive node i becomes
activated in the diffusion step depends on the sum of the con-
nection weights of the activated neighbors j. Specifically, the
node will be activated if the total input exceeds the threshold
.. So, the probability that node i becomes activated in the
diffusion processis [1 — Pi(t)](“)[ZjEN, w;jp;j(t) — wc]. Thus,
the mean-field theory equation is

pit + 1) = (1 = poi(t) + [1 = pi)O| D wijp;(t) — w|.
'EN,’

“4)

The analytical solution of Eq. (4) is difficult to obtain. How-
ever, by studying the diffusion step at the beginning with a
small initial seed, we can obtain an approximate solution for
the lower bound w, (i.e., critical point) on a fully connected
network with uniform connection weights. To maintain the
diffusion process, one needs

> wijpj(t) — we > 0. 5)

JEN;

For a fully connected network with uniform connection
weights, we have

we < N{w)po, (6)

where pg is the initial activation ratio (i.e., initial seed) and
(w) is the average weight. We have verified the theory by
using simulations on synthetic networks. As shown in Fig. 10
in Appendix E, the simulation results are consistent with the
theory. From Eq. (6), we can see that the behavior of activation
propagation depends on the seeds initially selected and the
activation threshold. Notice that although our mathematical
discussion in Eq. (6) does not apply directly to real brain
networks, the results make us realize that the behavior of
activation propagation depends on the seeds initially selected
and the activation threshold. Therefore, in the next section, we
will fix the seeds at the initial time step so that we can compare
the statistical results in different groups better.

III. RESULT

A. Structural alterations and recovery of the post-stroke brain

Lesions undoubtedly depart from normal structural con-
nectivity, but the structural alterations and recovery over
time after stroke are still not known precisely. Stroke

typically begins with an acute disruption of blood flow to a
specific brain region, leading to direct damage to the brain
parenchyma [46,47]. Although the structural damage from
stroke is localized, it induces both local and widespread alter-
ations in brain function and structure [48,49]. Group analyses
in stroke patients have shown that the majority of strokes
impact subcortical-cortical structural connectivity, including
both white- and gray-matter pathways [39,50].

We here examine the brain network properties in the
healthy control group (Con), the patient group after 3 months
post-stroke (Pat.?;), and 1 year post-stroke (Pat.). In
Fig. 1(a), we show the axial view for three selected repre-
sentative individuals from the three groups (Individual No.
12 in Con and the same individual, No. 12, in Pat. #; and
Pat. #,). The brain network is divided into 13 regions, each
containing a different number of ROIs. Nodes belonging to
the same region are assigned with the same color. The size
of each node is proportional to its degree k. We can observe
that for the same ROls, the sizes of nodes in Con are generally
larger than those in Pat. #; and Pat. #,. Additionally, the sizes
of nodes for the same individual at 1 year post-stroke are
greater than the case at 3months post-stroke, indicating the
formation of new connections between specific ROIs after
lyear. Furthermore, we highlight several edges between the
same ROIs in the visual region, in which the thickness of the
edges is proportional to the weights. We find the weights’
alterations and recovery by comparing the edges’ thickness
at 3 months and 1 year post-stroke. To make it clear, in
Fig. 1(b), we show the complementary cumulative distribution
of the weights of edges, P.(w;;) in the Con, Pat. t;, and Pat. t,
groups. The distribution is slightly lower in the healthy control
group than in the stroke group. Interestingly, the distribution
in the Pat. #, group is nearer to the healthy level, indicating the
recovery of the link weights.

To clearly observe the difference in link weights, we dis-
play the corresponding structural connectivity matrices in
Figs. 1(c)-1(e), where the sparse connectivity matrix con-
tains numerous short-range connections and fewer long-range
connections. In the control individual, interhemispheric con-
nections between homotopic regions of the same network are
evident. In stroke patients, however, interhemispheric con-
nectivity is significantly reduced. This is consistent with the
findings by Griffis et al. [32], who demonstrated that the
loss of interhemispheric connections, both structural and func-
tional, is the predominant aberrant pattern observed in stroke.

Besides the distribution of weights, we also study the av-
erage values of different structural properties for the three
groups and their corresponding standard errors of the mean
(SEM). In fact, the changes in the number of white-matter
fibers are related to the fundamental network properties, such
as average weight ((w)), average degree ({k)), maximum de-
gree ((kmax)), degree assortativity ({r.)), clustering coefficient
((C)), average path length ((L)), and network diameter ({D)).
These topological attributes of structural networks play im-
portant roles in supporting potential communication processes
in healthy and stroke brains [12]. For example, Rocha et al.
found that the changes in the criticality regime appear to
be strictly related to changes of the stroke patient’s network
average degree and connectivity disorder [33]. Moreover, in
contrast to the healthy brain, a typical stroke phenotype is
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FIG. 1. Network properties in the post-stroke brain. (a) From left to right, the axial view illustrations show the distribution of brain
ROIs for three representative individuals from healthy controls (Con), stroke patients at 3 months post-stroke (Pat. #;), and stroke patients
at 1 year post-stroke (Pat. ;). The colors indicate the brain regions and the size of the nodes is proportional to the degree of the nodes.
Some edges between the same ROIs in the visual region are highlighted with the thickness of the edges proportional to the weights. (b) The
complementary cumulative distribution functions of weights in the Con, Pat. #;, and Pat. #, groups. (c)—(e) Structural connectivity matrices are
arranged according to ROISs for the same representative individuals in (a). Node indices within each block matrix (corresponding to a specific
brain region) are placed in a left-to-right hemispheric order. (f) From left to right, we show the average weight (w), average degree (k), average
path length (L), and modularity (Q), respectively. Error bars represent each group’s standard error of the mean (SEM).

characterized by a reduction in interhemispheric homotopic
integration and a decrease in within-hemisphere segregation
across different brain systems [38,51]. Both of these alter-
ations are indicative of a decline in network modularity, a
phenomenon observed in stroke patients, even in the un-
affected hemisphere [52]. To assess the degree of network
segregation and integration in stroke, we employ modularity
({Q)) and average path length ({L)) as metrics in our work.
Figure 1(f) shows the average weight (w), average de-
gree (k), average path length (L), and average modularity
(Q) (community partition using the Louvain method [53]),

respectively. Table I reports the three groups’ average values
of considered structural properties. In addition, we perform
independent ¢ tests to compare the significance of differ-
ences between the control group (Con) and the two patient
groups (Pat. #; and Pat. ;) for each network property [54].
At the same time, we calculate the absolute values of Co-
hen’s |d| to assess the effect size measure in statistics that
quantify the difference between two group means in standard
deviation units [54]. A larger absolute value of Cohen’s |d| in-
dicates a bigger effect size and the difference between groups.
Table II in Appendix F shows very robust statistical tests. All
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TABLE 1. Overview of the considered stroke brain networks.
Columns are the index of group, the number of individuals in the
group (N,), the average weight ((w)), average degree ((k)), average
maximum degree ({knmax)), average clustering coefficient ((C)), aver-
age modularity ((Q)), degree assortativity ((r.)), average path length
({L)), and average network diameter ({(D)).

Group N, (w) (k) (kmx) (C) (Q) (o) (L) (D)

Con 46 0.058 1794 7354 045 0.71 0.17 0.05 1.30
Pat.#; 54 0.070 1527 60.78 046 0.74 0.19 0.09 1.71
Pat., 59 0.065 16.05 6698 046 0.73 0.19 0.08 1.53

the results exhibit similar trends, where the architectures in
the Pat. £, group are closer to the healthy control group than
those in the Pat. #; group. In other words, the stroke will cause
structural changes at 3 months post-stroke, and the network
structure will recover gradually to some extent after 1 year.

The difference observed in network properties between
various groups may come from the changes in the number
of white-matter fibers. Group analyses in stroke patients have
revealed that the majority of lesions affect a large part of white
matter, which is critical in maintaining structural connectivity
within cortical and subcortical regions [39,50]. Rocha et al.
also observed the changes in the number of fibers and topol-
ogy in the stroke brain at a global level [33]. At the level
of the individual, there is more evidence of remodeling of
white-matter connections (increasing fibers in existing con-
nections) rather than recovery of white-matter connections
[33,50]. Therefore, the recovery of structural connectivity
from 3 to 12 months post-stroke may be closely related to the
white-matter remodeling [33,50].

B. Stroke-induced structural damages weaken the brain’s
activation propagation ability

The discovery of structural alterations in strokes is of great
interest and motivates us to examine their impacts on the
brain’s activation propagation ability. We aim to study how
a weak perturbation spreads to the global network when it
occurs. Therefore, following Ref. [18], we use the first adop-
tion time #; to indicate brain function regarding activation
propagation ability. It is defined as the time that node j is
first activated by a weak perturbation from a seed node i. We
set #;; = 0 for the self-activated nodes, and #;; = fmax = 500
for a node j cannot be activated by a seed node i within the
maximum spread time #,,, = 500.

Figures 2(a)-2(c) show the spread patterns for the three
representative individuals in Fig. 1(a) (i.e., No. 12 in the Con,
Pat. ¢, and Pat. #, groups). Colors in each node represent the
pace of the first adoption time under the same initial pertur-
bation seed (indicated by the arrow). The blue node indicates
that the adoption time is faster, while the red one is slower. The
time from a specific seed node to others takes significantly
longer for the individual in Pat. ¢, indicated by the more
prominent red nodes. After 1 year, the adoption time for the
stroke patient in Pat. #, shows a considerable improvement,
comparable to a healthy individual’s level.

To decrease the effect of the initial seed, in Figs. 2(d)-2(f),
we investigate the adoption time matrices for the same indi-

viduals as in Figs. 2(a)-2(c). The matrix element represents
the first activated time for a perturbation started at a partic-
ular seed node (rows) to reach another one (columns). We
have arranged the matrices with ROIs based on the cortical
parcellation of Gordon et al. [45]. From the adoption time
matrices of the representative individuals, we can observe
that the patient at 3 months post-stroke has more red regions,
implying that she/he needs more time to spread the activa-
tion. In other words, the stroke patient cannot propagate the
activation efficiently. Interestingly, the adoption time at 1 year
post-stroke brain gradually approaches the normal level in the
healthy control group, implying the recovery of the ability
to respond to stimuli and propagate activation to other brain
regions. These results suggest that the brain undergoes gradual
repair over time, corresponding with the statistical behaviors
observed in brain structure as discussed in Sec. IIT A.

In the above discussion, we examine the brain’s activation
propagation ability at the individual level. However, do these
phenomena persist across the entire group? To answer this
question, we analyze the adoption time matrices for each in-
dividual at different thresholds w.. We first calculate the mean
adoption time of individual m over all elements in the matrix,
T4, excluding the elements with #; ; =0and t;; = tnax = 500.
Then, we can calculate the average spread time (74) over all
the individuals in the same group with

N,

1 8
T = — ) T4, 7
(T*) Ngﬂ;m ™

where N, is the number of individuals in the group (i.e.,
the sample size). We also obtain the corresponding SEM.
Figure 3(a) shows the average adoption time across the whole
brain as a function of the activation threshold w,. At the same
activation threshold, we can see that the healthy control group
has the shortest average adoption time, meaning the speed
of activation propagation is the fastest in the healthy brain.
The slowest case happens in the 3-month post-stroke group.
The 1-year post-stroke group’s adoption time was close to the
healthy control group, indicating the recovery of the brain’s
ability for activation propagation.

This phenomenon observed at the whole-brain level
prompts the question: does it also occur at different scales
within the brain? To investigate this, in Figs. 3(b)-3(d) we
separately analyze the average adoption time within the left
or right hemispheres, between the left and right hemispheres,
and within specific brain regions. At the hemispheric scale,
as shown in Figs. 3(b) and 3(c), the results for the average
adoption time in intrahemispheres and interhemispheres are
consistent with those observed at the whole-brain level. Fur-
thermore, at a smaller scale, we examine the average adoption
time of different brain regions for each group with fixed w, =
0.03. In the bottom of Fig. 3(d), we plot each group’s average
adoption time and corresponding SEM with seven considered
brain regions. We also highlight the nodes in the same cor-
tical parcellation in red at the top of Fig. 3(d). Table III in
Appendix F reports robust statistical tests about the signifi-
cance and effect sizes. The average adoption time follows the
same behavior seen at the whole-brain and hemispheric scales.
This phenomenon indicates that the ability to propagate acti-
vation in stroke patients is weakened across different brain

034309-5



LIU, WU, XU, AND ZHENG

PHYSICAL REVIEW E 111, 034309 (2025)

(a)

(b)

(c)

« ®_ sec ®. ke
0 ¢ & e 6g @ C &
© wCe oo «c A e
g SR Cq e ol L0 Yt L 3
FeEaias AL Vil RORR
o 4 < [ 4
e A ::Lst E"}%E‘c zﬂ:o: a.::% i L"t E&:b%
8% ) 'ft:\.‘ M ) ”.i}" o P “:'?;ﬁ-
cc £ :mt‘“?" eo s "“.'e o Gl At
seed” E oo of (O CE seed "M‘s A ] seed” E e oy g CE
o€ oo <8 o T € o0 o %8¢ € g & ¢ 0%
‘.:ﬂ& xt.&_ ‘.u-oe xo. ° “G“:v &0.%
“E..G‘L <@ ...‘y « ‘,‘s"&

0 1 2 3

4

Adoption Time

FIG. 2. The spread patterns and corresponding adoption time matrices for representative individuals from different groups. (a)—(c) The
spread patterns reflect the first adoption time of each node under a single seed perturbation (marked by the arrow) for three representative
individuals. Blue nodes mean the adoption times are faster, while red ones are slower. (d)—(f) Adoption time matrices for the same individual
in (a)—(c) show the first time it carries for a perturbation started at a selected seed node (rows) to reach another one (columns). We have arranged
the matrices with ROIs based on the cortical parcellation of Gordon et al. [45]. The results are obtained from 200 independent realizations for

each seed. Here w, = 0.03 is fixed.

scales. After 1 year, there is a recovery to some extent, but the
activation propagation ability still lags behind that of control
individuals.

C. The stroke weakens the brain’s self-sustaining
oscillation ability

Besides the activation propagation ability, we are also in-
terested in the dynamic patterns of activation propagation.
Here, we adopt the same model to study the brain’s rhythm-
related self-sustaining oscillation patterns. Based on a model
of activation propagation on top of a healthy brain network,
Huo et al. [31] have observed the generation of time-limited
self-sustaining oscillatory patterns with varying lifespans,
where the patterns depend on the seeds initially selected and
the activation threshold. As the brain lesion locations caused
by stroke vary across individuals [39], different initial per-
turbation sources (i.e., initial activation seeds) would result
in various patterns of self-sustaining oscillations. Therefore,
we activate all nodes at the initial moment to reduce the

initial activation seeds’ impact and better compare the patterns
between healthy and stroked individuals.

To better observe the patterns of self-sustaining oscilla-
tions, we need to identify a reasonable activation threshold w,.
We firstly denote an instantaneous activity p4(¢) as the frac-
tion of activation nodes at time step ¢, which can be calculated
as

1 N
pal) = =D Si0), ®)
i=1

where N is the number of nodes. Then, we can obtain the mean
stationary proportion of activation nodes in the whole brain
(i.e., the average activation ratio or activity range) as

ipA(t),

t=t,

1
t; — 1,

[pal = ©))

where ¢, = 2000 is the simulated total time and ¢, = 1000 is
the initial transient time (i.e., we discard the initial transient
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FIG. 3. The average adoption time for different groups. (a)—(c) show the average adoption time as a function of threshold w, in the
whole-brain, intrahemispheric, and interhemispheric regions, respectively. Error bars representing the corresponding SEM are smaller than
the symbol size. (d) shows each group’s average adoption time and corresponding SEM (bottom) at w, = 0.03 with seven considered brain
regions. Nodes in the same cortical parcellation are highlighted in red (top).

dynamics with the first 1000 time steps). Figure 4(a) illustrates
the association between the average activation ratio [p4] and
the activation thresholds w, for different groups. All the re-
sults were obtained by 1000 realizations. This figure shows
that at most activation thresholds, the activity range in the
network of the stroke group is smaller than in the control
group. This result indicates that structural alterations are as-
sociated with the smaller activation propagation range within
the model.

We next use the Euclidean distance, d, to quantify the
variability between a given simulated variable and the cor-
responding control group average [33] [see Eq. (Bl) in
Appendix B]. This measure considers the dynamic variables’
behavior across all activation threshold values w.. A low d in-
dicates minimal variability in dynamic parameters relative to
controls. In contrast, a high d reflects significant variability of
the parameters across participants and time points for strokes,
suggesting the presence of abnormal dynamics in the group.
The inset in Fig. 4(a) shows the complementary cumulative
distribution functions of the Euclidean distances d, P.(d),
for [pa]. This figure shows higher variability in stroke than

controls, and higher variability at Pat. ¢, than at Pat. t, as
reported by the mean values of each d in the legend.

With the average activation ratio [p4] on hand, we can
determine a reasonable range of activation threshold w. based
on the critical brain hypothesis. It is hypothesized that the
healthy brain works close to a phase transition (critical point),
which supplies optimal conditions for activation spreading
and response to inputs [33,55]. Inspired by the critical brain
hypothesis, we use the variability A to numerically determine
the critical point of w, [56,57], where A is measured as

il

, 10
[oal (1

where [,oﬁ] = i ?z . pj (t). Notice that there is a peak at

a critical point for the variability A [56,57]. Therefore, we
numerically estimated the critical w, by determining the place
of the variability’s peak. Figure 4(b) shows the relationship
between A and the activation threshold for each group, where
the solid line represents the group’s average and each dashed
line indicates the individual case. The red, blue, and green
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FIG. 4. The average activation ratio [ps] and variability A as a
function of the activation threshold for different groups. (a) [pa] vs
.. The shaded regions on the symbols show the corresponding SEM
around the expected value. The inset in (a) shows the complementary
cumulative distribution functions of the Euclidean distances d, P.(d),
for variable [p,]. The mean values of each d are reported in the
legend. (b) A vs w.. The solid lines represent the group’s average
and each dashed line indicates the individual case. The red, blue,
and green dashed lines represent the individual in Con, Pat. #;, and
Pat. 1,, respectively. The light-orange shadow area marks the range
of the critical points of w, for all control and stroke individuals.
The vertical dashed lines indicate the case of the average critical
activation threshold w,. = 0.37.

dashed lines represent the case of each individual in Con,
Pat. |, and Pat. 1, respectively. The peaks of these curves
indicate the critical point for each individual. The shadow area
marks the range of the critical points for all control and stroke
individuals. The average critical activation thresholds for the
three groups are roughly the same, around w, ~ 0.37. We find
that the lack of significant group differences on the critical ac-
tivation threshold might result from less severe stroke-induced
damage (see the results in Fig. 9 in Appendix C for more
details).

Next, we will use the group’s critical activation threshold
o, ~ 0.37 to investigate the self-sustaining oscillations. In the
bottom panels of Figs. 5(a)-5(c), we show the self-sustaining
oscillatory patterns for the three representative individuals in
Figs. 2(a)-2(c). We also show the time evolution of the activa-
tion fraction p,4(¢) in time window ¢ = [1000, 1200] in the top
panels of Figs. 5(a)-5(c). It is easy to observe the emergence
of collective oscillations from the trajectories of p4(¢) in the
whole brain. Additionally, from the self-sustaining patterns

shown in the bottom of Figs. 5(a)-5(c), we observe that
the activities of different nodes are sequential or alternating
throughout the evolutionary process. Specifically, each node
shifts between different regimes and exhibits recurrent activity
behaviors. This behavior suggests that the activities propagate
among the nodes, leading to a limit-cycle-like dynamics, char-
acteristic of oscillatory behavior [31].

Moreover, it is easy to observe that Figs. 5(a) and
5(c) exhibit a phenomenon of sustained activity propagation
(i.e., typical self-sustained patterns). Interestingly, the self-
sustaining oscillatory pattern in Fig. 5(b) is time limited,
where it experiences a sudden cessation of activity for all
nodes during the propagation process. It should be noted
that the time-limited self-sustaining oscillatory pattern is not
unique for the individuals in Pat. #;. This kind of time-limited
pattern also appears in Con and Pat. #, due to individual dif-
ferences in critical thresholds as shown in Fig. 4(b) (see the
patterns for all individuals in Figs. 11-13 in Appendix E).
Strikingly, comparing with Figs. 5(b) and 5(c), we find that the
same stroke individual can recover from an unsustained state
to sustained, which implies the survival time of each node is
longer for the individuals in Pat. 7, than in Pat. #;.

Inspired by the self-sustained patterns in Figs. 5(a)-5(c),
we next focus on the average lifetime on the group level. Let
us denote ¢/ and #/*! as the time points of a node i initial
and last activity in the simulated total time #, respectively.
Then, #; = t}a“ - t}““i“l is the time for a node i that has passed
between the first and last activity in the spreading process
during the simulated total time #;. In our case, we activate
all the nodes initially, so #"% =0 for all nodes, and we
only need to find out the time point of node i’s last activity,
til‘m, during the simulated total time ¢, (#, = 2000 as before).
Finally, we define the lifetime of an individual / activation
propagation as the normalized survival time over all nodes. It
can be written as

T = i 11
= N ' Ev ( )
i=1

where N is the number of nodes. 7; — 1 means the lifetime
of an individual activation propagation is long, while 7; — 0
indicates short. Therefore, the average lifetime (7;) over all in-
dividuals in the same group reflects the brain’s self-sustaining
oscillation ability at the group level. Figure 6(a) shows the
average lifetime (7;) for the three groups at different acti-
vation thresholds. We observe that within the critical region
where the brain operates (marked in the light-orange shadow
region), the average lifetime of the healthy control group is
relatively longer than that of the stroke groups. For example,
when o, = 0.37, (T;) is 0.5381, 0.4634, and 0.4798 in Con,
Pat. t;, and Pat. t,, respectively. This phenomenon indicates
that stroke indeed impairs the brain’s self-sustaining oscilla-
tory ability. Moreover, the brain at 1 year post-stroke exhibits
some recovery compared to the group 3 months post-stroke,
which is consistent with the observation in Figs. 5(b) and
5(c). Therefore, the brain’s self-sustaining oscillation ability
is weakened in stroke patients, but this ability will recuperate
to some extent with the brain’s healing.

The dominant activation paths and core network. As we
know, the lifetime of self-sustaining patterns is exponentially
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FIG. 5. The self-sustaining oscillatory patterns (a)—(c) (bottom) and corresponding core networks (d)—(f) for the three representative
individuals in Figs. 2(a)-2(c). In the top panels of (a)—(c), we show the trajectories of the activation fraction p,(f) in time window
t = [1000, 1200] as marked with white dashed boxes in the bottom panels. Nodes with purple, blue, and gray in (d)—(f) indicate the core
subnetworks’ maximum, moderate, and minor sizes (i.e., the number of nodes in the subnetworks), respectively. Each directed link depicts the

main pathway of activation propagation.

related to the size of the core network [31], where the directed
edges indicate the dominant activation paths that signal travel
in the brain. It has been shown that the multiscaled rhythms
are associated with the core network’s size in the brain net-
work [31]. An interesting question arises: how does the core
network change in the stroke patient? To figure out the answer,
we will reintroduce the approach of dominant activation paths
[31] and analyze the core network comprised by the dominant
activation paths in stroke brains (see Appendix D for more
details). Let us define an activation matrix M, where each ele-
ment M, represents the frequency of the activated connection
v — u. Initially, we set M, = 0. For the evolution process
involving node u and one of its neighbor v, if S,(f — 1) =0,
S,(t)=1, and S,(t — 1) = 1, then we consider the connec-
tion v — u as an activated connection at time step ¢ and
update M,, = M, + w,,. With this method, we obtain the
cumulative M, over a time period. Next, we select the great-
est M, from all &’ neighbors in the self-sustaining pattern,
i.e., the dominant one. Ultimately, we add a directed connec-
tion from the dominant node v to node u. By doing so, every
node u has only one incoming connection from the dominant
node v. Following this identification method, we obtain a core
network of dominant activation paths in which directed links
represent the main pathways of activation propagation.

In Figs. 5(d)-5(f), we show the core networks for the three
representative individuals in Figs. 2(a)-2(c). It is easy to see
that the size of the core network for the patient at 3 months
post-stroke is smaller compared to the other two individuals,
and the number of core subnetworks is also fewer. This pre-
liminary observation suggests that brain damage caused by
stroke decreases the dominant activation paths and weakens
the brain’s self-sustaining oscillation ability. To reduce the

effects of individual differences, we quantify each individual’s
core network and analyze the core networks’ properties at
the group level. We show our results of the average maxi-
mum core network size (Smax), the mean core network size
(S), and the average number of core subnetworks (N,) as
a function of the activation threshold w. in Figs. 6(b)-6(d),
respectively. We find that within the critical region (marked
by the light-orange shadow), the properties of core networks
in the 3-month post-stroke group significantly depart from the
healthy group, while the case for the 1-year post-stroke group
is close to the healthy one. These phenomena imply that the
lifetime and recovery of self-sustaining patterns are related to
the properties of core networks.

IV. DISCUSSION AND CONCLUSION

Healthy brains usually display highly efficient activation
propagation and self-sustained oscillation abilities, but how
the brain network alters these dynamic behaviors after a
stroke remains unclear. In addition, the recovery of structure
and dynamic behaviors after stroke over time still needs to
be clarified precisely. In this study, we analyzed the real
structural connectivity networks of stroke and revealed that
stroke changes the network properties, such as connection
weights, average degree, average clustering coefficient, com-
munity, etc. In addition, we adopted a reaction-diffusion
model to investigate stroke patients’ activation propagation
and self-sustained oscillation abilities. We found that the
stroke decreased the brain’s activation propagation efficiency
and self-sustaining oscillation ability. More specifically, the
stroke patients’ brains decreased the speed of activation
spreading, lowered the activation ratio, reduced the lifetime
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FIG. 6. The average lifetime and properties of core networks on the self-sustaining oscillation patterns for different groups. (a) The average
lifetime of self-sustaining oscillation patterns (7;), (b) the average largest core network size (Sp.x), (¢) the mean core network size (S), and
(d) the average number of core subnetworks (N,), as a function of the activation threshold w,. The insets show the complementary cumulative
distribution functions of the Euclidean distances d, P.(d), for each variable. The mean values of each d are reported in the legend. The shaded
regions on the symbols show the corresponding SEM around the expected value. The light-orange shadow area marks the range of the critical
points of w, for all control and stroke individuals. The vertical dashed lines indicate the case w. = 0.37.

of self-sustained oscillatory patterns, and weakened the sizes
and numbers of core networks. Most importantly, we observed
the loss of activation spreading and self-sustained oscilla-
tion abilities at 3 months post-stroke while recovering after
1 year, driven by the structural connection repair. Our work
may enable us to better understand the association between
architecture and function in brain disorders.

We performed our model on the structural connectivity
matrix with nodewise normalization of connectivity weights
[33,34], a mechanism of homeostatic plasticity [42—44]. As
discussed in Refs. [33,34], this simple adjustment optimized
the macroscopic dynamics, thereby enhancing the robust-
ness of critical transitions. A key characteristic of nodewise
normalization is that it minimizes the variability of the crit-
ical points and neuronal activity patterns among healthy
participants. Therefore, by nodewise normalization, we can
use the identical activation threshold w. to compare the dy-
namic behaviors between healthy participants and strokes, and
stroke patients at different time points. However, it is not
clear whether other normalization methods on the connectiv-
ity weights will affect our findings. As the original data from
Ref. [33] has been performed node-wise normalization on the
connectivity weights, we cannot investigate the influences of

different normalization methods on the spreading dynamic
behaviors between controls and strokes. But, we can test the
sensitivity of the choice of normalization methods with the
data from our previous work [14] (see the data and results in
Appendix A). The simulated results on the new dataset imply
that our findings could be robust for choosing normalization
methods if we rescaled the activation threshold to the same
level. However, testing the sensitivity of the normalization
methods on the spreading dynamics between patients and
strokes is not our main goal in this work. We will investigate
it with more empirical data in future work.

Models of large-scale neuronal dynamics are essential
for understanding and predicting neuronal activity at the
macroscopic level [58]. However, the mechanisms governing
large-scale communication processes across the whole brain
remain poorly understood [58]. We adopted a biophysically
inspired whole-brain model to explore the dynamic behav-
ior of activation propagation in healthy controls and strokes.
Although our model is simple, it can capture the differences
brought about by structural connections between healthy par-
ticipants and strokes, as well as stroke patients at different
time points. A limitation of this work is that our model cannot
directly reveal the mechanisms underlying stroke recovery,
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including the potential role of increased activity in specific
brain regions. This issue has yet to be thoroughly investigated
or discussed.

In addition, it is not clear why some seeds cannot trig-
ger activity across the network. As we know, the activity
propagation behavior depends on the seeds and activation
threshold. For a given activation threshold, the attributes of
a network node play key roles in trigger activity propagation.
We examined the relationship between the degree of the seed
node and the average activation ratio [p4] (i.e., spread range)
and found that the seeds with small degrees will lower the
average activation ratio (not shown here). But they are not
linearly dependent. This result implies that besides the degree
of nodes, there are some other essential attributes affecting
the activity propagation in the human brain networks. We
are highly interested in this issue and will examine it in the
future.
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APPENDIX A: THE INFLUENCE OF NORMALIZED
CONNECTIVITY WEIGHTS

Here, we want to test whether other normalization meth-
ods on the connectivity weights will affect our results. The
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FIG. 7. (a)—(c) The structural connectivity matrices for a representative individual with original edge weights, normalized by maximum
weight and by the sum of the edge weights of neighbors, respectively. (d)—(f) The adoption time matrices calculated on the corresponding
structural connectivity matrices (a)—(c), where w,./(s) = 0.01. (g)—(i) same as (d)—(f) but fixed w./{w) = 1.00. The adoption time matrices for
different normalization methods on the connectivity weights are qualitatively similar when we rescaled the activation threshold w, by average

strength (s) or average weight (w).
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FIG. 8. The average adoption time on the new dataset with different normalization methods on the connectivity weights. (a) and (b) show
the average adoption time as a function of rescaled activation threshold w./(s) and w./(w), respectively. The shaded regions on the symbols
show the corresponding SEM around the expected value. The average adoption time (T*) vs the rescaled activation threshold w,/(s) and
w./{w) follow the same trends, implying that our results may be robust for choosing normalization methods if we rescaled the activation

threshold to the same level.

original data from Ref. [33] has been performed node-wise
normalization on the connectivity weights. Thus, we cannot
directly investigate the influence of different normalization
methods on the dynamics between patients and strokes. How-
ever, we can test the sensitivity of the choice of normalization
methods with the data in healthy participants from our previ-
ous work [14]. The new dataset has 40 subjects and N = 1014
nodes for each structural connectivity matrix. The weights
of the edges represent the fiber densities and have not been
normalized by any method.

We mainly focus on two normalization methods. One is
normalizing by maximum weight (naming Norm_max), and
the other is normalizing by the sum of the edge weights of
neighbors (naming Norm_sum), i.e., node-wise normalization
with Eq. (1). In Figs. 7(a)-7(c), we show the structural con-
nectivity matrices for a representative individual with original
edge weights, normalized by maximum weight and by the sum
of the edge weights of neighbors, respectively. As shown in
Figs. 7(d)-7(i), the results of the adoption time matrices for
different normalization methods on the connectivity weights
are qualitatively similar when we rescaled the activation
threshold w, by average strength (s) or average weight (w). In
addition, as shown in Fig. 8, the average adoption time (7%)
vs the rescaled activation threshold w./(s) and w./{w) in the
connectivity matrix with original, normalized by maximum
weight, and normalized by the sum of the edge weights of
neighbors follow the same trends. These results imply that our
results may be robust for choosing normalization methods if
we rescaled the activation threshold to the same level.

APPENDIX B: QUANTIFY INDIVIDUAL VARIABILITY
RELATIVE TO CONTROLS

We quantify the similarity between a given simulated
variable and the corresponding control average using the Eu-
clidean distance d [33]:

d= [ [{X) = Xg(@)P, (B1)

where Xg(w.) is a given variable at different group g and ac-
tivation threshold w,, while (X) is the corresponding controls
average. This measure incorporates the behavior of dynamic
variables across all values of the activation threshold w.. A
low d indicates minimal variability in dynamic parameters
compared to controls, whereas a high d signifies substantial
variability in the variables across participants and patients
from different time points, which suggests the presence of
abnormal dynamics within the group.

APPENDIX C: ARTIFICIAL STROKE MODEL

A possible cause of no significant group differences on the
critical activation threshold in Fig. 4 is that it is related to the
severity of stroke-induced damage. Figure 4 shows that not all
individuals exhibit changes in w. following a lesion; while
some patients’ critical activation thresholds remain compa-
rable to those of controls, others show significant deviations
from normality.

To better understand why there is no significant effect of
group differences on the critical activation threshold, w., We
extend an artificial stroke model with adjustable levels of
damage applied to the healthy connectomes [59]. The basic
idea is to examine whether the critical activation threshold
w, is associated with the severity of stroke-induced damage.
Starting from a healthy empirical connectome, the artificial
stroke model disrupts interconnections between distinct brain
regions. Specifically, we randomly select a fixed fraction of
nodes—representing the severity of the stroke—and sever
their connections to neighboring nodes outside their own re-
gion. This approach preserves the internal structure of nodes
within the same region while effectively reducing the connec-
tivity between different brain regions.

We set the fraction of nodes as 15% and 10% disconnected
from the rest of the brain regions, which results in the arti-
ficial stroke networks having almost the same mean degree
in Pat. #; and Pat. 1, respectively. For comparison purposes,
we also choose the fraction of nodes as 30% to represent
a more serious case. After disrupting the interconnections,
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FIG. 9. The average activation ratio [p4] and variability A as
a function of the activation threshold w, for varying the severity
in artificial stroke networks. The vertical dashed lines indicate the
critical points of @, for different stroke severity.

we renormalize the weights in connectivity matrices with
Eq. (1), thereby shifting the critical activation threshold to the
same level. For each healthy connectome and a given stroke
severity, we generate ten artificial stroke networks and then
calculate the average activation ratio [p04] and variability A.

Figure 9 illustrates a good qualitative agreement between
the outputs of artificial and real stroke networks. Specifically,
at severity levels of 15% and 10% (corresponds to the level
in Pat. #; and Pat. 1,), no significant group differences in the
critical activation threshold w,. are observed. However, at a
higher damage level of 30%, a leftward shift in the critical
w. is evident. These findings suggest that the absence of
significant group differences in the critical activation thresh-
old may be attributed to the relatively mild severity of
stroke-induced damage.

APPENDIX D: APPROACH OF DOMINANT
ACTIVATION PATHS

The central concept behind identifying the dominant ac-
tivation pathways is derived from the method of dominant
phase-advanced driving (DPAD) [60,61], which has been piv-
otal in demonstrating that the presence of a DPAD loop is a
key feature of self-sustained patterns [22-25]. The core idea
of DPAD is to identify a loop of connected nodes where each
nonoscillatory node can begin to oscillate only if it is driven
by one or a few oscillatory interactions with advanced phases.
Once such a DPAD loop is identified, the oscillations within
this loop propagate throughout the system, giving rise to a
periodic, self-sustained oscillatory pattern. However, since
self-sustained patterns in our context are irregular rather than
periodic, the DPAD loop approach is not directly applicable.

Inspired by the principles of DPAD, we reintroduce a
method called the dominant activation paths [31]. The key
idea is to construct an activation matrix M, where each

element M, represents the frequency of the activated con-
nection from node v to node u. As an inactivated node, the u
node becomes activated if and only if its activated neighbors
drive it; the contribution of each activated neighbor v is re-
flected in M,,. In other words, M,,, = M,,, + w,, is updated
if S,t —1)=0, S,(t) =1, and S,(t — 1) = 1. Note that the
activation matrix M is derived from statistical frequencies
of activations, rather than from the interaction that provides
the most significant contribution at a time step. In this way,
we can get the accumulated M, for a time period. For each
node u, we identify the maximum M, across all its neigh-
boring nodes, i.e., the dominant contribution. Then, we put
a directional link from the dominant node v to the node u.
Ultimately, every node u has a single incoming connection
from its dominant node v. All these incoming links will
form the core subnetworks. Figures 5(d)-5(f) are the network
visualizations of activation matrix M that only consider the
maximum element M,,,,.

APPENDIX E: SUPPLEMENTARY FIGURES FOR THE
ACTIVATION THRESHOLD AND SELF-SUSTAINING
OSCILLATORY PATTERNS

We show more results with supplementary figures here to
confirm our findings. To verify the approximate solution of
the critical w. in Eq. (6) with a tiny initial seed, we first
generate the synthetic fully connected networks with network
size N = 1000 (Fig. 10). We then assign a constant weight to
each edge for a given average weight (w). Finally, we simulate
the activation propagation model on the synthetic networks
and use Eq. (10) to numerically identify the critical w,.. All the
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FIG. 10. Analytic approximation vs simulations. (a) the critical
point @, vs the initial activation ratio py for fixed (w) = 0.3. (b) the
critical point w, vs average weight (w) for fixed py = 0.001. We sim-
ulate the activation propagation model on synthetic fully connected
networks with uniform connection weights. The opened symbols are
the simulation results, and the dashed lines stand for the theoretical
analysis from Eq. (6). The network size is fixed as N = 1000. All the
results have been averaged over 10* independent realizations.
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FIG. 11. The self-sustaining oscillatory patterns for the individuals in the healthy control group. The activation threshold w. = 0.37.

results have been averaged over 10° independent realizations. We also show the self-sustaining oscillatory patterns
We can see that the simulation results agree well with the  for all individuals in Figs. 11-13. We find that the time-
theoretical analysis in Eq. (6), confirming that the critical ~ limited self-sustaining oscillatory pattern is not unique
w. depends on the seeds initially selected and the activation ~ for the individuals in Pat. 7, but also appears in Con
threshold. and Pat. 1,.
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FIG. 12. The self-sustaining oscillatory patterns for the individuals in the 3-months post-stoke group. The activation threshold . = 0.37.
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FIG. 13. The self-sustaining oscillatory patterns for the individuals in the 1-year post-stoke group. The activation threshold w, = 0.37.
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TABLE II. Statistical analysis of network properties across
stroke brain networks. This table presents the p values and absolute
values of Cohen’s |d| for comparing global network properties be-
tween the control group (Con) and the two patient groups (Pat. ¢,
and Pat. 1,). The global properties include the average weight ((w)),
degree ((k)), maximum degree ({kmax)), clustering coefficient ({C)),
modularity ({(Q)), degree assortativity ((r.)), characteristic path
length ({L)), and diameter ({D)). The p values indicate the signifi-
cance of the differences, while Cohen’s |d| values measure the effect
size.

TABLE III. Statistical analysis of regional brain network dif-
ferences in spreading dynamics. This table presents the p values
and absolute values of Cohen’s |d| for comparing differences in
spreading dynamics across specific brain regions between the control
group (Con) and the two patient groups (Pat. #; and Pat. t,). The
analyzed regions include the visual network (VIS), somatomotor
network (SMD), cingulo-opercular network (CON), dorsal attention
network (DAN), frontoparietal network (FPN), default mode net-
work (DMN), and None (NON). The p values indicate statistical
significance, and Cohen’s |d| values provide the effect size.

p value Cohen’s |d| p value Cohen’s |d|

Properties Con vs t Con vs t, Con vs 1; Con vs t, Properties Con vs 1, Con vs t, Con vs 1; Con vs t,
(w) 0.0001 0.0045 0.7836 0.5551 VIS 0.0000 0.0193 0.8637 0.4482
(k) 0.0004 0.0057 0.7234 0.5591 SMD 0.0000 0.0090 0.8399 0.4870
(kmax) 0.0000 0.0131 0.9135 0.4785 CON 0.0046 0.0139 0.5619 0.4666
(C) 0.0077 0.0041 0.5311 0.5753 DAN 0.0000 0.0195 0.8675 0.4502
(Q) 0.0000 0.0001 1.0769 0.8148 FPN 0.0033 0.1224 0.5819 0.2987
(re) 0.0041 0.0090 0.5797 0.4993 DMN 0.0723 0.6512 0.3525 0.0891
(L) 0.0000 0.0017 0.8609 0.5991 NON 0.0003 0.0103 0.7237 0.4903
(D) 0.0006 0.0175 0.6792 0.4504

APPENDIX F: SUPPLEMENTARY TABLES FOR THE
STATISTICAL TESTS ABOUT THE SIGNIFICANCE
AND EFFECT SIZE

We perform independent ¢-tests to compare the signifi-
cance of differences between the control group (Con) and two
patient groups (Pat. #; and Pat. £,). In addition, we calculate

the absolute values of Cohen’s |d| to assess the effect size
measure in statistics that quantify the difference between two
group means in standard deviation units. Tables II and III
report the statistical tests with p values and absolute val-
ues of Cohen’s |d| for comparing global network properties
and spreading dynamics across specific brain regions, respec-
tively.
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