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Abstract

Background. Following stroke, brain networks can be described by strength of local connections (clustering coefficient
[Cw]) and strength of global interconnections (path length [Lw]) between nodes, and their balance (Small-worldness [Sw]).
Objective. To identify electroencephalography (EEG) networks predicting clinical evolution in stroke through a multicenter
cross-sectional study. Methods. We consecutively recruited 87 anterior circulation ischemic stroke patients. We obtained
resting-state EEG (31 electrodes, 10-10 system) within 24 hours from stroke (T0) and at discharge from stroke unit
(4-10days after stroke; Tl). EEG data were elaborated with EEGLAB and Lagged Linear Coherence among cortical
sources of EEG signals was analyzed using eLORETA. We performed a multiple linear regression with National Institutes
of Health Stroke Scale (NIHSS) at TO and T| as dependent variables and Cw, Lw, and Sw of delta, theta, and alpha networks
as independent variables. Results. We found a negative association between alphal Sw and NIHSS at TO (=-.232, P=.04)
meaning that the lower is alpha efficiency the higher is clinical severity and a positive association between delta Sw
and NIHSS at Tl (3=.423, P<.001) meaning that the higher is delta efficiency the higher is clinical severity. We found
positive association between delta Sw at TO and NIHSS at Tl ($=.259, P=.02), meaning that the higher is delta efficiency
in the hyperacute phase the higher is clinical severity at Tl. Conclusions. A higher delta Sw within 24 hours after stroke
is associated to higher NIHSS within 10days. Delta brain network rearrangement in the hyperacute phase is a potential
neurophysiological measure to be integrated in multi-modal prognostic models.
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connectivity modifications over the period from stroke
onset to the chronic phase, revealing that these changes pre-
dominantly occur within the first 3 months post-stroke and
tend to diminish in the chronic phase.*!! In particular, lon-
gitudinal EEG studies have demonstrated that connectivity
rearrangements and alterations in spectral power over time

Introduction

Following an ischemic stroke, brain connectivity can expe-
rience complex changes.! Several studies employing dif-
ferent techniques, such as functional magnetic resonance
imaging (fMRI) and electroencephalography (EEG), have

explored the relationship between connectivity changes
and clinical features, highlighting that specific connectiv-
ity rearrangements underlie specific neurological deficits
and global clinical severity.? While fMRI provides excel-
lent spatial resolution, resting-state EEG offers a direct
measure of neuronal oscillatory activity and network
dynamics with high temporal resolution, making it a valu-
able and feasible tool for bedside assessment, especially in
the acute phase of stroke. Some studies have examined

are closely associated with variations in neurological
impairment.>*!2 However, to our knowledge, while some
EEG studies have investigated spectral characteristics and
symmetry indices as predictors of motor or global neuro-
logical recovery,'® a detailed exploration of the evolution of
resting-state EEG network topological characteristics in the
very first days after stroke, and their direct predictive value
for early clinical evolution, remains less defined, especially
concerning the hyperacute phase. The utility of resting-state
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EEG as a biomarker in stroke recovery is increasingly rec-
ognized. For instance, specific EEG spectral power, namely
delta/alpha ratio and Brain Symmetry Index, have shown
promise in predicting upper limb motor impairment and
global neurological recovery longitudinally.'>!* Moreover,
in chronic stroke, alterations in EEG rhythms and network
metrics, such as increased low-frequency activity and
changes in node strength, have been correlated with motor
functions.'* These studies emphasize the sensitivity of EEG
to stroke-induced neurophysiological alterations. Building
upon this, investigating the graph theory-based topological
properties of EEG networks in the earliest phases of stroke
could offer deeper and complementary insights into the
immediate brain response to injury and its implications for
subsequent clinical trajectory. In a previous study we pri-
marily explored whether EEG-based brain resting-state net-
works change in the acute ischemic stroke phase compared
to healthy subjects. We found that in this phase brain net-
works experience complex changes in a frequency-depen-
dent modality.’® Such modifications emerge from a
functional connectivity analysis of EEG signals based on
the graph theory.!® This mathematical approach evaluates
the properties of connections (edges) between pairs of brain
areas (nodes). Several approaches are available to create a
brain network model. More specifically, nodes could be the
cortical sources of each EEG band signal (localized on the
different Brodmann areas [BAs]) or the EEG scalp elec-
trodes, while edges express a direct or indirect interaction
between nodes, measured as a dichotomic unweighted
variable (presence/absence) or as a continuous weighted
parameter (eg, Lagged Linear Coherence).'”'® In our case,
we adopted an undirected, weighted brain network model
where nodes were BAs and edges were the synchronization
expressed as Lagged Linear Coherence. The graph theory-
based analysis well describes local specialization and global
integration of the brain networks. Local specialization

describes a condition where nodes are highly connected
within small groups and is measured by the clustering coef-
ficient (Cw)."* On the other hand, global integration
depends on the strength of connections between each node
and all the other nodes of the network; a measure of global
integration is the average shortest path length (Lw).'%?0 If
compared to mathematical graphs, whose global integration
decreases when the number of nodes increases, brain net-
works tend to have a peculiar behavior.?' In particular, brain
networks maintain a balance between local specialization
and global integration, being the latter preserved even when
the network complexity increases: this peculiar network
balance is called “small-worldness” (Sw) and it is charac-
terized by high functional segregation (high Cw) and func-
tional integration (low Lw). Acute stroke influences such
balance between local specialization and global integration,
perturbing brain networks in a frequency-dependent
way.!>2122 Moreover, our previous research showed that
these changes are not influenced by size or side of the
affected area.'>?* Specifically, we found that acute brain
damage caused by ischemic stroke induces a change in delta
brain network architecture, compared to healthy sex- and
age-matched subjects. In fact, on one hand it is associated
with an increase of the strength of connections between
functionally close BAs meaning an increase in local spe-
cialization (high Cw); on the other hand, following stroke
each node is more weakly connected with all the other
nodes within the delta network meaning a decrease of global
integration between BAs (high Lw). We noticed a similar
behavior for theta networks, but only in case of left hemi-
spheric stroke. Considering that stroke usually induces a
shift toward low-frequency EEG patterns®*** we can inter-
pret such delta and theta network modifications as an
attempt of the brain to confine the strong delta activity in
clusters that are locally richly interconnected, but poorly
integrated at global level. Regarding EEG high frequencies,
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related to dominating rhythm of the healthy brain, we found
that stroke induces functional local uncoupling between
BAs in alpha networks, that is lower Cw, counterbalanced
by an increase of global integration, that is lower Lw, as an
effort to preserve the global effect of alpha rhythms through-
out the brain. It is noteworthy that we found these brain
network changes not only in the affected hemisphere but
also in the opposite hemisphere and throughout the entire
brain. The imbalance of the aforementioned specific net-
work parameters resulted in Sw modifications, with a global
reduction of Sw in low frequencies and a specular increase
of Sw in high frequencies.”” These dynamic changes in
brain connectivity embody the brain’s effort to achieve a
balance between the damage caused by the stroke and its
compensatory reaction. This sort of Sw network “homeosta-
sis” has a two-fold impact: on one hand, it restricts the func-
tional coupling between BAs that are clustered in
“pathological” low-frequency networks, reducing their
overall integration, while on the other hand it counteracts
the impairment of “healthy” alpha clusters by enhancing
their physiological global integration.?®

Some studies investigated the interconnections between
brain EEG-network Sw and stroke symptoms and recov-
ery.?’=3% One study found a prognostic value of delta and
gamma Sw after a rehabilitation period in post-stroke
patients.?” Exploring the relationship between anatomical
lesions and brain connectivity, the authors of another study
found that the degree of functional recovery after stroke is
associated with the integrity degree of ipsilesional cortico-
spinal tracts in combination with interhemispheric resyn-
chronization and normalization of Sw cortical network
organization.”® Regarding long-term stroke complications,
1 study found an association between Sw rearrangements
and risk of developing post-stroke cognitive impairment.?’
About the relationship between stroke severity and brain
networks, 1 study found an association between low Sw
(delta, theta, alpha, and beta) and consciousness disorders
in patients with acute/subacute stroke.>

We hypothesize that an early analysis of EEG-based
resting state connectivity rearrangements in the hyperacute
phase (within the first 24hours following stroke onset)
could provide critical information for formulating a more
timely and reliable prognosis on clinical severity within the
subacute phase.’!3? The aim of this study is: (a) to identify
topological network characteristics that are related with
clinical severity in the hyperacute phase and at the end of
the acute phase; (b) to identify topological network charac-
teristics underlying the hyperacute phase that predict clini-
cal severity in the acute/sub-acute phase (within 10 days).

Methods

A multicenter prospective observational study was con-
ducted recruiting 87 patients (38 males and 49 females;

Table |. Demographical and Clinical Characteristics of
Enrolled Stroke Patients.

Population characteristics (N=87)

Female (%) 57
Age (Median value, [IQR]) 74 [65-84]
Atrial fibrillation (%) 32
Diabetes (%) 14
Hypertension (%) 79
Smoke (%) 21
Left hemispheric stroke (%) 47
Subcortical lesion (%) 35
Cortical lesion (%) 14
Cortical and subcortical lesion (%) 51
NIHSST, (Median value, [IQR]) 10 [6-15]
NIHSST, (Median value, [IQR]) 51[2-12]
Cardioembolic etiology (%) 34
Atherosclerotic etiology (%) 18
Lacunar etiology (%) 16
Other etiology (%) 7
Unknown etiology (%) 25

Note. NIHSST=NIHSS within 24 hours, NIHSST, =median day 6.

age=73 * 13 years) with acute anterior circulation ischemic
stroke (47% with a left hemispheric stroke). Patients were
recruited in 4 different clinical centers in Italy (University
Hospital Foundation A. Gemelli in Rome, University
Hospital of Trieste, Hospital San Martino in Genoa, and
University Hospital of L’ Aquila).

According to recently proposed standardized definitions
in stroke recovery research,*"*? the hyperacute phase refers
to the first 24hours after stroke onset, the acute phase
extends from day 1 to day 7, the early subacute phase from
day 7 to 3months, the late subacute phase from 3 to
6 months, and the chronic phase begins after 6 months. All
patients were enrolled during stroke hyper-acute phase®'-3
and followed-up for the acute/sub-acute phase.?!*? For clin-
ical severity assessment, we used the National Institutes of
Health Stroke Scale (NIHSS) within 24 hours from stroke
onset (NIHSS at 70) and at discharge from sub-intensive
stroke unit (NIHSS at T'1, within 10 days from stroke onset).
Median NIHSS at 70 was 10 (interquartile range
[IQR]=6-15), while the median NIHSS at 71 was 5
(IQR=2-12). Table 1 shows the demographical and clinical
characteristics of the recruited patients. All patients com-
pleted the study. EEG recordings were not optimal in 3
patients at 70 and in 6 patients at 71 and those recordings
were excluded from the analysis.

Approval for the research was obtained from the local
ethics committee (Fondazione Policlinico Universitario A.
Gemelli IRCCS, Protocol Number 0007987/17) in accor-
dance with the Helsinki Declaration. Each participant pro-
vided informed written consent.



The inclusion criteria were: hemiparesis/hemiplegia,
ischemic stroke in the middle cerebral artery territory
regardless of the side, location, and size of the lesion. The
exclusion criteria were: severe aphasia with inability to
understand instructions for EEG recordings, disorder of
consciousness  (coma/unresponsive wakefulness syn-
drome), previous stroke (ischemic or hemorrhagic), diagno-
sis of epilepsy, previous cognitive impairment, or
neurodegenerative disorder.

EEG recordings were performed by BRAIN QUICK®
LTM—SD LTM PLUS 32 (Micromed S.p.A, Italy) for at
least 20 minutes while patients had their eyes closed, in a
resting state, respectively within 24 hours after stroke onset
(70) and within 10 days (71).333* EEG signals were acquired
by 31 brain electrodes placed following the 10-10 system,
with a common reference electrode placed on the mastoid
and a ground electrode. We decided not to use a larger num-
ber of electrodes to make the recording process easier, since
it was undertaken in the complex environment of a sub-
intensive care unit. Moreover, the number of electrodes is
enough to have an insight on brain network since we were
operating in the context of low-resolution brain electromag-
netic tomography.*>*® We monitored EEG activity in order
to identify specific paroxysmal sleep-related activities and
exclude recordings in case patients were falling asleep.
EEG data were continuously recorded during the 2 sessions
at a sampling rate of 512 Hz.

EEG Data Analysis

EEG data underwent preprocessing in Matlab R2018
(Math-Works Inc, Natick, MA, USA) using EEGLAB 12
(http://www.scen.ucsd.edu/eeglab). To eliminate muscle
artifacts, the EEG recordings underwent band-pass filtering
between 1 and 30Hz, as muscular contraction typically
exhibits frequencies higher than 30 Hz.*” Independent com-
ponent analysis (ICA),’® along with the RELICA algo-
rithm,> were used to remove visible artifacts such as eye
movements, cardiac activity, and scalp muscle contraction.
The non-brain signals were excluded from the subsequent
analysis using an index retention threshold of 85%.

Functional Brain Connectivity

In order to assess the resting-state functional connectivity
of the brain, we processed EEG data using SLORETA (low-
resolution brain electromagnetic tomography; http:/www.
uzh.ch/keyinst/NewLORETA/LORETAO1.htm).*>  This
software helped us locate the cortical sources of brain activ-
ity. The EEG cross-spectra and the 3D-cortical distribution
of the electric neuronal generators were computed for each
frequency band considered in the study (ie, delta: 1-4Hz,
theta: 4-8 Hz, alphal: 8-11Hz, and alpha2: 11-13Hz) in
both 70 and 71 evaluations, separately for each subject.3¢4

We excluded gamma and beta frequency bands from the
analysis of resting-state network rearrangements based on
previous evidence'>?>*! indicating a lack of consistent reor-
ganization in these bands under resting conditions. This
decision is further supported by the hypothesis that coher-
ence in faster rhythms, such as beta and gamma, is more
relevant to active processes, including motor or cognitive
tasks, rather than resting-state activity.*** The solution
space was restricted to the cortical gray matter, as defined
by the probabilistic Talairach atlas** and the Montreal
Neurologic Institute average MRI brain was used as a real-
istic head model.*¢

To analyze the functional brain connectivity, we used
lagged linear coherence (LLC) at the source space. LLC
excludes coherences with zero phase lag,*’ and it is not
affected by volume conduction. For this analysis, we used a
whole-brain BAs atlas to select the 42 BAs in each hemi-
sphere as region of interest (ROI). This allowed us to per-
form the functional brain connectivity analysis between
pairs of ROIs for each time of evaluation (70 and 7).

LLC in a specific frequency band o is defined by the
following equation:

[Im(s,, ()]
5 (@)s,, (0)~[Re(s,, (o)

P’ () =

Where s, and s, are the power spectral densities of 2
source signals x and y respectively, Sy is the cross power
spectral density of x and y, and o is the reference frequency
band.*’

Connectivity parameters between all pairs of ROIs for
each frequency band and for each subject were used a mea-
sure of weight of the graph in the graph analyses.*®

Graph Analysis

Using the Brain Connectivity Toolbox (https://sites.google.
com/site/betnet/), we computed several network metrics,
often referred to as topological network characteristics, to
summarize the global architecture for each weighted con-
nection matrix. The segregation of the network was mea-
sured by the mean weighted clustering coefficient (Cw),
while the integration was assessed by the mean weighted
characteristic path length (Lw). Cw was obtained by aver-
aging the weighted clustering coefficient of each individual
node in the network, while Lw represents the average of the
shortest weighted paths connecting each node to all the
other nodes.*>*” To account for variations across subjects,
the values of Cw and Lw for each frequency band (9, 6, a1,
a2, and B) were normalized using the global mean value
obtained by averaging these parameters across all 5 bands.

To estimate the functional integration of the network, we
computed the Sw coefficient as a ratio between Cw and Lw
normalized to the Cw,_, and Lw_ , of an equivalent
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weighted random network* respectively, as described by
the following equation:

_Cw/Cw

W = rand
Lw/Lw,.4

The Sw coefficient measures the balance between the local
connectedness and the global integration of a network and it
is calculated for each subject. This is a scaled measure indi-
cating the Sw property of the network when the ratio is
higher than 1. In such case, Lw is similar to that of a random
equivalent graph and/or the network’s Cw is larger than that
of the equivalent random graph.

Statistical Analysis

All statistical analyses were performed in Statistical
Package for the Social Sciences statistics software (version
20.0, IBM Corp., Armonk, NY, USA). The Shapiro—Wilk
probability test was used to assess the normality of the dis-
tributions. Accordingly, the Wilcoxon non-parametric test
was used to compare the medians of each connectivity
parameter (Cw, Lw, and Sw) between 70 and 71. The
Pearson’s test was used to correlate each graph parameter
(Cw, Lw, and Sw) measured at 70 with the corresponding
NIHSS score at 70. The same approach was applied for 71
data.

Moreover, in order to investigate the impact of connec-
tivity parameters as a whole on the clinical severity, a mul-
tiple linear regression model with the stepwise method was
used. We built 3 regression models: in the first, NIHSS at
70 was the dependent variable and Cw, Lw, and Sw obtained
at 70 for each frequency band were the independent vari-
ables; in the second, NIHSS at 71 was the dependent vari-
able and Cw, Lw, and Sw obtained at 71 were the independent
variables; in the last, NIHSS at 7'l was the dependent vari-
able and Cw, Lw, and Sw obtained at 70 were the indepen-
dent variables. P-value significance was set at .05.

Population Characteristics

We enrolled 87 consecutive patients (57% female, median
age=75years), 47% having a left hemispheric stroke. The
median NIHSS at 70 was 10 (IQR=6-15), while the median
NIHSS at 71 was 5.5 (IQR=2-12). The overall hospitaliza-
tion had a median duration of 6days (range=4—10days).
The clinical severity, expressed as NIHSS total score, was
found to be statistically higher at 70 than at 71 (Wilcoxon,
P<.001). Table 1 shows the demographical and clinical
characteristics of the recruited patients.

Results

Supplemental materials show the variation of each topo-
logical parameter between 70 and 71. Briefly, we found
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Figure |. Negative correlation between alphal Sw and NIHSS
at admission (T0).

higher integration (decrease of Lw) and higher global effi-
ciency (increase of Sw) in alpha band at 71.

Correlations Between Connectivity Parameters
and Clinical Severity

At 70 we found a statistically significant negative corre-
lation between alphal Sw and NIHSS (r=-.232, P=.043;
Figure 1), meaning that more severe symptoms are asso-
ciated with a greater impairment of network balance
between local specialization and global integration in the
alpha frequencies. We found no statistically significant
correlations between other connectivity parameters at 70
and NIHSS at 70.

At T1, NIHSS correlates with delta Sw (r=.423,
P=.0001), delta Cw (r=.346, P=.003), and delta Lw
(r=—2366, P=.002; Figure 2). These results imply that more
severe symptoms are associated to an increase of local spe-
cialization and an increase of global integration in slow
delta frequencies, resulting in a shift of delta Sw toward
higher values. Moreover, NIHSS at 71 correlates with
alphal Cw (r=—.280, P=.017) and alphal Lw (r=.359,
P=.002; Figure 3). These results mean that more severe
symptoms are associated with a reduction of local special-
ization and a decrease of global integration in alpha
frequencies.

Connectivity Parameters and Stroke Severity:
Linear Regression

Using NIHSS as dependent variable and connectivity
parameters for each frequency band as independent vari-
ables, we obtained models to explore the relationship
between brain networks at 70 and clinical severity at 70,
between brain networks at 71 and clinical severity at 71
and, finally, between brain networks at 70 and clinical
severity at T'1.
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Figure 2. Correlation plot between low frequency network connectivity parameters at discharge and NIHSS at discharge (T1). On
the left, positive correlation between delta Sw and NIHSS T1; in the center positive correlation between delta Cw and NIHSS at T1;
on the right, negative correlation between delta Lw and NIHSS at T1.
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Figure 3. Correlation plot between alpha network connectivity parameters at discharge and NIHSS at discharge (T1). On the left
negative correlation between alphal Cw and NIHSS at TI; on the right, positive correlation between alphal Lw and NIHSS at T1.

In the first model (F=4.255, P=.04) we found a nega-
tive association between alphal Sw at 70 and global NIHSS
at 70 (B=—.232, P=.04). In the second model (F=15.223,
P <.001), we found a positive association between delta Sw
and global NIHSS at 7'1 (B=.423, P<.001). Finally, in the
third model (F=5.324, P=.02), we found a positive asso-
ciation between delta Sw at 70 and NIHSS at 71 (3=.259,
P=.02).

Discussion

Our findings not only strengthen previous evidence, point-
ing out that network rearrangements after stroke follow a
frequency-dependent modality,'*?*%! but also suggest that
specific network changes within 24 hours, in particular Sw
and Cw in delta band, can predict stroke severity at dis-
charge. This aligns with a growing body of literature that
employs resting-state EEG to identify biomarkers of
stroke recovery. For example, Saes et al'>!3 demonstrated
that early EEG spectral characteristics, such as Brain

Symmetry Index in the theta band, can predict upper limb
motor impairment months after stroke, highlighting the
prognostic potential of EEG measures recorded in the first
phase.'>!3 While these studies focused primarily on spec-
tral power and symmetry, with EEG typically performed
within the first 3 weeks post-stroke, our work extends this
approach by investigating the topological properties of
brain networks, offering a complementary perspective on
EEG-derived biomarkers and anticipating the timing of
EEG acquisition (targeting in the hyperacute phase: into
the first 24 hours after stroke onset) according to the time-
line defined by Bernhardt et al.*'*? Similarly, in chronic
stroke, Zhang et al'* found correlations between resting-
state EEG rhythms, network metrics (like node strength in
the delta band), and motor function, emphasizing the last-
ing impact of network alterations.

In this study, we found that an increased Sw of delta
network and a high segregation (Cw) of delta frequencies
at admission are associated with severe stroke symptoms at
discharge. Such increase of delta network rearrangement



might depend on the increase of the local strength of delta
connections between BAs induced by the ischemic lesion
itself. In fact, stroke induces an EEG shift to a low fre-
quency pattern,”*?* with subsequent delta network rear-
rangement in both hemispheres, with increased clustering
(Cw) and increased path length (Lw).'® This is probably an
attempt to counterbalance the effect of stroke, confining
pathologically clustered BAs and reducing their global
interconnection.?® Indeed, we know that neuronal slow
oscillations, an alternation of firing and silence at the fre-
quency of 1Hz, are the neurophysiological correlate of
default mode network and are prominent during slow-wave
sleep, anesthesia, and brain injury, including stroke.’? A
potential neurophysiological basis of the network architec-
ture reorganization we observed in slow rhythms might
depend on the cortical bistability phenomenon, that is the
tendency of cortical areas to stay in a hyperpolarized,
unexcitable state, which prevents global spreading of non-
invasive magnetic stimulation inducing only local network
activation because of the unexcitable state of the nearest
areas.’>*? Further studies with a combination of transcra-
nial magnetic stimulation and EEG-based network analysis
might give a deeper insight into such large- and small-scale
interconnections. This might be achieved by evaluating the
relationship between the perturbational complexity index,
that evaluates the spread of network response to a brain
stimulus, and measures of global integration and local seg-
regation of the network. It is reasonable to hypothesize that
stroke patients with lower global integration might exhibit
a little spread of brain response to a TMS stimulus.
Although the associations between network topology mea-
sures (eg, delta-band Sw at admission) and clinical severity
(NIHSS at discharge), the effect sizes were modest, indi-
cating that each individual network metric accounts for a
limited portion of outcome variance. However, demon-
strating the association between definitive set of EEG mea-
sures and clinical outcome is of primary importance
because the integration of such metrics within a more com-
prehensive and multimodal model could contribute to
increase the accuracy of prognostication. EEG-based mea-
sures capture functional brain activity and offer comple-
mentary information to clinical and structural imaging
data. For example, Vanderschelden et al®* reported that
adding a spectral EEG biomarker to standard predictors
(eg, age, diabetes status, and infarct volume) increased
explained variance in initial NIHSS from 47% to 60%.
Moreover, EEG functional measures can enhance prognos-
tic accuracy beyond prediction afforded by standard clini-
cal assessments.>® as well as an integrated model, combining
EEG assessment of brain network and indicators of ana-
tomical neural injury, outperforms radiological findings in
capturing clinical severity after stroke.>® In our study, topo-
logical measures such as Sw, Cw, and Lw provide a com-
plementary perspective on how stroke disrupts global and

local brain network efficiency. While individually lim-
ited, their integration into multimodal models might
enhance prognostic accuracy and guide targeted
neurorchabilitation.

Regarding high frequencies, we know that, compared to
healthy individuals, acute ischemic stroke patients present
modifications of the alpha network, which relates with the
dominating rthythm of the healthy brain.'>237 Our findings
suggest that alpha network homeostatic response is some-
how correlated to clinical severity. More deeply, from cor-
relation analysis, we found that high segregation and high
integration (respectively, high Cw and low Lw) of alpha 1
networks are associated with less severe symptoms at dis-
charge (Figure 3). The importance of alphal network
response to ischemic damage is even more relevant if we
consider the results of the regression analysis, which shows
that the higher is the alphal-Sw at admission, the lower is
the NIHSS at admission.

Evaluating stroke-induced network rearrangement in the
very early phase of stroke and observing its evolution is
crucial to understand the effects of the ischemic lesion on
the brain functioning. In a subgroup analysis of the
WAKE-UP trial, a functional MRI analysis showed that
brain networks tend to increase their segregation and
decrease their integration after 36hours, especially in
patients with poor functional outcome.*® Here, we con-
ducted a similar analysis, being able to study such network
reorganization in a frequency-dependent modality, thanks
to the use of EEG-based analysis. We found that some of the
network features obtained in the first 24 hours, such as delta
network segregation (Cw), remain steadily associated to
severe stroke symptoms until discharge. Moreover, and
interestingly, we found further delta network rearrange-
ments in the following days, observing that increased delta
global integration (reduced Lw) at discharge is associated
with more severe stroke symptoms at discharge. This is
probably due to a specific brain network ‘homeostatic’
response that starts soon after the ischemic damage and
continues in the following days.?® Looking at correlation
and regression analysis, we were able to identify those
topological parameters that are suggestive of homeostatic
failure or homeostatic success, in other words a network
rearrangement associated with more or less severe neuro-
logical symptoms.

Our study highlights how resting-state EEG comple-
ments and expands upon previous findings primarily
obtained through fMRI in stroke.>**° While fMRI has dem-
onstrated impaired integration and segregation in resting-
state networks during the acute and subacute phase of
stroke, EEG adds a dynamic layer of information by directly
capturing the oscillatory activity of neuronal assemblies
with high temporal resolution. This allows for the identifi-
cation of frequency-specific network changes that reflect
both pathological and compensatory mechanisms, as also



suggested by studies focusing on EEG power spectra and
symmetry in relation to clinical recovery.'>!* Unlike imag-
ing techniques such as fMRI, which focus on slower hemo-
dynamic responses, EEG captures neural activity with
millisecond-level temporal resolution. This is particularly
important in the context of acute stroke, where rapid
changes in brain dynamics can occur. Additionally, EEG’s
ability to analyze specific frequency bands allows us to
investigate how different rhythms contribute to cortical
network rearrangements, offering valuable insight into
both pathological disruptions and compensatory pro-
cesses. These features, together with the bed-side feasibil-
ity, make EEG an ideal tool for exploring early functional
connectivity changes that might predict clinical outcomes
at discharge. The broader utility of EEG in stroke prognos-
tication is well-supported by the systematic review by
Vatinno et al,>> which confirmed significant associations
between various EEG measures and key clinical outcomes
(Modified Rankin Score [mRS], NIHSS, and Fugl-Meyer
Upper Extremity).3 Our work contributes to this by spe-
cifically identifying early EEG-based network topological
features (EEG performed during hyperacute phase after
index event) as potentially valuable components in this
prognostic toolkit.

Finally, some limitations of our study deserve comment.
First, in this study we explored the relationship between
network characteristics within 24 hours of stroke onset and
evolution of clinical severity within the acute/subacute
phase.’!? However, NIHSS at discharge from the hospital
is a good surrogate outcome of mRS at 3 months.®' In this
view, topological features of network rearrangement within
24 hours could be informative on long term clinical evolu-
tion although further investigations are needed to confirm
it. Furthermore, although NIHSS at stroke onset is the most
important prognostic factor in stroke patients,*? prognostic
accuracy of experienced clinicians is still low, even in
patients with low NIHSS.% Moreover, even advanced arti-
ficial intelligence models do not have a full accuracy in pre-
dicting stroke evolution.** Probably, we need an integrated,
multi-layer model to effectively describe the multi-faceted
and complex mechanisms of stroke recovery. These models
should be based not only on the variables available from
daily clinical practice, such as demographic, clinical, and
radiological data, but also on innovative biomarkers and
neurophysiological variables. In this view, although the
association between network topological modifications and
clinical severity might not seem strong enough to predict
stroke recovery alone, we provide a neurophysiological bio-
marker to be tested in further multi-dimensional prognostic
models. Such integration might contribute to enhance the
predictive performance considering the interrelationship
between variables belonging to different domains.

Another limitation is probably linked to the overall
improvement of all patients during our observation (median

final NIHSS 5.5 vs initial 10). This might have limited our
ability to identify specific network signatures associated
with neurological deterioration.

Conclusions

In conclusion, our findings show that, in patients with isch-
emic stroke, early rearrangement patterns of delta network
small-worldness have a potential prognostic role for pre-
dicting clinical severity at the end of the acute phase. In this
view, integrating network properties in a prognostic model
together with other clinical variables needs to be further
explored.

Future research should also investigate the influence of
lesion location on this relationship as well as the potential
role of spectral characteristics as a prognostic biomarker of
recovery. Although EEG analysis requires methodological
rigor and specialized expertise, its portability, repeatability,
and direct neurophysiological relevance make it a promis-
ing adjunct to clinical scales. Future work should focus on
integrating EEG metrics into composite prediction models
and exploring their responsiveness to targeted neuroreha-
bilitation interventions.
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