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Abstract: Background and purpose: Brain function can be networked, and these networks typically
present drastic changes after having suffered a stroke. The objective of this systematic review was
to compare EEG-related outcomes in adults with stroke and healthy individuals with a complex
network approach. Methods: The literature search was performed in the electronic databases
PubMed, Cochrane and ScienceDirect from their inception until October 2021. Results: Ten studies
were selected, nine of which were cohort studies. Five of them were of good quality, whereas four
were of fair quality. Six studies showed a low risk of bias, whereas the other three studies presented a
moderate risk of bias. In the network analysis, different parameters such as the path length, cluster
coefficient, small-world index, cohesion and functional connection were used. The effect size was
small and not significant in favor of the group of healthy subjects (Hedges'g = 0.189 [—0.714, 1.093],
Z =0.582, p = 0.592). Conclusions: The systematic review found that there are structural differences
between the brain network of post-stroke patients and healthy individuals as well as similarities.
However, there was no specific distribution network to allows us to differentiate them and, therefore,
more specialized and integrated studies are needed.

Keywords: brain function network; electroencephalography; stroke

1. Introduction

Stroke represents one of the most common causes of disability with regards to its
impact on functional limitations [1]. In addition, because of the aging population, the
absolute number of strokes is expected to increase in the coming years [2]. Apart from
the positive and negative clinical features that may appear after a stroke, this type of
neural lesion is typically associated with alterations in the oscillatory brain activity that
can be measured from the lesioned areas in the brain. Typically, lesioned brain regions
present a slowing of rhythmic activity as compared to the contralesional side. This can be
observed by computing the ratio between the power at low frequency (e.g., delta) and high
frequency (alpha/beta/gamma) of spectral components in the EEG [3] Brain connectivity
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also undergoes changes, and this has been researched during the last years [4-13]. At
present, we mainly rely on structural images of the brain affected areas to take clinical
decisions and make predictions about evolution. Brain networks are a relevant feature of
brain function, and these networks typically present drastic changes after a certain region
gets damaged.

Taking all this into account, network analysis can help to improve the clinical charac-
terization of patients with a stroke, since brain networks determine which areas of the brain
are physically or functionally connected to support cognitive and behavioral functions
during the brain’s rest/default state [14]. A “small-world index” (SW) network repro-
duces the competence of the brain networks to locally and globally process the flow of
information [15]. In this regard, through the analysis of EEG graphs, it has been shown
that ischemic stroke leads to a rearrangement of the information flow between the two
hemispheres in the brain, which is frequency-dependent [13]. Regarding the interest in this
field, the number of articles with the ‘Brain Network’ keyword has grown very fast since
1985, and this interest has increased exponentially in the last years, from 8387 research
manuscripts published in 2016 to 14,256 in 2021 in Pubmed.

Studies on network topology highlight functional reorganization after stroke [16,17],
suggesting that changes in the spontaneous functional architecture of the brain connectivity
affecting function could be produced by ischemic lesions [18]. The complexity of functional
brain connectivity can be studied using graph theory, a mathematical approach used to
analyze networks that may be used to analyze the brain’s complex networks through
simplified schemes of nodes and edges [19]. In this field, a network is a mathematical
representation of a complex system in the real world and is defined by a set of nodes
(vertices) and links (edges) between pairs of nodes. Different parameters define the prop-
erties of a network, each of which defines the network in some way. These parameters
are used for network analysis and comparison between networks created from healthy
humans and stroke patients. Brain network theory considers brain segregation as the
network tendency to be organized in clusters and analyzes them using the local and global
clustering coefficient (CC). The local CC calculates the local cohesion of a node with its
neighbors [20]. Additionally, it provides an overall measure of the cohesion of the nodes in
the whole network.

The average shortest path length (PL) parameter is also used to analyze brain inte-
gration. This parameter represents the network ability to exchange information between
distant regions [15-19]. The measure of network small-world index (SW) is defined as
the ratio between CC and PL [21,22]. The SW coefficient is used to describe the balance
between the local connectedness and the global integration of a network. When SW is
larger than 1, a network is said to have small-world index properties. SW organization
mixes short PL and high CC.

The rapid development of imaging technology, such as computed tomography (CT),
positron emission tomography, magnetic resonance imaging (MRI) and EEG, allows re-
searchers to access latent knowledge about brain changes during stroke onset and the re-
covery process [23]. EEG provides a continuous, real-time and non-invasive measurement
of brain function and provides new insights into brain pathophysiology after stroke [24-26].
This technology has the advantage of being widely available, having a low cost and provid-
ing a good compromise in terms of spatio-temporal resolution for superficial structures in
the brain. EEG-based measures can provide neurophysiological biomarkers in the early
pre-treatment phase that may be used to make short- and long-term predictions regarding
the evolution of a patient, and that may even provide relevant information to determine
optimal treatment strategies [3]. Moreover, EEG technologies have advanced significantly
in recent years, making it possible to record signals unobtrusively without needing to move
patients from their beds; it is also possible to test neurofeedback interventions based on
the EEG signal and to modulate certain brain rhythms to study its potential therapeutic
effect [3,27].
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In EEG studies, functional connectivity between two signals can be evaluated by using
a measure of general synchronization [28], such as EEG coherence [29]. The increase of EEG
coherence can be interpreted as a functional coupling between two anatomically separated
regions [30]. In addition, EEG coherence can also be used as a measure of binding by
synchrony and is a proposed solution to the connecting problem [31], the way that the
brain integrates signals separated in space and time [32].

Stroke leads to a large variability in clinical presentation and outcomes [33]. There is
substantial heterogeneity in the procedures and tools used for outcome assessment after
stroke, most of which are poorly validated [34]. Consequently, the heterogeneity in the use
of outcome tools comprises the data quality [33]. No previous works looked into the brain
network changes as an outcome post-stroke. To the authors” knowledge, there are not any
previous reviews of studies that have carried out brain network analysis of EEG in stroke
patients. Because of this, in this systematic review, our objective is to review the research
carried out on different stroke areas (Broca, cerebellum, middle cerebral artery, thalamus)
and clinical phases (i.e., acute, sub-acute), by networking analysis of EEG and to perform a
meta-analysis of the EEG-related outcomes in stroke patients.

2. Materials and Methods
2.1. Study Design

This systematic review was performed following the Preferred Reporting Items for
Systematic Reviews and Meta-Analyses (PRISMA) statement [35] and was registered with
the International Prospective Register of Systematic Reviews (PROSPERO), registration
number (reference number: 285761).

2.2. Data Sources

The electronic databases PubMed, Cochrane and ScienceDirect were searched from
their inception until October 2021. Search strategies were performed following the instruc-
tions described by Greenhalgh [36] (see Appendix A). The research question followed the
PICO format: in adults who suffered a stroke episode (P = population), taking EEG from
participants (I = intervention), comparing patients with stroke with healthy individuals
(C = comparison) and analyzing outcomes related to brain network (O = outcome). Due
to the limited number of cohort studies, cross-sectional studies and case reports were
also considered.

2.3. Study Eligibility Criteria

Experimental studies were eligible for inclusion if they met the following criteria:
(1) included patients with stroke, (2) used EEG tools for assessment, (3) used network anal-
ysis and (4) were published in English language. Rehabilitation studies, effect of physical
therapy and/or effect of any other procedure on stroke were excluded. Two independent
reviewers (BA and NC) performed the systematic search and screened the title and abstract
of the articles, with duplicates being removed. The full text of eligible papers was carefully
read to decide whether the eligibility criteria were met. The two reviewers compared their
findings, and a third reviewer (SC) helped to solve any possible discrepancies if needed. Af-
ter the selected articles were considered suitable for inclusion, one reviewer (BA) extracted
the following information: (1) study author(s), (2) year of publication, (3) characteristics
of participants (e.g., sample size, study groups, mean age, sex distribution, and types of
strokes), (4) type of study, (5) type of method used to measure connectivity between nodes,
(6) outcome measures, (7) assessment and intervention protocol and (8) main results. Then,
a second reviewer (NC) verified the findings, and possible disagreements were discussed.

The Newcastle-Ottawa Scale was used to assess the risk of bias and the quality of
nonrandomized studies in meta-analyses [37]. Three factors were considered to score
the quality of included studies: (1) selection, including representativeness of the exposed
cohort, selection of the non-exposed cohort, ascertainment of exposure and demonstration
that at the start of the study the outcome of interest was not present; (2) comparability,
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assessed on the basis of study design and analysis, and whether any confounding variables
were adjusted for; and (3) outcome, based on the follow-up period and cohort retention
and ascertained by independent blind assessment, record linkage or self-report. The
quality of the studies (good, fair and poor) was rated by awarding stars in each domain
following the guidelines of the Newcastle-Ottawa Scale. A “good” quality score required
3 or 4 stars in selection, 1 or 2 stars in comparability and 2 or 3 stars in outcomes. A “fair”
quality score required 2 stars in selection, 1 or 2 stars in comparability and 2 or 3 stars in
outcomes. A “poor” quality score reflected 0 or 1 star(s) in selection, 0 stars in comparability
or 0 or 1 star(s) in outcomes.

2.4. Data Analysis

For the statistical analysis, the program R Ver. 4.1.2 was used (R Foundation for Statis-
tical Computing, Institute for Statistics and Mathematics, Welthandelsplatz 1, 1020 Vienna,
Austria). In the articles showing the results with median and interquartile range, these
were transformed into mean and standard deviation using the appropriate formulas [38,39].
The combination of groups and the average of the means and standard deviations were
performed using the appropriate formulas [40]. Data were obtained by request from the
authors and, when it was not possible, by extracting data from the graphs available in
the articles (since these did not present them in table format) using the webplotdigitizer
software [41].

A meta-analysis was carried out taking the small-world index (SW) as measure of
brain networks. A random effects model was applied given the heterogeneity between the
studies and analyzing the level of significance between the groups of patients and healthy
participants through the standardized difference of means (SMD), based on the mean,
standard deviation and sample size in each group. Heterogeneity was analyzed by esti-
mating the between-studies variance 7> (calculated with the DerSimonian-Laird estimator
with Hartung—Knapp correction), with the Cochran Q test as well as with the 12 estimator
being defined with the latter as: 0-30%, unimportant heterogeneity; 30-50%, moderate
heterogeneity; 50-75%, large heterogeneity; and 75-100%, significant heterogeneity. The
effect size was calculated with Hedges’g, defined as small effect below 0.2, moderate effect
between 0.2 and 0.8 and big effect above 0.8.

Heterogeneity was assessed by detecting the following: (1) outlier studies, defined
as studies with extreme effect sizes whose confidence interval does not overlap with the
confidence interval of the pooled effect and differs significantly from the overall effect [42];
and (2) influencing studies, defined as those which have a large impact on the pooled effect
or heterogeneity, regardless how high or low the effect is [42]. To analyze heterogeneity,
the following were used: (1) influence graphs, which indicate the fit of the studies to the
model; (2) Baujat plots, which detect studies that overly contribute to the heterogeneity
in a meta-analysis ([43]); and (3) leave-one-out meta-analysis, which are forest plots with
recalculated pooled effects, with one study omitted each time. In addition, a Graphic
Display of Heterogeneity (GOSH) was used, which plots the pooled effect size on the x-axis
and the between-study heterogeneity on the y-axis, which allows for looking for specific
patterns or clusters with different effect sizes and amounts of heterogeneity [44].

Subgroup meta-analysis were performed to explore the detected heterogeneity de-
pending on the mode to calculate SW brain networks: direct SW (SW calculated directly),
ratio of the raw weighted clustering coefficient (Cw), weighted characteristic path length
(Lw) or the ratio of raw global efficiency (Eg) to local efficiency (EI). Publication bias was
analyzed using the Begg and Eggers tests and standard and trim and fill funnel plots [45].
Finally, the overall and subgroup meta-analysis powers were calculated.

3. Results

The PRISMA flow diagram (Figure 1) illustrates the screening process. The electronic
search identified 64 records, and 2 other results were added through alternative sources.
After removing 2 duplicated articles, 47 manuscripts were excluded for not meeting the
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inclusion criteria. From the 17 results selected, 7 of them were removed for not meeting the
eligibility criteria. Finally, a total of 10 studies were kept, 9 of which were cohort studies.

Records identified with the

search strategies (n=64) Records removed before

screening;:

[ Identification

Additional records identified 1
] through other sources(n=2)

Screen

Duplicate  records
removed (n=2)
! Records removed for
l other reasons (n=47)

Records screened
(n=17)

l

Reports sought for retrieval
(n=0)

Reports assessed for eligibility vy
(n=17)

Eligibility Reports excluded:
Did not use EEG for
analysis (n=1)
Related to effect of
rehabilitation after stroke
(n=5)
Related to
electroacupuncture in stroke
Studies included in review (n=1)
Included

(n=10)

Figure 1. Preferred Reporting Items for Systematic reviews and Meta-Analyses (PRISMA) flowchart.

Table 1 summarizes the studies included in this systematic review investigating the
analysis of brain networks in stroke patients [4-13]. These studies include research on
stroke that has had effects such as hemianopsia [8] and Broca [5] in patients. In all the
included studies, the presence of a lesion in the brain was observed, and in fact, the lesion
caused a change in the network, which is discussed below. All included studies are case—
cohort studies [4-10,12,13] except one, which was a cross-sectional study [11] that helps to
understand the network change at the time of stroke and after. The networking methods in
the studies were different, as well as the analysis performed, although they all had some
similarities. In the network analysis, different parameters were used, which include the
PL, CC, SW, cohesion and functional connection (FC). Each of the articles examined some
parameters and were not consistent in this regard.
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Table 1. Data of the studies investigating the analysis of brain networks in stroke patients.

Study

Population

Control Intervention

Outcome

Results

Liu, Shuang
etal., 2016 [6]

30 acute thalamic
ischemic stroke
patients

EEG in resting
condition with eyes
closed was recorded.

30 healthy
subjects

The functional
connectivity was
estimated with
partial directed
coherence (PDC) [46].

Compared to the control group, the
stroke group showed a trend of
weaker cortical connectivity and a
symmetrical pattern of functional
connectivity; that is, there was less
information transfer between
electrodes on the brain.

Vecchio,
Fabrizio et al.,
2019 [4]

30 patients with
middle cerebral
artery stroke and
11 with
cerebellar stroke.

EEG was measured
in resting state (at
least 5 min) with eyes
closed with
19 electrodes in the
International
10-20 system
position and
sampling rate fixed at
256 Hz.

30 healthy
subjects

Functional
connectivity of EEG
data was carried out
with eLORETA. The
eLORETA algorithm

is a linear inverse
solution for detection
of the EEG signals’

source [47].

Beta2 and gamma small-world
index were increased in the right
hemisphere of patients with
cerebellar stroke, respectively,
compared to healthy subjects, while
the alpha 2 small-world index was
increased only in patients with
middle cerebral stroke. Cerebellar
stroke differed from MCA in that it
did not cause reorganization of the
alpha 2 network, whereas it caused
reorganization of the
high-frequency network in the beta
2 and gamma bands with
small-world index enhancement.

Rutar Gorisek,
Veronika et al.,
2016 [5]

10 Broca’s patients

The testing and EEG
recordings were
performed from 10 to
90 days (mean
54.4 + SD 30.7) after
the ischemic stroke.

10 healthy
subjects

Coherences were
calculated by using
the mscohere
function in Matlab.

It was shown that the precise
balance between task-related theta
synchronization and
desynchronization found in healthy
subjects was severely disrupted in
Broca’s patients, and functional
networks in the theta frequency
band were significantly altered in
the patient group.Gamma
desynchronization was widespread
in healthy controls, but in Broca
patients, task-related
desynchronization was less in the
right hemisphere, and functional
networks in the gamma frequency
band were significantly altered in
the patient group.

Vecchio,
Fabrizio et al.,
2019 [7]

139 consecutive
patients were
enrolled in the acute
phase of stroke

The EEG recording
was performed at
rest, with closed eyes.

110 healthy
subjects

EEG functional
connectivity analysis
has been performed
using the eLORETA.

When comparing the patients with
the control group, there were
significant differences, with higher
levels of SW in the healthy
subjects.A strong negative
correlation was found between the
NIHSS at follow-up and the
small-world index gamma index in
the acute phase, giving the SW
gamma index a predictive weight
for recovery.

Wang, Lei
etal., 2012 [8]

7 stroke patients with
hemianopia

EEG data were
recorded with
30 scalp electrodes
with the patient kept
awake with eyes
closed throughout
the EEG recording for
2 min.

7 healthy
control
subjects

Phase
synchronization
index (PSI) [48] has
been used.

For each case of the brain network
with a different number of edges,
the weighted clustering coefficient
of the network of hemianopia stroke
patients seems to be generally
higher than that of the normal
control group.Hemianopia stroke
patients generally had a lower
weighted characteristic path length
than the control group.
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Table 1. Cont.

Study Population Control Intervention Outcome Results
The electromagnetic Increased functional connectivity
vlillzti ;vla ZSS{ec;Oallﬁr?eczil neural activity at (FC) was observed in non-lesioned
Dubovik, . each gray matter areas. These changes were mostly
. . 19 healthy EEG system in an
Sviatlana et al., 20 stroke patients articipants awake. restin voxel was related to the alpha frequency band,
2013 [9] p p condi tior{ with eg os reconstructed with an and FC in the dysfunctional brain
closed 4 adaptive spatial filter ~ regions was consistently reduced in
’ (beamformer) the alpha frequency band.
P q Y
The differences mainly involved the
highest spectral contents (beta and
gamma bands). In these bands, the
. . global and local performances of the
. Brain functional - .
EEG signals were connectivity is patient were statistically lower than
De Vico Fallani, recorded with a . Y the control subjects in the PRE
Fabrizio et al 1 stroke patient 8 healthy sampling frequenc achieved through the (during the planning period) and
2009 [10] ' F subjects of 20%8 I—gIz frgm 12?3’ computation of EX}‘Eg (mogementgefecution)
task-related .
scalp electrodes. coherence intervals.Network topology
’ changes were particularly
prominent in the beta band, which
is already involved in motor tasks
[45], as well as in the gamma band.
e s e
Vecchio, A 72-year-old patient Before and recorded for Magnitude squared in the delta band anci SW increase
Fabrizio et al., Y€ p during a evaluating signs of coherence used .
with stroke in the alpha bands.Coherence
2017 [11] stroke attack stroke-related (mscohere) .
epileps decreases during stroke and
pLepsy: increases after stroke.
In both groups of patients,
33 unilateral post EEG was recorded intet;s;ﬁiﬁfvit (‘:/sggpaa;?r?ctrz:seeailrtlht%Ziﬂiﬁijgrelf
Fanciullacci stroke patients in the for 10 min with a between the ROI}; index of the resting-state network in
Chiara et al ! sub-acute phase: 10 healthy 10/20 EEG system in and intracortical ! the 6 band.3-band network
v cortico-subcortical subjects an awake, resting . measures differed significantly
2021 [12] (n =18) and condition with eyes lagged linear between stroke patients, with
e Y coherence was oxep ’
subcortical (n = 15) closed. computed greater resolution and small-world
P index in patients with cortical
involvement.
The EEG recording Restlng—state network changes were
. was performed at o . n}amly detected in low- and .
Cahandro, 30 patients with 30 healthy rest, with eyes closed Coqnecthlty analys1s medium-frequency EEG bands, i.e.,
Pietro et al., ischemic lesion subiects and 1o task condition using eLORETA in delta, theta and alpha 2 rhythms,
2017 [13] ) both hemispheres. while no network reorganization

for at least 5 min
from 19 electrodes.

was found in alpha 1, beta and
gamma bands.

The evaluation of the quality and risk of bias of cohort studies is shown in Table 2; five studies were of good
quality [4,5,7,8,13] and four were of fair quality [6,9-11].

The risk of bias analysis is shown in Figure 2. Six studies showed a low overall risk of
bias [5-7,9,12,13]. However, three studies presented an overall moderate risk of bias due to
some concerns about outcome measures and reported outcomes [4,8,10]. The overall risk
of bias is low to moderate due to missing data and the selection of reported studies.

Only one of the studies [11] assessed was a cross-sectional study (see Table 3). The
study [11] included in this review does not have a sufficiently defined protocol, and the
analysis was not repeated by more than one researcher to ensure reliability. However, it
has many positive strengths that are indicated in Table 3 with the answer “yes”.
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Table 2. Risk of bias assessment (Newcastle-Ottawa Quality Assessment Scale criteria).

Selection Comparability Outcome
Representativeness Slsll;;t-l];): (())ietege Outcome of Follow-up Long i
Study po £ Exposed CohortI;rom Ascertainment of Interest Was Not ~ Comparability of Assessment of Enough for Adequacy of Quality Score
Collzort Same Source as Exposure Present at Start of Cohorts Outcome Outcome to Follow-Up
Study Occur
Exposed Cohort
articipants were nclusion criteria o omparison o .
Particip Inclusi iteria of Compari f All stroke patient
in two groups: the patients consisted parameters of brain frorsn w(/)vheo}rjrf E?E GS
Liu, Shuang ischemic thalamic Yes % of focal ischemic Yes % Nothing matched network between Yes % was taken Fair
etal., 2016 [6]  stroke (n = 30) and es lesion of the thalamus ©s othing matche ischemic thalamic es was takel a
the healthy group and hand numbness as stroke patients and participated in the
study. %
(n=30). % symptoms. healthy group.
Patients were in
two groups: The patients were Comparison of All stroke patients
Vecchio, cerebellar and clinically assessed by arameters of brain from whom EEG
) middle cerebral the National Institutes Age and gender P
Fabrizio et al., Yes % Yes % network between Yes % was taken Good
artery strokes of Health Stroke Scale matched % . . .
2019 [4] (1 = 30) and (NIHSS) during the stroke patients and participated in the
heal_thy group acute phaseg healthy group. study. %
(n=30). %
Participants were Comparison of
Rutar Gorisek, n twlo roups: Boston Diagnostic . parameters of brain All patients from
. Broca’s patients . . Sex and education whom EEG was
Veronika et al., Yes % Aphasia Evaluation Yes % network between Yes % .. Good
(n=10) and matched % . taken participated
2016 [5] healthy group (BDAE) stroke patients and in the study. %
healthy group. ’
(n =10). %
Participants were
in two groups: All patients were Comparison of .
Vecchio, patients with clinically evaluated Sex and age parameters of brain ?Vligf;lg%té fxgs
Fabrizio etal.,  stroke in the acute Yes % with three scales for Yes % matched g* network between Yes % taken participated Good
2019 [7] phase (n =139) stroke: NIHSS, Barthel atche stroke patients and ainethsztuz pa :
and healthy group and ARAT. healthy group. ¥
(n =110). %
- All patients were .
Pe.art’tapants we?e diagnosed with Com}:ansOfnbOf_ All patients from
Wang, Lei 1 WO groups: hemianopia stroke Sex and age parameters ot brain whom EEG was
stroke patients Yes % . . Yes % network between Yes % . Good
etal., 2012 [8] (1 = 7) and healthy according to visual matched % stroke patients and ta.ken participated
controls (1 = 7). % threshold test and healthy group. in the study. %

MRI/CT scanning.
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Table 2. Cont.

Selection Comparability Outcome
Representativeness Slsllce)!rc\t-l]g; (())Zetege Outcome of Follow-up Long i
Study P P Ascertainment of Interest Was Not ~ Comparability of Assessment of Enough for Adequacy of Quality Score
of Exposed Cohort from
Exposure Present at Start of Cohorts Outcome Outcome to Follow-Up
Cohort Same Source as Stud Occur
Exposed Cohort y
Motor function was
Participants were evaluated by means of
in two groups: the Jamar
. patients with dynamometer, the Assessment All patients from
Dubovik, ischemi I . 1 h . P ional h
Sviatlana ischemic stroke Yes % Nine Hole Peg test, the Yes % Age matched resting-state functiona Yes % whom EEG was Fair
etal,, 2013 [9] (n =20) and Stroke Rehabilitation connectivity with taken participated
v healthy Assessment of (EEG). in the study. %
participants Movement (STREAM)
(n=19). % and the Fugl-Meyer
score.
Participants were Analysis of cerebral All patients and
de Vico in two groups: electro-physiological healthy people
Fallani, healthy subjects . . . activity during from whom EEG .
Fabrizio et al., (n = 8) and one Yes % No information Yes k Nothing matched planning or execution Yes * was taken Fair
2009 [10] patient with of movement in in participated in the
stroke. % stroke patients. study. %
Characterizing
Participants were resting-state EEG
‘ . in two groups: o activity a}nfi functional All patients from
Fanciullacci, stroke patients in Brain injury was connectivity changes whom EEG was
Chiara et al., the sub-acute Yes % assessed by means of a Yes % Age matched in a cohort of Yes % L Fair
~ . - . taken participated
2021 [12] phase (n = 33) and standard CT scan. unilateral ischemic in the study. %
healthy subjects patients compared ¥
(n =10). % with the healthy
group.
Participants were
in 2 erouDs: Whether and how
. £ roups: Patients were clinically ischemic stroke in the All patients from
Caliandro, patients with
. . . . evaluated by the Age and sex acute stage may whom EEG was
Pietro et al., ischemic lesion Yes % X X Yes % X . Yes % L. Good
National Institutes of matched % determine changes in taken participated
2017 [13] (n =30) and ; .
R Health Stroke Scale. the small-world index in the study. %
healthy subjects .
of cortical networks.
(n=30). %

% The quality of the studies (good, fair and poor) was rated by awarding stars in each domain following the guidelines of the Newcastle-Ottawa Scale. A “good” quality score required
3 or 4 stars in selection, 1 or 2 stars in comparability and 2 or 3 stars in outcomes. A “fair” quality score required 2 stars in selection, 1 or 2 stars in comparability and 2 or 3 stars in

outcomes. A “poor” quality score reflected 0 or 1 star(s) in selection, 0 stars in comparability or 0 or 1 star(s) in outcomes.
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D7: Bias in selection of the reported result.
Figure 2. Risk of bias (RoB) traffic light plot. Assessment of the risk of bias via the traffic light plot of
the RoB of each included clinical trial and the weighted plot for the assessment of the overall risk of
bias via the Cochrane Robins-I tool (n = 9 studies). Yellow circle indicates some concerns on the risk
of bias, and green circle represents low risk of bias [4-10,12,13].

Table 3. Quality assessment for cross-sectional study.

Vecchio, Fabrizio et al., 2017 [11]

Did the study address a clearly focused question/issue? Yes
Is the study design appropriate for answering the research question? Yes
Does the study have a well-defined protocol? No

Are both the setting and the subjects representative with regard to the population to
. .3 . Yes

which the findings will correlate?
Is the researcher’s perspective clearly described and taken into account? Yes
Are the methods for collecting data clearly described? Yes
Are the methods for analyzing the data likely to be valid and reliable? Are quality Yes
control measures used?
Was the analysis repeated by more than one researcher to ensure reliability? No
Are the results credible, and if so, are they relevant for practice? Are results easy Yes
to understand?

Were there clinically relevant outcomes? Yes
Are the conclusions drawn justified by the results? Yes

Are the findings of the study transferable to other settings? No
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Study
Wang, 2012

Vecchio, 2019
Fallani, 2009
Fanciullacci, 2021
Caliandro, 2017

Total (95% CI)

Prediction interval

Meta-Analysis

The presence of relatively high values for T2 (0.25), the significant Cochrane Q test
(p = 0.04) and the value of 12 of the 60% indicate large heterogeneity. The effect size is small
and not significant in favor of the group of healthy subjects (Hedges’g = 0.189 [-0.714,
1.093], Z = 0.582, p = 0.592) (Figure 3).

Patients Healthy Std. Mean Difference Std. Mean Difference
Mean SD Total Mean SD Total Weight IV, Random, 95% CI IV, Random, 95% CI
0.18 0.04 7 016 005 7 16.8%  0.38[068:1.44] :

1.00 002 41 1.00 003 10 243% -0.03[-0.72:0.66) —T=—

013 0.00 1 024 008 80 7a% -1.43[-342:055] :

1.02 018 33 079026 10 23.0% 112[037:1.87) —i
098 028 30 1.01 045 30 28.8% -0.08[-0.58:043] -

112 137 100.0% 0.19 [-0.71; 1.09]
[-1.71; 2.09]

Heterogeneity: Tau® = 0.2502; Chi® = 10.02, df = 4 (P = 0.04); ° = 60% U L N

3 -2 1 0 1 2 3
Favar Favor
patients healthy

Figure 3. Meta-analysis forest plot for small-world index brain network measure on healthy subjects
vs. stroke patients. SD: standard deviation; SMD: standardized mean difference; 95%CI: 95%
confidence interval; Tau2: T2 between studies variance estimation; Chi?: Cochran Q test; df: degrees
of freedom; I?: proportion of the variance in observed effect is due to variance in true effects rather
than sampling error [7,8,10,12,13].

No study analyzed is an outlier that exceeds the 95% CI (Appendix A, Figure Al). The
influence analysis shows how the study published by Fanciullacci (red dot) exerts a great
influence on the result of the meta-analysis (Appendix A, Figure A2). The Baujat graph
shows again that the Fanciullacci study (upper right square dot) also exerts an excessive
influence on the heterogeneity detected (Appendix A, Figure A3). The sensitivity analysis
to the withdrawal of a study indicates, both by effect size and by 12 values, that the study
published by Fanciullacci is the one that most influences the result of the meta-analysis
(Appendix A, Figure A4). The GOSH graph shows the presence of two clusters of studies
with a heterogeneity around 60-80% and 0-20% respectively, with an effect that oscillates
around 0 and 0.5 in both (Appendix A, Figure A5).

When the meta-analysis of subgroups was carried out, we found that there is a decrease
in heterogeneity in the studies carried out with Raw Cw, Lw (I changes from 60% to 0%),
whereas there is an increase in the studies carried out with Direct SW (I?> changes from 60%
to 79%). Therefore, it is possible that studies with Direct SW are responsible for part of
the heterogeneity detected. We verified how the effect size in the studies carried out with
Raw Cw-Lw is small and not significant in favor of the group of healthy subjects (Hedges’s
g =0.008, [-2.229, 2.245], Z = 0.047, p = 0.97). In the group of studies carried out with Direct
SW, the effect size is moderate and not significant and displaced in favor of the group of
healthy subjects (Hedges’s g = 0.535, [—6.76, 7.831], Z = 0.932, p = 0.522). Finally, in the
study carried out with Raw Eg-El, the effect size is large and not significant and displaced
in favor of the patient group (Hedges’s g = —1.431, [-3.416,0.555], Z = —1.412, p = 0.158).
Therefore, it can be concluded that none of the study groups produced significant effects.
Despite the disparity of the effect in each group (0.008 vs. 0.535 vs. —1.431), there are no
significant differences in the effect between groups depending on the calculation mode of
the SW (X2(2) = 2.86, p = 0.239) (Figure 4).

The tests of Begg (Kendall’s T = 0, p = 1) and Eggers (t(3) = —1.187, p = 0.321) were not
significant and indicate the absence of publication bias. The funnel plots (both the standard
and the one obtained with trim and fill method) show a symmetrical distribution except
for the study carried out by Fallani, which corroborates the absence of publication bias
(Appendix A, Figure A6).
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Study or Patients Healthy Std. Mean Difference Std. Mean Difference
Subgroup Mean SD Total Mean SD Total Weight IV, Random, 95% CI IV, Random, 95% CI
Wang, 2012 0.18 0.04 6 0.05 7 16.8%  0.38[-0.68:1.44] -;"—

704
Caliandro, 2017 098 028 30 1.01 045 30 288% -0.08[-0.58;0.43]

Vecchio, 2019 100002 41 100003 10 243% -0.03[-072:066])
Fanciullacei, 2021 102 018 33 079 026 10 23.0% 1.12[0.37:1.87)
Fallani, 2009 013 0.00 1 024 008 80 71% -1.43[-3.42;0.55] —-—-
—
Total (95% CI 112 137 100.0%  0.19 [-0.71; 1.09] -
Prediction interval [-1.71; 2.09] —la—
Heterogeneity: Tau® = 0.2502; Chi® = 10.02, df = 4 (P = 0.04): I = 60% I I
Test for subgroup differences: Chi® = 2.86, df = 2 (P = 0.24) -10 -5 0 5 10
Favor Favor

patients healthy

Figure 4. Subgroup forest plots for the different calculation methods of small-world index on
healthy subjects vs. stroke patients. Cw: weighted clustering coefficient; Lw: weighted characteristic
path length; Eg: global efficiency; El: local efficiency. SD: standard deviation; SMD: standardized
mean difference; 95%CI: 95% confidence interval; Tau?: 12 between studies variance estimation;
Chi?: Cochran Q test; df: degrees of freedom; I?: proportion of the variance in observed effect is due
to variance in true effects rather than sampling error [7,8,10,12,13].

4. Discussion

Studying cortical connectivity changes in stroke can provide novel ways to characterize
clinical rehabilitation and suitable therapies for patients with brain lesions leading to
cognitive or motor disability. Here, we revise the existing literature supporting the use of
EEG-based metrics to analyze brain networks and how they are altered in stroke patients.
Despite the identified differences between the studies considered here in terms of recording
conditions (e.g., devices or number of channels used) and metrics used to assess cortico-
cortical connectivity, it was possible to find a common conclusion in them: the brain network
of stroke patients was shown to be different from that of healthy people. These differences
were only found in specific frequency bands. For example, there were neither significant
differences between post-stroke patients with hemianopia and the healthy controls in the
global weighted CC and PL [8] parameters nor in the network rearrangement in alpha 1,
beta and gamma bands [13].

In all the studies analyzed, the internal structure of the brain network changed
compared to healthy humans. The greatest impact was observed in the affected areas,
which showed weaker connections. If we consider delta, theta and alpha bands as low-
frequency bands, and assume beta and gamma as high-frequency bands, the functional
and topological network in high-frequency bands in patients after an acute stroke show
changes [4,5,7,10,12,13]. However, no conclusion can be drawn with certainty about the
SW index: in some studies, the patients had a higher SW in different bands [4,12], whereas
in others [11], the SW index increased after stroke. However, another study showed that
the SW parameter was higher in the control group [7]. It could be expected that healthy
patients have a higher SW so that transfer data in the brain is done faster from one point to
another, following the shortest path length, but this is still unclear, and data obtained in
different populations are still controversial.

As in the case of the small-world indeXx, no statistically significant differences were
found in indices, such as the shortest path length and clustering coefficient, although
recently a case study showed significant changes in these parameters when the analysis
was performed by dynamic complex network, which shows higher variations in the global
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clustering coefficient and small-world index and lower variations in the average shortest
path length in the low-frequency bands, such as delta, theta and alpha bands, in the chronic
stroke patients [49].

Although evidence suggests that connections are less in the brain of post-stroke
patients, a model of brain network cannot be clearly considered, or there is not a standard
by which patients with stroke can be recognized. However, the immediate EEG changes
observed after stroke are a direct consequence of cerebral blood flow reduction that later
results in neuronal impairment or neuronal death. This neuronal impairment in turn leads
to a disorganization of the electrical activity that is reflected by the global EEG changes [50].
Subsequent neuroplastic changes after stroke have been largely reported [51]. Post-stroke
neuroplasticity can lead to reorganization in neural circuits that allow for regaining the
lost functionality [52,53]. However, according to our knowledge, there have not been any
publications discussing how neuroplasticity after a stroke leads to changes in brain network
parameters measured with EEG.

Oscillating neural activity in the gamma frequency band is involved in several cog-
nitive functions, including visual object processing [54,55], attention [56,57] and mem-
ory [58,59]. Additionally, several studies have demonstrated that gamma band activity
is strongly associated with behavioral performance in several memory tasks [60,61] and
that there is a higher gamma band activity in participants exhibiting superior recognition
memory performance [62]. Other findings [63,64] suggest that gamma oscillations not only
reflect brain activity related to memory processes, but also vary with the memory ability
of individuals. Two of the studies included in the review [5,7] described variation in the
gamma band, which could be supported by evidence that suggests that gamma oscillations
mediate information transfer between cortical and hippocampal structure for memory
abilities [58,59].

With some exceptions, a consensus is reached on how an increase in the slow band
frequencies, referred to as slow oscillation and delta oscillation, and is associated with not
only the slow-wave sleep state, but also brain ischemia. Conversely, high band frequencies,
such as the alpha, beta and gamma oscillations, are associated with wake states or cognitive
task engagement, and their presence frequently reduces after stroke. As it was found in one
study [10], changes were seen in gamma and beta bands. A possible explanation could be
that coherence in higher bands may be more involved in active (either motor or cognitive)
tasks [30-32].

In our review, differences in EEG signals were observed not only in parameters, but
also in different bands. For example, in one study [13], changes were seen in low-frequency
bands (delta, theta and alpha2), and no difference was seen in higher-frequency bands
(alphal, beta and gamma), which is consistent with the results of a recent case study [49].
In other studies, changes were seen in alpha [7,9] and theta and beta bands [12]. The
changes in the different bands that are seen can be related to the type of stroke, the type of
networking of the brain regions, the resting or active state, the examined area of the brain
and the age of the patient [65].

Regarding the usefulness of EEG-based connectivity measures to assess brain function
in stroke, we found some limitations related to the heterogeneity of the injured areas in the
patients participating in the studies included in our meta-analysis. Future studies should
include larger samples and grouping patients in terms of the exact locations of their lesions,
which would allow us to further understand how the spatial location of a brain lesion
affects the rearrangement of brain connections at the local and global scales.

5. Conclusions

This is the first systematic review carried out about EEG connectivity changes to
diagnose or characterize stroke. The systematic review found that there are structural
differences between the brain network of post-stroke patients and healthy individuals as
well as similarities. However, there is no specific distribution network that allows us to
differentiate them and, therefore, more specialized and integrated studies are needed.
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Appendix A
Patients Healthy Standardised Mean
Study Total Mean SD Total Mean SD Difference SMD 95%-Cl Weight
Wang, 2012 7 0.8 0.0394 7 016 00538 |-'- 0.38 [0.68;1.44] 16.8%
Vecchio, 2019 41 100 0.0183 10 1.00 00278 —— -0.03 [-0.72;0.66] 24.3%
Fallani, 2009 1 043 00013 80 0.24 00782 -143 [-342;055] 7T4%
Fanciullacci, 2021 33 1.02 01845 10 079 02648 —8— 112 [0.37;1.87] 23.0%
Caliandro, 2017 30 098 02816 30 1.01 04493 — -0.08 [-0.58;043] 28.8%
Random effects model 112 137 0.19 [-0.71;1.09] 100.0%

Prediction interval p [-1.71; 2.09]
Heterogeneity: 7 =80%, 1° = 0.2502, p=004 f T T T T
a2 1.0 1 2 3
Favor patients  Favor healthy
Figure Al. Outliers forest plot. SD: standard deviation; SMD: standardized mean difference;
95%CI: 95% confidence interval; Tau?: 12 between studies variance estimation; p: Cochran Q test
p value; I?: proportion of the variance in observed effect is due to variance in true effects rather than

sampling error [7,8,10,12,13].
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0.54

Influence on pooled result

time from one study; Covariance ratio: ratio between variance pooled effect and initial average effect;
tau-squared (L-O-O): tau squared leave-one-out plot is the heterogeneity measure by tau squared
removing a single study each time; Q (L-O-O): Cochrane test leave-one-out plot is the heterogeneity
measure Cochran Q test removing a single study each time; hat: model predictions for each study;
weight: studies” weight. Red points are influencing studies, blue points are not influencing studies.

Fanciullacei, 2021

Fallan,

T T

0 2 4 6
Overall heterogeneity contribution
Figure A3. Baujat plot [7,8,10,12,13].
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Figure A4. Leave-one-out plots. I?: proportion of the variance in observed effect is due to variance in
true effects rather than sampling error [7,8,10,12,13].



Healthcare 2023, 11, 666 16 of 19

o
8 4
o | - .
o : .
o .
o . -
N—
o |
< .
o | .
N .
o - . wa » . .
| | ! I | I 1 |
-2.0 -1.5 -1.0 -0.5 0.0 0.5 1.0 1.5
Overall Estimate
Figure A5. GOSH plot. I>: proportion of the variance in observed effect is due to variance in true
effects rather than sampling error.
Standard funnel plot Funnel plot (trim & fill method)
S o .
e O p<0.1 © _."?‘ O p<0.1
O p<0.05 O p<0.05
O p<0.01 O p<0.01
N ; N ;
e Caliandro, 2017 e o)
2 <« Vegelhoniii Sozt'o S - | o %
w o A w o
= / : D
g © Wang; 20120 3 © o
c — 4 H c :
g © 8 o
(93] (93]
o | o |
o o
o : .'" o ,":
~ ] Fallani, 2009 @ ' - |70 ; e}
I I I I | | I I I I |
4 3 2 -1 0 1 2 -1 0 1 2
Hedges' g Hedges'g

Figure A6. Publication bias funnel plots. Grey scale bands: significance levels from p < 0.1 (darker
gray) to p < 0.01 (lighter gray) [7,8,10,12,13].



Healthcare 2023, 11, 666 17 of 19

References

1.

10.

11.

12.

13.

14.

15.
16.

17.

18.

19.

20.

21.

22.

23.

24.

Ma, V.Y,; Chan, L.; Carruthers, K.J. Incidence, prevalence, costs, and impact on disability of common conditions requiring
rehabilitation in the United States: Stroke, spinal cord injury, traumatic brain injury, multiple sclerosis, osteoarthritis, rheumatoid
arthritis, limb loss, and back pain. Arch. Phys. Med. Rehabil. 2014, 95, 986-995.e981.

Béjot, Y.; Bailly, H.; Durier, ].; Giroud, M. Epidemiology of stroke in Europe and trends for the 21st century. La Presse Méd. 2016,
45, €391-e398. [CrossRef]

Ajcevi¢, M.; Furlanis, G.; Miladinovi¢, A.; Buoite Stella, A.; Caruso, P.; Ukmar, M.; Cova, M.A.; Naccarato, M.; Accardo, A.;
Manganotti, P. Early EEG alterations correlate with CTP hypoperfused volumes and neurological deficit: A wireless EEG study in
hyper-acute ischemic stroke. Ann. Biomed. Eng. 2021, 49, 2150-2158. [CrossRef]

Vecchio, F; Caliandro, P; Reale, G.; Miraglia, F.; Piludu, E; Masi, G.; Iacovelli, C.; Simbolotti, C.; Padua, L.; Leone, E. Acute cere-
bellar stroke and middle cerebral artery stroke exert distinctive modifications on functional cortical connectivity: A comparative
study via EEG graph theory. Clin. Neurophysiol. 2019, 130, 997-1007. [CrossRef]

Gorisek, V.R; Isoski, V.Z.; Beli¢, A.; Manouilidou, C.; Koritnik, B.; Bon, J.; Megli¢, N.P,; Vrabec, M.; Zibert, J.; Repovs, G. Beyond
aphasia: Altered EEG connectivity in Broca’s patients during working memory task. Brain Lang. 2016, 163, 10-21. [CrossRef]
Liu, S.; Guo, J.; Meng, J.; Wang, Z.; Yao, Y.; Yang, ].; Qi, H.; Ming, D. Abnormal EEG complexity and functional connectivity of
brain in patients with acute thalamic ischemic stroke. Comput. Math. Methods Med. 2016, 2016, 2582478. [CrossRef]

Vecchio, F.; Tomino, C.; Miraglia, F; Iodice, F,; Erra, C.; Di Iorio, R.; Judica, E.; Alt, F; Fini, M.; Rossini, PM. Cortical connectivity
from EEG data in acute stroke: A study via graph theory as a potential biomarker for functional recovery. Int. J. Psychophysiol.
2019, 146, 133-138. [CrossRef]

Wang, L.; Guo, X,; Sun, J.; Jin, Z.; Tong, S. Cortical networks of hemianopia stroke patients: A graph theoretical analysis of EEG
signals at resting state. In Proceedings of the 2012 Annual International Conference of the IEEE Engineering in Medicine and
Biology Society, San Diego, CA, USA, 28 August-1 September 2012; pp. 49-52.

Dubovik, S; Ptak, R.; Aboulafia, T.; Magnin, C.; Gillabert, N.; Allet, L.; Pignat, J.-M.; Schnider, A.; Guggisberg, A.G. EEG alpha
band synchrony predicts cognitive and motor performance in patients with ischemic stroke. Behav. Neurol. 2013, 26, 187-189.
[CrossRef]

De Vico Fallani, E; Astolfi, L.; Cincotti, F; Mattia, D.; La Rocca, D.; Maksuti, E.; Salinari, S.; Babiloni, F.; Vegso, B.; Kozmann, G.
Evaluation of the brain network organization from EEG signals: A preliminary evidence in stroke patient. Anat. Rec. Adv. Integr.
Anat. Evol. Biol. Adv. Integr. Anat. Evol. Biol. 2009, 292, 2023-2031. [CrossRef]

Vecchio, F; Miraglia, F.; Romano, A.; Bramanti, P.; Rossini, PM. Small world brain network characteristics during EEG Holter
recording of a stroke event. Clin. Neurophysiol. 2017, 128, 1-3. [CrossRef]

Fanciullacci, C.; Panarese, A.; Spina, V.; Lassi, M.; Mazzoni, A.; Artoni, F.; Micera, S.; Chisari, C. Connectivity measures
differentiate cortical and subcortical sub-acute ischemic stroke patients. Front. Hum. Neurosci. 2021, 15, 669915. [CrossRef]
Caliandro, P.; Vecchio, F.; Miraglia, F; Reale, G.; Della Marca, G.; La Torre, G.; Lacidogna, G.; Iacovelli, C.; Padua, L.; Bramanti,
P. Small-world characteristics of cortical connectivity changes in acute stroke. Neurorehabilit. Neural Repair 2017, 31, 81-94.
[CrossRef]

Sporns, O. Networks of the Brain; MIT press: Cambridge, MA, USA, 2016.

Watts, D.].; Strogatz, S.H. Collective dynamics of ‘small-world networks. Nature 1998, 393, 440-442. [CrossRef]

Carter, A.R.; Astafiev, S.V,; Lang, C.E.; Connor, L.T.; Rengachary, J.; Strube, M.].; Pope, D.L.; Shulman, G.L.; Corbetta, M. Resting
interhemispheric functional magnetic resonance imaging connectivity predicts performance after stroke. Ann. Neurol. 2010, 67,
365-375.

Yin, D.; Song, F.; Xu, D.; Sun, L.; Men, W.; Zang, L.; Yan, X.; Fan, M. Altered topological properties of the cortical motor-related
network in patients with subcortical stroke revealed by graph theoretical analysis. Hum. Brain Mapp. 2014, 35, 3343-3359.
[CrossRef]

Siegel, J.S.; Ramsey, L.E.; Snyder, A.Z.; Metcalf, N.V.; Chacko, R.V.; Weinberger, K.; Baldassarre, A.; Hacker, C.D.; Shulman, G.L,;
Corbetta, M. Disruptions of network connectivity predict impairment in multiple behavioral domains after stroke. Proc. Natl.
Acad. Sci. USA 2016, 113, E4367-E4376. [CrossRef]

Miraglia, E; Vecchio, F; Rossini, PM. Searching for signs of aging and dementia in EEG through network analysis. Behav. Brain
Res. 2017, 317, 292-300. [CrossRef]

Van Wijk, B.C.; Stam, C.J.; Daffertshofer, A. Comparing brain networks of different size and connectivity density using graph
theory. PLoS ONE 2010, 5, €13701. [CrossRef]

Rubinov, M.; Sporns, O. Complex network measures of brain connectivity: Uses and interpretations. Neuroimage 2010, 52,
1059-1069. [CrossRef]

Onnela, J.-P.; Saramaéki, J.; Kertész, J.; Kaski, K. Intensity and coherence of motifs in weighted complex networks. Phys. Rev. E
2005, 71, 065103. [CrossRef]

Eliassen, J.C.; Boespflug, E.L.; Lamy, M.; Allendorfer, J.; Chu, W.-].; Szaflarski, ].P. Brain-mapping techniques for evaluating
poststroke recovery and rehabilitation: A review. Top. Stroke Rehabil. 2008, 15, 427-450. [CrossRef]

Cohen, B.A.; Bravo-Fernandez, E.J.; Sances Jr, A. Quantification of computer analyzed serial EEGs from stroke patients. Electroen-
cephalogr. Clin. Neurophysiol. 1976, 41, 379-386. [CrossRef]


http://doi.org/10.1016/j.lpm.2016.10.003
http://doi.org/10.1007/s10439-021-02735-w
http://doi.org/10.1016/j.clinph.2019.03.017
http://doi.org/10.1016/j.bandl.2016.08.003
http://doi.org/10.1155/2016/2582478
http://doi.org/10.1016/j.ijpsycho.2019.09.012
http://doi.org/10.1155/2013/109764
http://doi.org/10.1002/ar.20965
http://doi.org/10.1016/j.clinph.2016.10.090
http://doi.org/10.3389/fnhum.2021.669915
http://doi.org/10.1177/1545968316662525
http://doi.org/10.1038/30918
http://doi.org/10.1002/hbm.22406
http://doi.org/10.1073/pnas.1521083113
http://doi.org/10.1016/j.bbr.2016.09.057
http://doi.org/10.1371/journal.pone.0013701
http://doi.org/10.1016/j.neuroimage.2009.10.003
http://doi.org/10.1103/PhysRevE.71.065103
http://doi.org/10.1310/tsr1505-427
http://doi.org/10.1016/0013-4694(76)90100-0

Healthcare 2023, 11, 666 18 of 19

25.

26.

27.

28.

29.

30.

31.

32.
33.

34.

35.

36.
37.

38.

39.

40.

41.

42.

43.

44.

45.

46.

47.

48.

49.

50.

51.

52.

53.

Cohen, B.; Bravo-Fernandez, E.; Sances, A. Automated electroencephalographic analysis as a prognostic indicator in stroke. Med.
Biol. Eng. Comput. 1977, 15, 431-437. [CrossRef]

Luu, P; Tucker, D.M.; Englander, R.; Lockfeld, A.; Lutsep, H.; Oken, B. Localizing acute stroke-related eeg changes:: Assessing the
effects of spatial undersampling. . Clin. Neurophysiol. 2001, 18, 302-317. [CrossRef]

Finnigan, S.P; Rose, S.E.; Walsh, M.; Griffin, M.; Janke, A.L.; McMahon, K.L.; Gillies, R.; Strudwick, M.W.; Pettigrew, C.M.; Semple,
J. Correlation of quantitative EEG in acute ischemic stroke with 30-day NIHSS score: Comparison with diffusion and perfusion
MRI. Stroke 2004, 35, 899-903. [CrossRef]

Bullmore, E.; Sporns, O. Complex brain networks: Graph theoretical analysis of structural and functional systems. Nat. Rev.
Neurosci. 2009, 10, 186-198. [CrossRef]

Andrew, C.; Pfurtscheller, G. Event-related coherence as a tool for studying dynamic interaction of brain regions. Electroencephalogr.
Clin. Neurophysiol. 1996, 98, 144-148. [CrossRef]

Weiss, S.; Mueller, HM. The contribution of EEG coherence to the investigation of language. Brain Lang. 2003, 85, 325-343.
[CrossRef]

Hallett, M. Can EEG coherence help solve the binding problem?: The Adrian Lecture. In Supplements to Clinical Neurophysiology;
Elsevier: Amsterdam, The Netherlands, 2000; Volume 53, pp. 19-26.

Buzsaki, G. Rhythms of the Brain; Oxford University Press: Oxford, UK, 2006.

Quinn, T.; Dawson, J.; Walters, M.; Lees, K. Functional outcome measures in contemporary stroke trials. Int. J. Stroke 2009, 4,
200-205. [CrossRef]

Lees, R.; Fearon, P.; Harrison, ].K.; Broomfield, N.M.; Quinn, T.J. Cognitive and mood assessment in stroke research: Focused
review of contemporary studies. Stroke 2012, 43, 1678-1680. [CrossRef]

Moher, D.; Liberati, A.; Tetzlaff, ].; Altman, D.G.; Group, P. Preferred reporting items for systematic reviews and meta-analyses:
The PRISMA statement. Int. |. Surg. 2010, 8, 336-341. [CrossRef]

Greenhalgh, T. How to read a paper: The Medline database. BM] 1997, 315, 180-183. [CrossRef]

Wells, G.A.; Shea, B.; O’Connell, D.; Peterson, J.; Welch, V.; Losos, M.; Tugwell, P. The Newcastle-Ottawa Scale (NOS) for Assessing
the Quality of Nonrandomised Studies in Meta-Analyses; ScienceOpen, Inc.: Burlington, MA, USA, 2000.

Wan, X.; Wang, W.; Liu, J.; Tong, T. Estimating the sample mean and standard deviation from the sample size, median, range
and/or interquartile range. BMC Med. Res. Methodol. 2014, 14, 135. [CrossRef]

Luo, D.; Wan, X,; Liu, J.; Tong, T. Optimally estimating the sample mean from the sample size, median, mid-range, and/or
mid-quartile range. Stat. Methods Med. Res. 2018, 27, 1785-1805. [CrossRef]

Higgins, ].P.; Thomas, J.; Chandler, J.; Cumpston, M.; Li, T.; Page, M.].; Welch, V.A. Cochrane Handbook for Systematic Reviews of
Interventions; John Wiley & Sons: Hoboken, NJ, USA, 2019.

Drevon, D.; Fursa, S.R.; Malcolm, A L. Intercoder reliability and validity of WebPlotDigitizer in extracting graphed data. Behav.
Modif. 2017, 41, 323-339. [CrossRef]

Viechtbauer, W.; Cheung, M.W.L. Outlier and influence diagnostics for meta-analysis. Res. Synth. Methods 2010, 1, 112-125.
[CrossRef]

Baujat, B.; Mahé, C.; Pignon, ].P,; Hill, C. A graphical method for exploring heterogeneity in meta-analyses: Application to a
meta-analysis of 65 trials. Stat. Med. 2002, 21, 2641-2652. [CrossRef]

Olkin, I.; Dahabreh, 1].; Trikalinos, T.A. GOSH-a graphical display of study heterogeneity. Res. Synth. Methods 2012, 3, 214-223.
[CrossRef]

Duval, S.; Tweedie, R. Trim and fill: A simple funnel-plot-based method of testing and adjusting for publication bias in
meta-analysis. Biometrics 2000, 56, 455—463. [CrossRef]

Sakkalis, V. Review of advanced techniques for the estimation of brain connectivity measured with EEG/MEG. Comput. Biol. Med.
2011, 41, 1110-1117. [CrossRef]

Pascual-Marqui, R.D.; Lehmann, D.; Koukkou, M.; Kochi, K.; Anderer, P; Saletu, B.; Tanaka, H.; Hirata, K.; John, E.R.; Prichep, L.
Assessing interactions in the brain with exact low-resolution electromagnetic tomography. Philos. Trans. R. Soc. A Math. Phys.
Eng. Sci. 2011, 369, 3768-3784. [CrossRef] [PubMed]

Sun, J.; Small, M. Unified framework for detecting phase synchronization in coupled time series. Phys. Rev. E 2009, 80, 046219.
[CrossRef] [PubMed]

Asadji, B.; Fard, K.R.; Ansari, N.N.; Marco, A.; Calvo, S.; Herrero, P. The Effect of dry Needling in Chronic Stroke with a complex
Network Approach: A Case Study. Clin. EEG Neurosci. 2023, 54, 179-188. [CrossRef] [PubMed]

Rabiller, G.; He, J.-W.; Nishijima, Y.; Wong, A.; Liu, J. Perturbation of brain oscillations after ischemic stroke: A potential biomarker
for post-stroke function and therapy. Int. J. Mol. Sci. 2015, 16, 25605-25640. [CrossRef]

Felling, R.J.; Song, H. Epigenetic mechanisms of neuroplasticity and the implications for stroke recovery. Exp. Neurol. 2015, 268,
37-45. [CrossRef]

Cramer, S.C.; Sur, M.; Dobkin, B.H.; O’Brien, C.; Sanger, T.D.; Trojanowski, ].Q.; Rumsey, ] M.; Hicks, R.; Cameron, J.; Chen, D.
Harnessing neuroplasticity for clinical applications. Brain 2011, 134, 1591-1609. [CrossRef]

Colcombe, S.J.; Kramer, A.F.; Erickson, K.L; Scalf, P.; McAuley, E.; Cohen, N.J.; Webb, A ; Jerome, G.J.; Marquez, D.X.; Elavsky, S.
Cardiovascular fitness, cortical plasticity, and aging. Proc. Natl. Acad. Sci. USA 2004, 101, 3316-3321. [CrossRef]


http://doi.org/10.1007/BF02457998
http://doi.org/10.1097/00004691-200107000-00002
http://doi.org/10.1161/01.STR.0000122622.73916.d2
http://doi.org/10.1038/nrn2575
http://doi.org/10.1016/0013-4694(95)00228-6
http://doi.org/10.1016/S0093-934X(03)00067-1
http://doi.org/10.1111/j.1747-4949.2009.00271.x
http://doi.org/10.1161/STROKEAHA.112.653303
http://doi.org/10.1016/j.ijsu.2010.02.007
http://doi.org/10.1136/bmj.315.7101.180
http://doi.org/10.1186/1471-2288-14-135
http://doi.org/10.1177/0962280216669183
http://doi.org/10.1177/0145445516673998
http://doi.org/10.1002/jrsm.11
http://doi.org/10.1002/sim.1221
http://doi.org/10.1002/jrsm.1053
http://doi.org/10.1111/j.0006-341X.2000.00455.x
http://doi.org/10.1016/j.compbiomed.2011.06.020
http://doi.org/10.1098/rsta.2011.0081
http://www.ncbi.nlm.nih.gov/pubmed/21893527
http://doi.org/10.1103/PhysRevE.80.046219
http://www.ncbi.nlm.nih.gov/pubmed/19905427
http://doi.org/10.1177/15500594221120136
http://www.ncbi.nlm.nih.gov/pubmed/35957591
http://doi.org/10.3390/ijms161025605
http://doi.org/10.1016/j.expneurol.2014.09.017
http://doi.org/10.1093/brain/awr039
http://doi.org/10.1073/pnas.0400266101

Healthcare 2023, 11, 666 19 of 19

54.

55.

56.

57.

58.

59.

60.

61.

62.

63.

64.

65.

Keil, A.; Miller, M.M.; Ray, W].; Gruber, T.; Elbert, T. Human gamma band activity and perception of a gestalt. J. Neurosci. 1999,
19, 7152-7161. [CrossRef]

Gruber, T.; Miiller, M.M. Oscillatory brain activity dissociates between associative stimulus content in a repetition priming task in
the human EEG. Cereb. Cortex 2005, 15, 109-116. [CrossRef]

Herrmann, C.S.; Mecklinger, A.; Pfeifer, E. Gamma responses and ERPs in a visual classification task. Clin. Neurophysiol. 1999,
110, 636-642. [CrossRef]

Gruber, T.; Miiller, M.M.; Keil, A.; Elbert, T. Selective visual-spatial attention alters induced gamma band responses in the human
EEG. Clin. Neurophysiol. 1999, 110, 2074-2085. [CrossRef] [PubMed]

Tallon-Baudry, C.; Bertrand, O.; Peronnet, F.; Pernier, J. Induced y-band activity during the delay of a visual short-term memory
task in humans. J. Neurosci. 1998, 18, 4244-4254. [CrossRef] [PubMed]

Herrmann, C.S.; Munk, M.H.; Engel, A.K. Cognitive functions of gamma-band activity: Memory match and utilization. Trends
Cogn. Sci. 2004, 8, 347-355. [CrossRef] [PubMed]

Gruber, T.; Tsivilis, D.; Montaldi, D.; Miiller, M.M. Induced gamma band responses: An early marker of memory encoding and
retrieval. Neuroreport 2004, 15, 1837-1841. [CrossRef] [PubMed]

Osipova, D.; Takashima, A.; Oostenveld, R.; Fernandez, G.; Maris, E.; Jensen, O. Theta and gamma oscillations predict encoding
and retrieval of declarative memory. J. Neurosci. 2006, 26, 7523-7531. [CrossRef]

Busch, N.A.; Groh-Bordin, C.; Zimmer, H.D.; Herrmann, C.S. Modes of memory: Early electrophysiological markers of repetition
suppression and recognition enhancement predict behavioral performance. Psychophysiology 2008, 45, 25-35. [CrossRef]

Park, J.Y,; Lee, K.S.; An, SK,; Lee, J.; Kim, J.-J.; Kim, K.H.; Namkoong, K. Gamma oscillatory activity in relation to memory ability
in older adults. Int. |. Psychophysiol. 2012, 86, 58-65. [CrossRef]

Lenz, D.; Jeschke, M.; Schadow, J.; Naue, N.; Ohl, EW.; Herrmann, C.S. Human EEG very high frequency oscillations reflect the
number of matches with a template in auditory short-term memory. Brain Res. 2008, 1220, 81-92. [CrossRef]

Achard, S.; Bullmore, E. Efficiency and cost of economical brain functional networks. PLoS Comput. Biol. 2007, 3, e17. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.


http://doi.org/10.1523/JNEUROSCI.19-16-07152.1999
http://doi.org/10.1093/cercor/bhh113
http://doi.org/10.1016/S1388-2457(99)00002-4
http://doi.org/10.1016/S1388-2457(99)00176-5
http://www.ncbi.nlm.nih.gov/pubmed/10616112
http://doi.org/10.1523/JNEUROSCI.18-11-04244.1998
http://www.ncbi.nlm.nih.gov/pubmed/9592102
http://doi.org/10.1016/j.tics.2004.06.006
http://www.ncbi.nlm.nih.gov/pubmed/15335461
http://doi.org/10.1097/01.wnr.0000137077.26010.12
http://www.ncbi.nlm.nih.gov/pubmed/15257158
http://doi.org/10.1523/JNEUROSCI.1948-06.2006
http://doi.org/10.1111/j.1469-8986.2007.00607.x
http://doi.org/10.1016/j.ijpsycho.2012.08.002
http://doi.org/10.1016/j.brainres.2007.10.053
http://doi.org/10.1371/journal.pcbi.0030017

	Introduction 
	Materials and Methods 
	Study Design 
	Data Sources 
	Study Eligibility Criteria 
	Data Analysis 

	Results 
	Discussion 
	Conclusions 
	Appendix A
	References

