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Abstract: Stroke is the most common neurological condition that causes disability or in more severe cases death.
The course of recovery after a stroke and the most appropriate rehabilitation and treatment methods in this context
remain uncertain. Although the structural damage caused by a stroke may be localized in a specific brain area,
dysfunction may occur remotely in areas of the brain that are far from the area of damage. Areas that are directly
damaged or indirectly affected are organized into a larger functional network that is in dynamic balance with
other networks in the brain. Therefore, measurement of resting state functional brain networks can predict the
clinical picture and prognosis of stroke. The aim of this research is to investigate the relationship between resting
state functional brain networks and motor Decadency in acute stroke patients.

Twenty right-handed patients, 17 of whom were men and 3 of whom were women, with an average age of
58.8+7.3 and their first stroke, were included in the study. In the acute period, fMRI was also applied to patients
to evaluate the resting state brain networks. Patients were also evaluated with the MoCa and NIHSS scales.
Resting status of the patient-The correlation between the obtained resting status network components and the
NIHSS scores was evaluated to analyze the fMRI records.

The patients' NIHSS scores were 2.65 (+1.47) and their MoCa scores were 20.89 (+4.01). In the resting state brain
networks analysis, the Default Mode Network (DMN) and Sensorimotor Network (SMN) emerged as the most
significant networks. The functional connectivity of the Default Mode Network with the left Cerebellum and
Precuneus cortex decreased as NIHSS scores increased, while the functional connectivity of the SMN with the
Frontal Operculum, Inferior Frontal Gyrus and Insular Cortex showed high activity as NIHSS scores increased.

Our findings reveal that there is a correlation between the neurological symptoms that occur in the acute phase of
stroke and the functional brain networks in the resting state. This finding reveals that there is a basis for predicting
post-stroke prognosis and even planning rehabilitation in a specific way through resting state functional brain
networks.

Keywords: Stroke, National Institutes of Health Stroke Scale (NIHSS), Resting-state functional brain networks,
Default Mode Network

INTRODUCTION

Stroke causes sudden disruption of physiological brain functions, and this process can lead to impairments in the
motor networks involved in the execution of voluntary movements. Stroke causes sudden disruption of
physiological brain functions, and this process can lead to impairments in the motor networks involved in the
execution of voluntary movements. Research has shown that the absolute number of stroke cases increased by
70% between 1999 and 2019 (7). Every year, 12.2 million strokes occur worldwide, meaning that one in four
people over the age of 25 will survive a stroke during their lifetime (8). While more than half of stroke patients
survive ischemic stroke, a smaller number suffer from hemorrhagic stroke. The morbidity resulting from stroke is
reduced by investing in the quality of primary healthcare services and education for stroke prevention; however,
stroke remains the third leading cause of death worldwide. Unfortunately, only 10% of stroke survivors manage to
make a full recovery, while the remaining patients may be left disabled for life (9). Only a small portion of stroke
survivors, approximately 5 to 15%, can be subjected to thrombolysis or thrombectomy during the acute phase.

As a mechanism to cope with injury, the brain develops a method called neuroplasticity. Neuroplasticity is the
ability of the nervous system to restore functionality by making structural reorganizations or changes in the
connections and communication between different brain regions (28). This leads to an event known as cortical



reorganization. It is the process by which new neural pathways form as a result of learning and practicing new
skills (29). This event occurs most frequently during the acute phase of stroke, specifically, in the first 6-12
months. The mechanism of cortical reorganization occurs in two ways: either through the transcallosal pathway,
which collects fibers from the intact hemisphere necessary for the planning and execution of movement, or
through the uncrossed pyramidal pathway, since 10-15% of the fibers remain uncrossed.(22) Since neurons
remain locked in the GO phase, meaning they do not enter the division phase of the cell cycle, this explains the
loss of nerve tissue due to brain damage. However, recovery depends not on the number of neurons, but on the
number and type of synapses formed. It is very important to start rehabilitation in this acute phase of stroke,
because it is possible to take advantage of the cortical reorganization process.

Since the connections formed during cortical reorganization are formed randomly, the individual's recovery may
be negatively affected if it is not guided by planned and skill-specific rehabilitation methods (22). The importance
of task-specific rehabilitative interventions in the early post-stroke period was shown in a groundbreaking study
conducted by Nudo and others in 1996. In the monkey group that received a 4-week task-specific retraining
program, researchers compared the cortical representation of the hand to that in an untrained monkey group. They
observed that, following ischemic stroke, the cortical representation of the hand was damaged. However, the
cortical representation of the digits, wrist, and forearm expanded toward the intact cortex, unlike in the untrained

group.

Recently, changes have emerged in neurological sciences. These changes can be considered a revolution in our
traditional localizationist/asociationist understanding of the brain as a multidimensional network from a
structural/anatomical and functional point of view. As a result of this, the clinical picture and behavioral disorders
in neurological diseases are now increasingly attributed to changes in structural and functional brain networks.
Naturally, this approach also applies to stroke, where a focal lesion may be accompanied by widespread structural
and functional network changes (1-2). Dysfunction in distant areas of the brain, classically resulting from a focal
lesion, is referred to as 'diaschisis', a term introduced by von Monakow.

Today, with new neuroimaging methods, the concept of 'diaschisis' has been expanded to include changing
network connections (3).

Stroke is one of the most common neurological manifestations of this condition. Although the structural damage
caused by a stroke may be localized in a specific brain area, dysfunction may occur in areas of the brain that are
distant from the area of damage. This framework suggests that a lesion in a single location in the brain has the
ability to disrupt brain function well beyond the lesion's boundaries (4-5).

It is observed that there is an attempt to improve methodological approaches in this field. Recent studies have
followed Salvalaggio et al. in comparing the accuracy of four neuroimaging methods in predicting symptoms
(lesion localization, indirect estimates of structural and functional disconnections, and direct functional
connectivity analysis) (55) Yue et al. took a different approach, assessing changes in functional network
connectivity using fMRI and evaluating cognitive outcomes with the MMSE following stroke.

This methodological evolution lays the foundation for more nuanced investigations into how disruptions in brain
networks contribute to cognitive impairments. In this context, Yue et al.'s study, takes a novel approach by
utilizing fMRI to assess functional network connectivity and its relationship with cognitive outcomes, as
measured by the MMSE. Their findings reveal significant changes within static and dynamic functional networks
and illustrate a negative correlation between the Default Mode Network (DMN) and cognitive performance,
reinforcing the importance of advanced neuroimaging techniques in elucidating the complex relationship between



brain connectivity and cognitive deficits post-stroke. Together, these studies underscore the significance of
integrating various neuroimaging methods to gain deeper insights into stroke-related cognitive impairments, thus
fostering a more comprehensive understanding of neurological recovery processes.

In previous studies investigating the relationship between cognitive impairment and the default mode network
(DMN)), researchers observed significant changes in both static and dynamic functional networks. They also
reported a negative correlation between the DMN, the visual spatial network, and Mini-Mental State Examination
(MMSE) scores, which assess cognitive function (6). In contrast, our study focuses on examining the correlation
between disruptions in resting state networks and the severity of motor impairment during the acute phase of
stroke.

5. METHODOLOGY
5.1. Participants of the Study.

An assessment was performed to evaluate the National Institutes of Health Stroke Scale (NIHSS) scores of 20
patients, ranging in age from 30 to 75 years, who were diagnosed with their first stroke and fulfilled the inclusion
criteria. Later, the Montreal Cognitive Assessment (MoCA) (34) test is administered only once to asses cognitive
status of a patient, it is not used for analyses related to functional network characteristics. Following the
evaluations, functional MRI scans were conducted to assess both the anatomical and resting states of the patients.
The assessments were repeated upon the patients' discharge. Finally, patients were classified according to the
location of the infarction, whether it was in the cortical/subcortical region, which hemisphere the infarction
occurred in, and whether they received thrombolytic therapy or not.

5.1.1. Inclusion criteria

. Right-handedness

. First-time and ischemic stroke (ischemic/hemorrhagic

. Aged 30-75

. Stable vital signs, no progression of neurological symptoms

5.1.2. Exclusion criteria

. Left-handedness

o Previous history of stroke

o Having undergone cranial surgery
J being illiterate

e Brain tumor, brain trauma, ischemic foci and a history of seizures

Decline of cognitive functions before stroke/dementia

. Any neuropsychiatric and affective disorders that may affect the test results
J Inability to tolerate MRI scanning

5.2 . Evaluation Methods
The study used the Montreal Cognitive Assessment (MoCA) (34) and the National Institutes of
Health Stroke Scale (NIHSS) (33) as evaluation methods.



5.2.1. Montreal Cognitive Assessment Scale (MoCA)

MoCA (Montreal Cognitive Assessment): The Montreal Cognitive Assessment is a simple
assessment of seven cognitive domains and consists of eleven questions. This test is good at detecting
mild cognitive impairment (MCI) or early signs of dementia (35).

5.2.2. National Health Stroke Scale
NIHSS (National Institutes of Health Stroke Scale):

It is a 15-item impairment scale used to measure the severity of stroke

This scale includes the following domains: level of consciousness, eye movements, integrity of visual
fields, facial movements, muscle strength in arms and legs, sensation, coordination, language, speech,
and neglect. Each area is scored on a scale ranging from 0-2,0-3 or 0-4. The points of each item are
added to the total score, which ranges from 0-42.. The severity of the stroke is directly proportional to
the score obtained (33).

5.5. fMRI Analysis
MRI Data Acquisition

Structural and resting-state fMRI data were acquired using a Signa Explorer MR device
(General Electric Company, USA) at Alanya Alaaddin Keykubat University. T1-weighted
structural scans consisted of 190 slices (TR/TE: 8.1/3.7 ms), with a field of view (FOV) of
256 x 256 x 190 mm (FH x AP x RL) and an isotropic voxel size of 1 x 1 x 1 mm. Resting-
state fMRI data were collected with eyes open using an echo-planar imaging (EPI) sequence.
Each scanning session lasted approximately 12 minutes, during which 300 volumes were
acquired with the following parameters: TR = 2,230 ms, TE = 30 ms, FOV = 240 x 240 x
140 mm (RL x AP x FH), voxel size =3 x 3 x 4 mm, flip angle = 77°, and 35 slices. Prior to
scanning, participants were instructed to keep their eyes open, remain relaxed with minimal
movement, clear their minds, and avoid falling asleep.

Analysis of Resting-State Functional Connectivity (rsFC)

Functional MRI data were analyzed using CONN (34, 35) (RRID:SCR _009550) release 21.a (34,35) and SPM
(41) (RRID:SCR_007037) release 12.7771.

Preprocessing

Functional and anatomical data were preprocessed using a modular preprocessing pipeline (35) comprising
realignment with correction of susceptibility distortion interactions, slice-timing correction, outlier detection,
direct segmentation, MNI-space normalization, and spatial smoothing. Functional data were realigned using the
SPM realign-and-unwrap procedure (36), in which all scans were co registered to a reference image (first scan of
the first session) via a least-squares approach using a six-parameter rigid-body transformation (37), and resampled
using B-spline interpolation to correct for motion and magnetic susceptibility interactions. Temporal
misalignment between slices acquired in ascending order was corrected with SPM slice-timing correction (43,44),
employing since temporal interpolation to resample each slice BOLD time series to a common mid-acquisition
time. Potential outlier scans were identified using ART (34) as acquisitions with frame wise displacement
exceeding 0.9 mm or global BOLD signal changes exceeding 5 standard deviations (38,35). A reference BOLD
image was computed for each subject by averaging all non-outlier scans. Functional and anatomical data were
then normalized to standard MNI space, segmented into gray matter, white matter, and cerebrospinal fluid (CSF)



tissue classes, and resampled to 2 mm isotropic voxels following a direct normalization procedure (35,39) using
the SPM unified segmentation and normalization algorithm (40,41) with the default IXI-549 tissue probability
map template. Finally, functional data were smoothed using a Gaussian kernel of 6 mm full width at half
maximum (FWHM).

Denoising

Functional data were denoised using a standard pipeline (35) that

included regression of potential confounding effects: white matter time series (5 CompCor
noise components), CSF time series (5 CompCor noise components), motion parameters and
their first-order derivatives (12 factors) (37), outlier scans (up to 20 factors)

(38), session effects and their first-order derivatives (2 factors), and linear

trends (2 factors) within each functional run. This was followed by band pass frequency
filtering of the BOLD time series between 0.008 Hz and 0.09 Hz (45).

CompCor noise components (46,47) within white matter and

CSF were estimated by computing the average BOLD signal and the largest principal
components orthogonal to the BOLD average, motion parameters, and outlier scans within
each subject&#39;s eroded segmentation masks. Based on the number of noise terms included in
this denoising strategy, the effective degrees of freedom of the BOLD signal after denoising
were estimated to range from 89.1 to 111.7 (mean: 104.9) across subjects (35).

First-Level Analysis

Group-level independent component analyses (group-ICA; 39) were

performed to identify 20 temporally coherent networks from the fMRI data pooled across all
subjects and conditions. The BOLD signal across all time points and voxels was concatenated
along the temporal dimension. Subject-level dimensionality reduction was performed using
singular value decomposition (SVD) with 64 components separately for each subject and
condition. The concatenated data were further reduced using a group-level SVD retaining 20
components, and a fast-ICA fixed-point algorithm (48) with hyperbolic tangent

(G1) contrast function was applied to extract spatially independent group-level networks.
Individual subject and condition ICA maps were subsequently derived using GICA3 back-
projection (49). Relevant components were identified using CONN&#39;s
network-identification procedure, which automatically matches each estimated ICA
component to a set of reference networks by selecting the component with the highest spatial
correlation to each canonical network template, consistent with previously established
resting-state network topographies (50,51). Of the 20

estimated components, the Default Mode Network (DMN; ICA_2), Visual Network (ICA_8),
and Sensorimotor Network (ICA_19) yielded the highest correspondence with their
respective reference templates and were thus selected for further analysis.

Group-Level Analyses

Group-level statistical inference was performed using a General Linear Model (GLM) (35). For each
voxel, a separate GLM was estimated with first-level

connectivity measures as the dependent variable and group or subject-level identifiers as
independent variables. Voxel-level hypotheses were evaluated using multivariate parametric
statistics with random effects across subjects and sample covariance estimation across
multiple measurements. Statistical inferences were performed at the cluster level (contiguous



groups of suprathreshold voxels), based on parametric statistics derived from Gaussian
Random Field theory (52,35). Age, education, sex,
and MoCA scores were included as covariates of no interest. To examine the relationship

between resting-state network connectivity and stroke severity, NIHSS scores were entered as
a continuous covariate of interest within the GLM framework, with ICA maps from all
subjects entered as dependent variables separately for each identified resting-state network.
Results were thresholded using a cluster-forming voxel-level threshold of p &It; 0.001
combined with a cluster-size threshold of p-FDR &lt; 0.05 (familywise corrected) (53).

5.5.2. ICA analysis

The aim of ICA analysis is to identify resting state networks. Resting state connectivity analysis was
performed using the CONN toolbox. Group independent component analysis (ICA) was performed
using Calhoun's group-level ICA approach within the CONN toolbox. . The process included
variance normalization preconditioning, combining BOLD signal data across subjects or conditions
along the temporal dimension, dimensionality. A decrease was observed at the group level. Fast ICA
was used to estimate independent spatial components, and GICA1 back projection was applied to
predict spatial maps at the individual subject level (37)

The number of independent components to be estimated was set to 20. To discover the estimated ICA
networks, the summary option in the second-level results was used. The relevant components were
identified through visual inspection, guided by previous literature (38-39) and the frequency spectra
of the components' time courses. Of the 20 components analyzed, the figures demonstrate that the
Default Mode Network (DMN, ICA_2), Visual Network (ICA_8), and Sensorimotor Network
(ICA_19) were identified as the most appropriate components. To measure the correlation between
the connectivity values of the identified networks and NIHSS scores, a general linear model (GLM)
was implemented. In this second-level analysis, the ICA maps of all subjects were processed as a
group for each resting state network. .Additionally, age, education, gender, and MoCA scores were
included as covariates. Statistical significance for all comparisons was determined as cluster level
(cluster threshold) false finding.




Figure 5.5.2.1. 20 Component Group ICA Images
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Figure 5.5.2.2. Images of the 20-component Group ICA images from a different section
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Figure 5.5.2.3. Selection of Appropriate Components by Matching 20-Component Group ICA Images
with Resting State Networks

5.5.3. Resting State Functional MRI Acquisition

The resting state fMRI will be performed using a multiband echo-planar imaging (EPI) sequence: TR
=2000 ms; TE=30 ms; 40 slices; slice thickness, 3 mm; gap 1 mm; flip angle, 83°;
FOV=234x234mm2; pixel size= 3.0mmx3.0 mm; matrix= 64x64; duration: 6 min. The participants
were instructed to relax during the screening.

5.5.4 Statistical Analysis
IBM SPSS Statistics 25 was used as the statistical tool. The Non-Parametric Wilcoxon Signed Ranks
Test was used to investigate the difference between pre- and post-test scores. Furthermore, the



Spearman correlation method was employed to explore potential relationships between the scores,
while the partial correlation method was applied to account for confounding variables

6. RESULTS

6.1 Demographic and Clinical Data

The demographic and clinical characteristics of the 20 patients included in the study, along with their
NIHSS subscores and MoCA subscores, are presented in Table 1. The total NIHHS score at
admission was 2.65 (£1.47), while the mean NIHHS total score at discharge, repeated after an
average of 5 days (£1.2), was 1.70 (£1.66). Additionally, Table 1 presents details regarding the side
of the stroke, the characteristics of cortical and subcortical localization, as well as the rates of
thrombolytic treatment administered.

Table 6.1 Clinical and Demographical characteristics

Area N

Age 58.80(7.30)
Education 6.45 (3.0)
Gender M/F 17/3
NIHSS Total(42) 2.65(1.47)
NIHSS Motor 1.35(1.19)
NIHSS Facial Paralysis 0.6(0.8)
NIHSS Sensory 0.05(0.21)
NIHSS Ataxia 0.25(0.43)
NIHSS Dysarthria 0.40(0.73)
Total NIHSS Discharge 1.7
Motor NIHSS Discharge 0.95(1.31)
F.P. NIHSS Discharge 0.45(0.88)
Sensory NIHSS Discharge 0(0)

Ataxia NIHSS Discharge 0.15(0.36)
Dysarthria NIHSS Discharge 0.10(0.30)
Hemispheric Infarct (Right/Left) 7:13
Infarct (Cortical/Subcortical) 7:13
Thrombectomy(done/not done) 4:16
MoCA(Total) 20.89(4.01)

Spearman's Rho, a non-parametric statistical method, was employed to assess the relationship
between evaluations and Deci-sive values. The analysis revealed a significant negative correlation
between the NIHSS score at hospitalization and the MoCA score (r (2 Dec) = -0.508, p = 0.026). This



relationship was further upheld in the partial correlation analysis, which accounted for variables such
as gender, age, thrombolytic treatment status, cortical or subcortical involvement, and hemisphere.
Furthermore, the analysis revealed a significant positive correlation between education level and
MoCA scores (r(20) =0, p=0.001), as well as a significant negative correlation with NIHSS scores
(r(20) =-0.56, p = 0.010).

Table 6.2. Correlation results of Spearman’s Rho test between variables

Variable N r P

NIHSS-MoCA 20 -0.508 0.026
NIHSS- Education 20 -0.56 0.01
MoCA- Education 20 -0.707 0.004

Table 6.3. Results of Partial Correlation Analysis for Gender, Age, Thrombolytic Status, and Infarct
Location (including Hemisphere and Cortical/Subcortical classification).

Variable N r P

NIHSS-MoCA 20  -0.565 0.35

Conducted during the patients' hospitalization, a significant improvement in the average NIHHS
scores was observed when compared between the repeated assessments taken approximately 5 + 1.2
days later. The Non-Parametric Wilcoxon Marked Orders Test was conducted to assess the difference
in average rankings between NIHSS scores at hospitalization and discharge for patients diagnosed
with stroke. The results revealed a statistically significant difference, with p = 0.013, indicating
significance at the 0.05 level (r(20) = 0.54). This finding indicates a significant difference in NIHSS
scores between hospitalization and discharge. Table 6.5 presents the results of the Non-Parametric
Wilcoxon Marked Orders Test, which was performed to assess the significance of the differences in
NIHSS scores at admission and discharge.



Table 6.4. The results of the Non-Parametric Wilcoxon Marked Decrees Test conducted to determine
the significance of the difference between the time of admission and discharge of NIHSS scores

Score Ranks N S.0 Z p
NIHSS Total Negative 20 73.5
Positive 0 4.5
0 -2.799 0.005
NIHSS Total Discharge 20
Equal
Total

6.2. Comparison of Neuroimaging Results

Following the ICA analysis, we investigated the relationship between the connectivity values of the
selected components and the NIHSS scores. Our findings revealed a prominent association between
the Default Mode Network (DMN) and the Sensor-Motor Network (SMN), as detailed in Table 6.

Table 6.5. The clustering results of the correlation analysis of the determined components with
NIHSS scores

Network Region Cluster (X,y,z) siz  size p- Effect
e FDR Sizes
ICA2/DM  Left Cerebellum/Precuneus Cortex (+02) (-70)( -48) 100 0.014317 -0.8498
N
ICA19/SM  Left Frontal Operculum (-22)(-40)(-52) 94 0.014317 -0.9011
N Cortex
Left Inferior Frontal Gyrus (+14)(-50)(+08) 82 0.017017  -0.9679
Left Insular Cortex (-26)(+16)(+08) 67  0.02741 -1.3501
238

The analysis reveals that the functional connectivity of the Default Mode Network (DMN) with the
left Cerebellum and Precuneus cortex diminishes as NIHSS scores rise. Clustering analysis indicated
that, according to the CONN atlas, there are 164 voxels associated with the Cerebellum and 42 voxels
associated with the Precuneus.
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Figure 6.1. Cerebellar areas showing negative correlation with NIHSS scores in the Resting State
Network

6.2. Representation of the Resting State Network on the brain surface of the region covering the
Precuneus cortex, which is negatively correlated with NIHSS scores
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Figure 6.3. Graph showing the effect sizes and direction of clustering results in the correlation results
of the Resting State Network with NIHSS scores

In a secondary finding, we observed that the functional connectivity of the Sensorimotor Network
exhibited heightened activity with the Frontal Operculum, Inferior Frontal Gyrus, and Insular Cortex
as NIHSS scores increased. Clustering analysis revealed that this connectivity encompassed 93 voxels
within the Left Frontal Operculum, 46 voxels in the Inferior Frontal Gyrus (pars triangularis), 40
voxels in the Left Insular Cortex, 20 voxels in the Left Inferior Frontal Gyrus (pars opercularis), and
17 voxels in the Left Frontal Orbital Cortex, as per the CONN atlas.

6.79

Figure 6.4. Representation of the regions where the Sensory-Motor Network has a positive correlation
with NIHSS scores from axial sections



Figure 6.5. Representation of regions on the brain surface where the Sensory-Motor Network shows
positive correlation with NIHSS scores
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Figure 6.6. Graph displaying the effect sizes and directional trends of clustering results related to the
correlation between the Sensorimotor Network and NIHSS scores.

7. Discussion

This study aims to examine the relationship between reduced activity in the default mode network (DMN) and
motor decline in acute stroke patients. Following exclusion of patients with cognitive impairment based on
MOCA test and NIHSS scale results, [CA analysis identified the DMN and sensorimotor network (SMN) as the
most relevant networks, which were subsequently analyzed. .Correlation analyses with NIHSS scores revealed
that connectivity between the DMN and both the cerebellum and precuneus decreased as NIHSS scores increased
(40). In contrast, connectivity between the SMN and regions including the frontal operculum, frontal gyrus, and
insular cortex increased with higher NIHSS scores. These findings provide evidence that disruption of the Default
Mode Network is associated with motor impairment following stroke (41). Previous research has primarily
focused on the Default Mode Network (DMN) in the context of cognitive impairments, including Parkinson’s
disease, Alzheimer’s disease, or Mild Cognitive Impairment. Brain homeostasis relies on the harmonious activity



of resting-state networks, and any disruption to this equilibrium can lead to a functional neurological disorder
(FND) (42). Notably, damage to this network hierarchy may be reversible, as rehabilitation can promote the
formation of new synapses. An individual’s recovery is determined not by the quantity of neurons, but by the
number of synaptic connections formed (43). These new synapses arise through neuroplastic changes that drive
cortical reorganization (44). Although network disruption leads to a loss of coordinated brain function, this
process is not irreversible. Importantly, the number of neurons remains largely constant from birth, as nerve cells
do not undergo cell division and may instead be lost through apoptosis following injury.

Studies have demonstrated that disruptions in resting-state functional connectivity are associated with impaired
motor function following stroke (45). Alterations in neural motor networks and their relationship to post-stroke
recovery can be explored through resting-state correlation and connectivity analyses (46). Furthermore, stroke
patients with motor impairments consistently exhibit changes in interhemispheric connectivity within motor
networks, suggesting a link between these alterations and motor dysfunction (47). Dysfunctional connectivity
resulting from damage to the corticospinal tract may also contribute to diminished motor performance (48).
Changes in resting-state functional connectivity have been linked to motor recovery after stroke, indicating that
evaluating the temporal variability of brain networks may serve as a valuable tool for predicting motor recovery
outcomes (49). Moreover, alterations in functional connectivity among resting-state networks have been proposed
as potential biomarkers for estimating clinical outcomes in post-stroke motor function (50).

Our study identified two networks—the Default Mode Network (DMN) and the Sensorimotor Network (SMN)—
as most significant in relation to NIHSS and ICA scores. Both are resting-state networks. Jiang et al. (12) used
independent component analysis (ICA) to examine the integrity of the DMN in patients with brainstem ischemic
stroke and risk of cognitive dysfunction. They found that, compared to healthy controls, patients with acute
ischemic stroke exhibited significantly reduced functional connectivity in the right medial prefrontal cortex
(mPFC) and right precuneus, as well as anterior and posterior regions of the DMN. This reduction in functional
connectivity provides important clues about how damage to these brain regions may contribute to the neural
mechanisms underlying cognitive decline. While our primary focus is not cognitive function, our patients had low
MoCA scores, and we observed a negative correlation between NIHSS and MoCA scores. Our findings, showing
altered DMN connectivity to regions associated with cognition (precuneus) and motor function (cerebellum),
support the results reported by Jiang et al.

Our findings regarding the sensorimotor network (SMN) are consistent with the results of Chi et al., who
observed a similar relationship between the ipsilesional primary motor cortex (M1) and the contralesional dorsal
premotor area within functional motor networks in acute stroke patients. Chi et al. also demonstrated that this
inter-regional connectivity is associated with prognostic outcomes (54). More recently, Salvalaggio et al.
investigated the predictive value of both structural and functional networks for post-stroke behavioral outcomes
(55). Direct approaches, such as structural or functional MRI, assess connectivity and its deterioration by imaging
stroke patients; in contrast, indirect methods utilize functional MRI and diffusion tensor imaging data from
healthy individuals to construct connectomes that represent typical functional or structural brain connections.

By mapping a patient's lesion onto these datasets, it is possible to estimate the structural and functional
disconnections within the healthy connectome and thereby predict the disruptions caused by the lesion (56).
Salvalaggio et al. found that basic lesion maps and indirect structural disconnection maps performed similarly,
and adding indirect maps to lesion maps did not improve predictive accuracy. Indirect functional disconnection
maps were weak predictors of behavioral outcomes, whereas direct measurement of functional disruption, as
conducted in our study, proved significantly more effective in predicting patient behavior—further supporting our
results (55).

In conclusion, stroke remains one of the leading causes of chronic disability, frequently impairing motor and
sensory functions. Brain network analysis goes beyond simple disconnection mapping, and comprehensive



evaluation of lesion maps offers valuable insights for predicting stroke outcomes, making it a critical tool (56). As
a non-invasive and functional neuroimaging technique, resting-state fMRI (rs-fMRI) can provide therapeutically
relevant information for stroke patients by identifying both focal vascular lesions and connectivity-based
reorganization, thus informing models of functional recovery and neuroplasticity (57). Our findings are consistent
with and support these perspectives and results.

The limitations of this study include the small sample size, which represents a primary constraint. Additionally,
the absence of a normal control group for comparison of functional networks poses another limitation. Our sample
also consisted exclusively of patients with minor stroke, which may have facilitated the identification of subtle
regional effects as opposed to global ones. However, this could also limit the generalizability of our findings, as
compensatory mechanisms in minor stroke cases may obscure more meaningful results.

Our findings demonstrate a correlation between neurological symptoms observed during the acute phase of stroke
and resting-state functional brain networks. This suggests that analysis of resting-state brain networks can provide
a foundation for predicting, prognosis and tailoring rehabilitation strategies after stroke. Damage resulting from
disruption in neural networks is observed as a loss of voluntary movement control, impaired communication
within the musculoskeletal system, or maladaptive neuroplasticity, which is often characterized by spasticity. The
strong correlation between disruption of resting - state networks and the onset of motor impairment in the acute
phase of stroke aligns with findings from previous research, underscoring the importance of further investigation
into the role of resting - state networks. Assessing brain networks at rest in stroke patients may improve the
prediction of motor deficits and inform more effective rehabilitation strategies. Both behavioral correlations and
the degree of connectivity loss between primary motor cortices are frequently used as specific biomarkers for the
severity of motor impairment and the extent of corticospinal tract damage .
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