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Abstract:

Background Stroke leads to complex chronic structural and functional brain changes that
specifically affect motor outcomes. The brain-predicted age difference (brain-PAD) has
emerged as a sensitive biomarker. Our previous study showed higher global brain-PAD
associated with poorer motor function post-stroke. However, the relationship between local

stroke lesion load, regional brain age, and motor impairment remains unclear.

Methods We studied 501 individuals with chronic unilateral stroke (>180 days post-stroke)
from the ENIGMA Stroke Recovery Working Group dataset (34 cohorts). Structural T1-
weighted MRI scans were used to estimate regional brain-PAD in 18 predefined functional
subregions via a graph convolutional network algorithm. Lesion load for each region was
calculated based on lesion overlap. Linear mixed-effects models assessed associations
between lesion size, local lesion load, and regional brain-PAD. Machine learning classifiers
predicted motor outcomes using lesion loads and regional brain-PADs. Structural equation
modeling examined directional relationships among corticospinal tract lesion load (CST-LL),

ipsilesional brain-PAD, motor outcomes, and contralesional brain-PAD.

Findings Larger total lesion size was positively associated with higher ipsilesional regiona
brain-PADs (older brain age) across most regions (p1<710.05), and with lower contralesiona
brain-PAD, notably in the ventral attention-language network (pr1<r0.05). Higher local
lesion loads showed similar patterns. Specifically, lesion load in the salience network
significantly influenced regiona brain-PADs across both hemispheres. Machine learning
models identified CST-LL, salience network lesion load, and regional brain-PAD in the
contralesional frontoparietal network as the top three predictors of motor outcomes.
Structural equation modeling revealed that larger stroke damage was associated with poorer
motor outcomes (BJ=[-0.355, p1<J0.001), which were further linked to younger
contralesional brain age (3 1=10.204, p[1<[10.001), suggesting that severe motor impairment

is linked to compensatory decreases in contralesional brain age.

Interpretation Our findings reveal that larger stroke lesions are associated with accelerated
aging in the ipsilesional hemisphere and paradoxically decelerated brain aging in the
contralesional hemisphere, suggesting compensatory neural mechanisms. Assessing regional
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brain age may serve as a biomarker for neuroplasticity and inform targeted interventions to

enhance motor recovery after stroke.
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I ntroduction

Stroke induces complex and distinct structural and functional changes in the brain different
brain regions and networks." Total and regional brain volumes rapidly decline within the first
year post-stroke, beyond the atrophy rates observed in normal aging.? Disruptions to white
matter integrity, especially in the corticospinal tract and corpus callosum,* strongly predict
motor impairment at chronic timepoints. Moreover, patients with stroke often exhibit
increased complexity in functional connectivity compared to healthy controls, suggesting
compensatory mechanisms and neural reorganization to overcome damaged connections.”
Importantly, in chronic stroke, brain changes may result from lesion-induced damage or use-
dependent reorganization supporting adaptive behaviors.® Quantifying regional variations in
these changes could identify precise neural biomarkers or therapeutic targets to enhance
rehabilitation and understand neuroplasticity after stroke.

Brain age estimation, based on neuroimaging features, offers a promising approach to
quantify regional structural changes of post-stroke.”® The brain-predicted age difference
(brain-PAD)—the difference between predicted brain age and chronological age—has
emerged as a sensitive biomarker, with higher global brain-PAD associated with poorer post-
stroke motor outcomes.’ However, global brain age lacks specificity. Investigating regional
brain age may provide more granular insights into patterns of secondary stroke damage
across the ipsilesional and contralesional hemispheres. This approach could revea how
undamaged brain areas compensate for damaged regions, identifying neura targets for
interventions aimed at slowing accelerated aging processes and improving recovery, such as
targeted drug treatments or non-invasive brain stimulation for personalized stroke
rehabilitation strategies, particularly in chronic stroke.™

In this study, we examined the relationship between focal stroke damage, motor
outcomes, and regional brain age in individuals with chronic stroke. We employed a graph
convolutional network (GCN) algorithm to estimate regional brain-PAD using cortical
features of predefined functiona subregions. We hypothesized that higher focal lesion
damage would be strongly associated with older regional brain ages in the ipsilesional
hemisphere and worse functional outcomes. Additionally, previous literature has
demonstrated greater contralesional hemisphere activity in severe stroke cases.™"**** Thus,
we hypothesized that both higher ipsilesional regional brain-PAD and lower contralesional
regional brain-PAD would be important features in predicting better motor outcomes. Finally,

to assess directional relationships, we performed mediation analysis to examine whether and
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how ipsilesional brain age may mediate the relationship between lesion damage and motor

outcomes, and, subsequently, how motor outcomes may impact contralesional brain age.

Materials and M ethods:

Participants

We analyzed data from two sets of participants for algorithm development and analysis,
respectively.

The regional brain age prediction algorithm, as described previously,** was trained on
a subset of data from the UK Biobank database, a large-scale biomedical repository
containing genetic, imaging, and health information from over 500,000 individuals in the
United Kingdom.™ Briefly, we included participants with MRI brain imaging who were non-
Hispanic white and excluded any subjects with self-reported or hospital-recorded history of
any neurological disorders, resulting in 17,791 individuals (52.7% female, mean age 63.2 +
7.4 years) for algorithm development.

We then used the ENIGMA Stroke Recovery Working Group dataset of individuals
with stroke, a multi-site repository containing retrospective studies of neuroimaging data,
demographic information, and functional outcome measures.’® Data were frozen for this
analysis on June 23, 2023. We included any subjects who had a motor outcome measure who
were defined to be in the chronic stage of stroke recovery (180 days or more since stroke),*’
had a chronological age of 45 years or older, had the presence of lesion in only one
hemisphere (i.e., unilateral lesion), and who had a successful extraction of cortical thickness
(Fig. 1).

The collection of ENIGMA stroke data followed the Declaration of Helsinki and was
approved by local ethics boards at each respective institute. All participants provide written
informed consent for the study. This study was approved by the Institutional Review Board
(IRB# 00002881) at the University of Southern California Health Science Campus. The UKB
data used for our study was anonymous and deidentified, exempting the study from the

requirement of obtaining informed consent.

Behavioral Data

Due to the heterogeneity of motor outcomes recorded by each site in the ENIGMA stroke

dataset, we harmonized different motor outcome measures (Supplementary Table 1). As done
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previously, we defined a primary motor outcome score based on the maximum possible score
for each measure."®*®'® A score of 1.0 indicates no impairment and 0.0 indicates severe

impai rment.

MRI Data Processing
MRI scan parameters for UK Biobank. 3D T1-weighted images were acquired from the UK

Biobank dataset. The imaging parameters include an inversion time of 880 ms, a repetition
time of 2000 ms, an echo time of 2.01 ms, a1 mm isotropic voxel size, a matrix size of 208 x
256 x 256, and a SENSE factor of 2.%°

Stroke imaging parameters. A full description about the acquisition of high-resolution
T1-weighted images in the stroke dataset has been reported elsewhere.'® Briefly, imaging was
acquired according to standardized protocols such as the Human Connectome Project or
Alzheimer’s Disease Neuroimaging Initiative. Since protocols vary across sites, images were
visually inspected for quality control prior to further processing, as well as after each
processing step.

Image processing. All T1-weighted images in both the UK Biobank dataset and the
ENIGMA Stroke dataset were processed using a modified CIVET pipeline to extract cortical
morphometry  features  (http://www.bic.mni.mcoill.ca/ServicesSoftware/CIVET).?  The

reconstructed surfaces consisted of 40,962 vertices in each hemisphere. Cortical thickness
measurements were obtained by computing the Euclidean distance between the vertices of
the inner cortical surface and the corresponding vertices of the outer cortical surface. The
GM/WM intensity ratio was extracted based on the inner surface information.®® Further
methodological details are provided in Supplementary Method 1.

Atlas generation. The cortical surface was partitioned into 9 functional subregions as
defined by Yeo et al. (Fig. 2). The subregions include the sensorimotor, frontoparietal,
dorsal attention, ventral attention with language, default mode, salience, auditory, visual, and
limbic networks. Since we intended to study the brain age of the ipsilesona and
contralesional hemispheres, the 9 functional subregions were further divided into left and
right hemispheres, for atotal of 18 regions of interest (ROIs). We provided details of this part
in Supplementary Method 2.
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Lesion Analysis

Stroke lesions were manually segmented by trained research team members, based on a
previously published protocol.®* Each 3D T1-weighted image and lesion mask in the stroke
dataset was co-registered to MNI space using linear and nonlinear transformations generated
by the CIVET pipeline as described previously.*

To quantify focal lesion damage for the 18 ROIs, we calculated lesion load, which is
measured by dividing the volume of the overlap between the lesion and each ROI by the
respective ROI volume. We also calculated a corticospinal tract (CST) lesion load (CST-LL)
using a publicly available CST template that includes primary and higher order sensorimotor
regions.® The CST is recognized as an important predictor of motor outcome due to its
importance as a motor pathway in the nervous system. ** By including CST-LL in our model,
we were able to assess the influence of local lesion loads of each ROI on motor outcomes,

independent of CST-LL on motor outcome.

Regional Brain Age Prediction

We developed an in-house regional brain age prediction model using graph
convolutional networks (GCNs),® trained on the UK Biobank dataset (Fig. 3). The model
utilized cortical thickness and GM/WM intensity ratio at each vertex as features (Fig. 3A).
Vertices and their connections were defined as nodes and edges in the graph structure,
respectively Signals at each node were projected into the spectral domain via graph Fourier
transform, filtered, and then projected back into the spatial domain.* The GCN architecture
included a graph convolutional layer, rectified linear unit activation, graph max pooling, and
a fully connected layer for prediction (Fig. 3B). Five-fold cross-validation was performed,
and an ensemble of the five models was used to improve the prediction performance on the
target dataset. Detailed model architecture and training procedures are provided in the
Supplementary Method 3.

Brain Predicted Age Difference (Brain-PAD) Analysis
Brain-PAD was calculated as the difference between the predicted brain age and the

chronological age of the individual. A higher, positive brain-PAD is indicative of an older-
appearing brain, whereas a lower, negative brain-PAD is indicative of a younger-appearing
brain. Regional brain-PAD is defined as the brain-PAD obtained from a particular functional

subregion, or ROI. To mitigate the regression dilution bias observed with brain-PAD, we
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employed the linear trend removal method proposed by Smith et a.*" This adjustment
ensures that brain-PAD reflects the relative brain health status of individuals, independent of
their age.

Statistical Analysis

We first investigated the relationship between regional brain-PAD and total lesion volume.
Linear mixed-effects models were employed with each regional brain-PAD as the dependent
variable, total lesion volume as the independent variable, age at scan time, sex, and days
since stroke as covariates and cohort as a random effect.

Next, we investigated the relationship between lesion load of each ROI, including
CST-LL, and regional brain-PAD using linear mixed-effects models, with lesion load as the
dependent variable, regional brain-PAD as the independent variable, and the same covariates
and random effects as above. To focus on relationships between each lesion load and regional
brain-PAD, we included mean regional brain-PAD as an additional covariate to account for
overall brain aging patterns. For both analyses, if a lesion load was greater than 20% of the
total volume of a ROI for which brain-PAD was computed, we excluded that regional brain-
PAD from our analysis. This 20% cut-off was determined empirically to avoid potentially
false brain age predictions due to lesions encroaching on the region. False discovery rate
(FDR) correction was applied to account for multiple comparisons.

We then predicted motor outcomes using different machine learning methods: random
forest,® gradient boosting,* AdaBoost,** and X GBoost.* Based on previous literatures,”*® A
threshold of 0.636 was used to categorize motor outcomes into good (mild to no impairment;
n_/=11278) and poor (moderate to severe impairment; nl_=1223). Performance metrics such
as accuracy and area under the curve (AUC) were used to evaluate the predictive quality of
each method. Input features for these methods included local lesion loads, CST-LL, regiona
brain-PAD, age at scan time, sex, days since stroke, and ICV. The goal of this prediction was
to determine the impact of each feature on motor outcomes. To do this, we calculated the
Gini index, which estimates the impurity, or the probability of incorrectly labeling a
randomly chosen element in the dataset, at each node of the decision tree. A Gini index of O
suggests complete purity (i.e., only one label in the set), whereas a Gini index of 0.5 suggests
complete impurity (i.e., equally likely to obtain both labels in the set). To establish feature
importance, we determined how much each feature increased the purity by decreasing the

Gini index. In other words, the features with the highest importance contributed to the
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greatest magnitude decrease in the Gini index, which we refer to as the feature importance
score. To derive a statistically robust importance score, we performed bootstrapping with
5,000 iterations where the dataset was randomly divided into training and test sets with 8:2
splits. We examined the mean and standard deviation of the feature importance scores
obtained in the 5000-iteration bootstrap.

In our final analysis, we examined directionality within the relationships between
CST-LLs, regional brain-PADs, and motor scores using structural equation modeling (SEM).
Based on our hypotheses, we evaluated the mediating effects of ipsilesional regional brain-
PAD and motor impairment severity on mean contralesional regional brain-PAD. Models
were fitted to all data by an optimizer with a Wishart log likelihood, and model fit was
assessed using a chi-squared distribution, comparative fit index (CFl), root mean square error
of approximation (RMSEA), and adjusted goodness-of-fit index (AGFI). Implementation
details for all models are available in Supplementary Method 4.

Results

As of June 23, 2023, the ENIGMA Stroke Recovery Working Group dataset contained data
from 883 patients who matched our initial eligibility criteria. Cross-sectional data from 501
individuals with stroke from 34 cohorts across 10 countries met the final eligibility criteria
and were included in this analysis. There were 318 male, 162 female, and 21 unknown sex
patients, with a median age of 63 years (interquartile range [IQR] 14 years). Stroke severity
(i.e., primary sensorimotor score) ranged from O to 1 (median 0.6516, IQR 0.4916). Days
after stroke ranged from 180 to 8,915 days (median 704 days, IQR 1,259 days). Lesion
volume ranged from 0.013 to 339.64 mL (median 7.35 mL, IQR 49.04 mL) and a lesion
overlap map was produced (Supplemental Fig. 1).

Using the UK Biobank dataset, we assessed the performance of the brain age
prediction models for each region of interest (ROI). The mean absolute errors (MAE) ranged
from 2.94 to 3.13 years, and correlation coefficients (R-values) ranged from 0.88 to 0.90,
indicating robust predictive performance across all models (Table 1).
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Larger total stroke lesion size is positively correlated with higher

ipsilateral regional brain-PADs

We first examined the relationship between total stroke lesion size and regional brain-PAD of
the 18 functional ROIs (Table 2). Larger total lesion size was positively correlated with
regional brain-PADs for all ipsilesona ROIs except for the auditory and visual networks
(FDR-corrected p-value < 0.05). Larger total lesion size was negatively correlated with brain-
PAD in the contralesional ventral attention-language network ROI (FDR-corrected p-value <
0.05). No significant associations were observed between total lesion size and other

contralesional ROIs.

Higher local lesion load is correlated with higher ipsilesional and

lower contralesional regional brain-PADs

The second analysis examined the relationship between regional brain-PAD and local lesion
loads of the 18 functional networks, as well as the CST-LL (Fig. 4). Higher local lesion loads
were correlated with higher ipsilesional regiona brain-PAD and lower contralesiona
regional brain-PAD. Regional brain-PADs of the ipsilesional FPN, default mode, salience,
and visua networks, as well as the contralesional FPN, dorsal attention, ventral attention-
language, and salience networks were associated with at least three lesion load metrics each.
Notably, higher lesion loads in the salience network showed widespread significant
associations in regional brain-PADs across both ipsilesional (sensorimotor, FPN, ventral
attention-language, default mode, and visual networks) and contralesional (FPN, dorsal
attention, ventral attention-language, default mode, salience, and auditory networks)

hemispheres.

Regional brain-PAD of contralesional networks and local lesion

loads have the highest importancein predicting motor outcome

We evaluated features important for predicting motor outcome. The random forest method
showed the most robust performance in terms of both accuracy (median: 0.6634) and AUC
(median: 0.6572) and was used to evaluate the importance of all input features
(Supplementary Table 2). The top three predictive features based on mean importance scores
were CST-LL (mean importance score [MIS]71=710.0646), salience network lesion load
(M1ST1=710.0593), and contralesonal FPN bran-PAD (MIST1=10.0491) (Figure 5).
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Importantly, only contralesiona—and not ipsilesional—regional brain-PADs were
significant predictors of motor outcomes, with younger contralesional brain-PAD associated

with worse motor impairment.

Motor outcomes mediate the impact of CST-LL on mean

contralesional regional brain-PAD
We employed structural equation modeling (SEM) to examine the directiona

relationships among CST-LL, motor outcomes, mean contralesional brain-PAD, and
ipsilesiona brain-PAD (Fig. 6). The SEM model had acceptable model fit indices:
¥?/df=0.99, »* p-value = 0.3717, CFI=1.00, RMSEA=0.00, and AGFI=0.95.2% Higher
CST-LL was directly associated with worse motor outcomes (B11=11-0.355, pL/<_/0.001)
and higher ipsilesional brain-PAD (3L =110.262, pLI<[_0.001). Elevated ipsilesiona brain-
PAD was directly associated with worse motor outcomes (L/=_-0.102, pL.<J0.05) and
higher contralesional brain-PAD (older brain aging; f/=110.213, pL_<[J0.001). Worse motor
outcomes were directly associated with lower contralesional brain-PAD (younger brain aging;
B = 0.204, p-vaue < 0.001). These results suggest that motor outcome mediate the impact of
CST-LL on the contralesional brain-PAD. Higher CST-LL contributed to lower
contralesional brain-PAD via its association with motor outcomes (indirect effectl = /—
0.072), whereas higher CST-LL was associated with lower motor outcome scores through its
effect on ipsilesional brain-PAD (indirect effect = -0.028).

Discussion

In this study, we demonstrate a complex relationship between total and focal lesion damage,
regional brain age measures, and motor outcomes in patients with chronic unilateral stroke.
We found that larger total lesion sizes and higher local lesion loads were associated with
higher ipsilesional brain-PADs and lower contralesional brain-PADs. Notably, lesion load in
the salience network significantly influenced regional brain-PADs across both hemispheres.
Additionally, CST-LL, lesion load in the salience network, and regiona brain-PAD in the
contralesional FPN network emerged as the most significant predictors of motor outcomes.
We also found that higher CST-LL was associated with older ipsilesional brain-PADs and

worse motor impairment, consistent with a previous study®. Interestingly, more severe motor
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impairment was associated with younger contralesional brain-PADs, suggesting that motor
impairment may drive compensatory changes in the contralesional hemisphere.

Our regiona brain age model confirmed our hypothesis that in unilateral chronic
stroke, larger stroke volumes and higher lesion loads were associated with higher brain-PADs
in ipsilesiona brain regions. Conversely, higher lesion loads were associated with lower
brain-PADs in contralesional regions. Since mean regional brain age was included in the
model, these findings indicate region-specific patterns independent of overall brain aging
patterns. This shows that regional brain age is sensitive to focal and network-specific damage
following stroke in ways that global brain age may not fully capture.

Lesion overlap with critical brain regions are one of the most important features in
predicting motor outcomes after stroke. The most important feature in our prediction models
was the CST-LL, as expected based on prior literature.>* Interestingly, the second most
important feature was lesion load of the salience network. Lesion load in the salience network
was strongly associated with older ipsilesional brain-PADs and younger contralesional brain-
PADs in amost all regions. Damage to the salience network disrupts connections with other
functional networks like the default mode network and FPN.*" Given that imbalances in the
salience network have been linked to cognitive and neuropsychiatric disorders,*® future
studies could assess relationships between damage to the salience network, cognitive and
emotional dysfunction, and motor impairment following stroke.

Following the lesion load features, the next most important feature to predict motor
outcome was younger contralesional brain-PAD in the FPN. The FPN modulates activity of
other brain networks like the default mode network, thus playing an important role in

cognition and motor control.*

Importantly, increased activity and connectivity in
contralesional FPN structures have been observed during the subacute and chronic stages of
stroke, promoting recovery of motor function.®*>! Further studies could elucidate whether the
FPN is astrong target for neuromodulation to improve motor outcomes following stroke.

Intriguingly, among the 20 significant motor outcome predictors, eight were younger
contralesional brain-PADs, and none were ipsilesional brain-PADs, suggesting that
decelerated aging in the contralesional hemisphere may occur in response to severe motor
impairment. One explanation is increased reliance on the non-paretic side, leading to
enhanced connectivity in the contralesional hemisphere controlling it.>? Such changes might
manifest as a younger brain-PAD in our study.”® Alternatively, severe impairment may
necessitate more widespread brain activation in both hemispheres during paretic limb use.™

54,55,56

This recruitment may occur via the corpus callosum, may compensate for damaged
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ipsilesional tissue. Future studies should use longitudinal designs to investigate the time
course of regional brain age changes and their causal relationship with motor outcomes.

In the absence of longitudinal data, we used structural equation modeling (SEM) with
cross-sectional data to investigate possible directional relationships between regional brain
changes and motor outcomes. We found that motor impairment mediated the relationship
between CST damage, ipsilesional brain age, and regional brain age in the contralesional
hemisphere. CST damage and increased brain age are thought to be measures of primary
(focal) damage and secondary atrophy due to stroke, respectively; as CST damage and
ipsilesional brain age increased, we observed worse motor outcomes. In turn, we found that
worse motor outcomes result in younger mean contralesional regional brain age, which is
consistent with our hypotheses and may suggest that the brain utilizes contralesional regions
to compensate for severe motor impairment. Importantly, these findings demonstrate the
complex, bidirectional nature of the relationship between brain aging and motor impai rment
after stroke, as ipsilesiona brain age impacts motor outcomes, which then drive changes in
contralesional brain age.

A limitation of this work is its cross-sectional design and focus on the chronic phase
(>180 days post-stroke). Future research should examine brain age from acute stages onward
to understand when the relationship between contralesional brain age and motor outcomes is
strongest, potentially identifying optimal windows for intervention. Additionaly,
investigating the relationship between contralesional brain age and non-paretic limb usage,
possibly using wearable sensors, could enhance our understanding of how behavioral
adaptations influence regional brain aging.

Our findings emphasize the importance of assessing regional brain age as a sensitive
biomarker for neuroplasticity and motor recovery after stroke. The observed accelerated
aging in ipsilesional regions and paradoxically younger brain age in contralesional regions
suggest different roles for each hemisphere in response to stroke-induced damage. Targeting
specific neural networks, such as the contralesional FPN and salience network, may hold
promise for developing personalized rehabilitation strategies aimed at enhancing motor

recovery.

Data sharing

UK Biobank data is avalable by request to the UK Biobank group
(https://www.ukbiobank.ac.uk/enable-your-research/apply-for-access). ENIGMA  Stroke
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Recovery data is avalable by request to the ENIGMA Stroke Recovery group

(https://enigma.ini.usc.edu/ongoing/enigma-stroke-recovery/), subject to local Pl approval

and compliance with al relevant regulatory boards.

Acknowledgements

G. Park was supported by Michea J Fox Foundation (MJFF) - The Parkinson's Progression
Markers Initiative (PPMI1) #MJFF-023385. M. Khan and S.-L. Liew were supported by the
National Institutes of Health (NIH) grant RO1 NS115845. L. Boyd was supported by
Canadian Institutes of Health Research (CIHR) Operating grants (MOP-130269; MOP-
106651) and Project grant (PTJ-148535) Pl L.A.B. A. Brodtmann was supported by a
National Health and Medical Research Council project grant GNT1020526, the Australian
Brain Foundation, Wicking Trust, Collie Trust, and Sidney and Fiona Myer Family
Foundation, as well as fellowships from the National Heart Foundation 100784 and 104748.
C. Buetefisch was supported by NIH grant (ROINS090677). A. B. Conforto was supported
by Hospital Israelita Albert Einstein 2250-14, and NIH RO1INS076348-01. N. Egorova-
Brumley was supported by the Australian Research Council Future Fellowship FT230100235.
F. Geranmayeh was supported by the Wellcome Trust (093957), and partly supported by the
National Institute for Health Research (NIHR) Imperial Biomedical Research Centre. C. A.
Hanlon was supported by NIH/National Institute of General Medical Sciences (NIGMYS)
grant (P20GM109040). S. Kautz was supported by NIH grant GM109040. K. Revill was
supported by NIH grant (ROINS090677). N. J. Seo was supported by grants from the
NIH/National Institute of Child Health and Human Development (NICHD) (RO1HD094731)
and NIH/NIGMS (P20GM109040). S. Soekadar was supported by European Research
Council (ERC NGBMI 759370), Deutsche Forschungsgemeinschaft (DFG) grant SO 932/7-1.
G. Thielman was supported by the REACT PFilot Grant sub-award for "The effect of
transcranial direct current stimulation (tDCS) on upper extremity use following a Cerebral
Vascular Accident (CVA)" and the National Resource Center for High-Impact Clinical Trials
in Medical Rehabilitation: Pilot Projects Component 2019-2021, Primary Investigator. D.
Vecchio was supported by RC-24. L. T. Westlye was supported by the Research Council of
Norway [249795, 248238], the South-Eastern Norway Regiona Health Authority [2014097,
2015044, 2015073, 2018037, 2018076, 2019107, 2020086], the Norwegian Extra Foundation
for Health and Rehabilitation [2015/ FO5146], Sunnaas Rehabilitation Hospital HT, and the
Department of Psychology, University of Oslo. L.T. Westlye performed this work on the


https://doi.org/10.1101/2024.10.26.24316190
http://creativecommons.org/licenses/by-nc-nd/4.0/

medRxiv preprint doi: https://doi.org/10.1101/2024.10.26.24316190; this version posted October 28, 2024. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity.
It is made available under a CC-BY-NC-ND 4.0 International license .

Services for sensitive data (TSD), University of Oslo, Norway, with resources provided by
UNINETT Sigma2 - the National Infrastructure for High-Performance Computing and Data
Storage in Norway. G. F. Wittenberg was supported by grants from the VA Rehabilitation
Research and Development program and the NIH/National Institute of Neurological
Disorders and Stroke (NINDS). H. Kim was supported by NIH grant (#U01 AG024904).

Competing Interests

S. C. Cramer is a consultant for Constant Therapeutics, BrainQ, Myomo, MicroTransponder,
Panaxium, Beren Therapeutics, Medtronic, Stream Biomedical, NeuroTrauma Sciences, and
TRCare; C. A. Hanlon served as a consultant to MagStim, Roswell Park Cancer Insitute, and
is an employee of BrainsWay; G. F. Wittenberg serves on the medical advisory boards for
Myomo and Neurolnnovators, The other authors report no disclosures relevant to the

manuscript.

References

1. Schlemm E, Schulz R, Bonstrup M, et al. Structural brain networks and functional motor
outcome after stroke—a prospective cohort study. Brain Commun. 2020;2(1):fcaa001.
doi:10.1093/braincomms/fcaa001

2. Brodtmann A, Khlif MS, Egorova N, Veldsman M, Bird LJ, Werden E. Dynamic Regional
Brain Atrophy Rates in the First Year After Ischemic Stroke. Stroke. 2020;51(9):e183-
€192. doi:10.1161/STROK EAHA.120.030256

3. Paul T, Wiemer VM, Hensel L, et a. Interhemispheric Structural Connectivity Underlies
Motor Recovery after Stroke. Ann Neurol. 2023;94(4):785-797. doi:10.1002/ana.26737

4. Pinter D, Gattringer T, Fandler-Hofler S, et a. Early Progressive Changes in White Matter
Integrity Are Associated with Stroke Recovery. Trand Stroke Res. 2020;11(6):1264-1272.
doi:10.1007/s12975-020-00797-x

5.Li W, Li Y, Zhu W, Chen X. Changesin brain functional network connectivity after stroke.
Neural Regen Res. 2014;9(1):51-60. doi:10.4103/1673-5374.125330

6. Kata S, Maeda M, Katsuyama S, et a. Cortical reorganization correlates with motor
recovery after low-frequency repetitive transcranial magnetic stimulation combined with
occupational therapy in chronic subcortical stroke patients. Neuroimage Rep.
2023;3(1):100156. doi:10.1016/j.ynirp.2023.100156


https://doi.org/10.1101/2024.10.26.24316190
http://creativecommons.org/licenses/by-nc-nd/4.0/

medRxiv preprint doi: https://doi.org/10.1101/2024.10.26.24316190; this version posted October 28, 2024. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity.
It is made available under a CC-BY-NC-ND 4.0 International license .

7. Han LKM, Dinga R, Hahn T, et al. Brain aging in maor depressive disorder: results from
the ENIGMA maor depressive disorder working group. Mol Psychiatry.
2021;26(9):5124-5139. doi:10.1038/s41380-020-0754-0

8. Jonsson BA, Bjornsdottir G, Thorgeirsson TE, et a. Brain age prediction using deep
learning uncovers associated sequence variants. Nat Commun. 2019;10(1):54009.
doi:10.1038/s41467-019-13163-9

9. Liew SL, Schweighofer N, Cole JH, et al. Association of Brain Age, Lesion Volume, and
Functional Outcome in Patients With Stroke. Neurology. 2023;100(20):€2103-e2113.
doi:10.1212/WNL.0000000000207219

10. Buetefisch CM. Role of the Contralesional Hemisphere in Post-Stroke Recovery of
Upper Extremity Motor Function. Front Neurol. 2015;6. doi:10.3389/fneur.2015.00214

11. Bradnam LV, Stinear CM, Barber PA, Byblow WD. Contralesional Hemisphere Control
of the Proxima Paretic Upper Limb following Stroke. Cereb Cortex N Y NY.
2012;22(11):2662-2671. doi:10.1093/cercor/bhr344

12. Ward NS, Brown MM, Thompson AJ, Frackowiak RSJ. Neura correlates of outcome
after stroke: a cross_sectiona fMRI study. Brain. 2003;126(6):1430-1448.
doi:10.1093/brain/awgl145

13. Schaechter JD, Perdue KL. Enhanced Cortica Activation in the Contralesional
Hemisphere of Chronic Stroke Patients in Response to Motor Skill Challenge. Cereb
Cortex. 2008;18(3):638-647. doi:10.1093/cercor/bhm096

14. Kang SH, Liu M, Park G, et al. Different effects of cardiometabolic syndrome on brain
age in relation to gender and ethnicity. Alzheimers Res Ther. 2023;15(1):68.
doi:10.1186/s13195-023-01215-8

15. Sudlow C, Galacher J, Allen N, et a. UK Biobank: An Open Access Resource for
Identifying the Causes of a Wide Range of Complex Diseases of Middle and Old Age.
PLOS Med. 2015;12(3):€1001779. doi:10.1371/journal.pmed.1001779

16. Liew SL, Zavaliangos-Petropulu A, Jahanshad N, et al. The ENIGMA Stroke Recovery
Working Group: Big data neuroimaging to study brain-behavior relationships after stroke.
Hum Brain Mapp. 2022;43(1):129-148. doi:10.1002/hbm.25015

17. Bernhardt J, Hayward KS, Kwakkel G, et al. Agreed definitions and a shared vision for
new standards in stroke recovery research: The Stroke Recovery and Rehabilitation
Roundtable taskforce. Int J Stroke Off J Int Sroke Soc. 2017;12(5):444-450.
doi:10.1177/1747493017711816


https://doi.org/10.1101/2024.10.26.24316190
http://creativecommons.org/licenses/by-nc-nd/4.0/

medRxiv preprint doi: https://doi.org/10.1101/2024.10.26.24316190; this version posted October 28, 2024. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity.
It is made available under a CC-BY-NC-ND 4.0 International license .

18. Liew SL, Zavaliangos-Petropulu A, Schweighofer N, et al. Smaller spared subcortical
nuclei are associated with worse post-stroke sensorimotor outcomes in 28 cohorts
worldwide. Brain Commun. 2021;3(4):fcab254. doi:10.1093/braincomms/fcab254

19. Ferris JK, Lo BP, Barisano G, et a. Modulation of the Association Between
Corticospina Tract Damage and Outcome After Stroke by White Matter Hyperintensities.
Neurology. 2024;102(10):€209387. doi:10.1212/WNL.0000000000209387

20. Miller KL, Alfaro-Almagro F, Bangerter NK, et a. Multimodal population brain imaging
in the UK Biobank prospective epidemiological study. Nat Neurosci. 2016;19(11):1523-
1536. doi:10.1038/nn.4393

21. Ad-Dab’bagh Y, Lyttelton O, Muehlboeck JS, et al. The CIVET Image-Processing
Environment: A Fully Automated Compr ehensive Pipeline for Anatomical Neuroimaging
Research.; 2006.

22. Sled JG, Zijdenbos AP, Evans AC. A nonparametric method for automatic correction of
intensity nonuniformity in MRI data. |IEEE Trans Med Imaging. 1998;17(1):87-97.
doi:10.1109/42.668698

23. Smith SM. Fast robust automated brain extraction. Hum Brain Mapp. 2002;17(3):143-
155. doi:10.1002/hbm.10062

24. Callins DL, Neelin P, Peters TM, Evans AC. Automatic 3D intersubject registration of
MR volumetric data in standardized Taairach space. J Comput Assist Tomogr.
1994;18(2):192-205.

25. Zijdenbos A, Forghani R, Evans A. Automatic quantification of MS lesions in 3D MRI
brain data sets: Validation of INSECT. In: Wells WM, Colchester A, Delp S, eds.
Medical Image Computing and Computer-Assisted Intervention — MICCAI’ 98. Springer;
1998:439-448. doi:10.1007/BFb0056229

26. Tohka J, Zijdenbos A, Evans A. Fast and robust parameter estimation for statistical
partidl  volume models in brain MRI. Neurolmage. 2004;23(1):84-97.
doi:10.1016/j.neuroi mage.2004.05.007

27. Kim JS, Singh V, Lee JK, et a. Automated 3-D extraction and evaluation of the inner and
outer cortical surfaces using a Laplacian map and partial volume effect classification.
Neurolmage. 2005;27(1):210-221. doi:10.1016/j.neuroi mage.2005.03.036

28. MacDonald D, Kabani N, Avis D, Evans AC. Automated 3-D extraction of inner and
outer surfaces of cerebral cortex from MRI. Neurolmage. 2000;12(3):340-356.
doi:10.1006/nimg.1999.0534


https://doi.org/10.1101/2024.10.26.24316190
http://creativecommons.org/licenses/by-nc-nd/4.0/

medRxiv preprint doi: https://doi.org/10.1101/2024.10.26.24316190; this version posted October 28, 2024. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity.
It is made available under a CC-BY-NC-ND 4.0 International license .

29. Lyttelton O, Boucher M, Robbins S, Evans A. An unbiased iterative group registration
template for cortical surface analysis. Neurolmage. 2007;34(4):1535-1544.
doi:10.1016/j.neuroimage.2006.10.041

30. Lewis JD, Evans AC, Tohka J, Brain Development Cooperative Group, Pediatric
Imaging, Neurocognition, and Genetics Study. T1 white/gray contrast as a predictor of
chronological age, and an index of cognitive performance. Neurolmage. 2018;173:341-
350. doi:10.1016/j.neuroimage.2018.02.050

31. Nachev P, Coulthard E, Jiger HR, Kennard C, Husain M. Enantiomorphic normalization
of focally lesioned brains. Neurolmage. 2008;39(3):1215-1226.
doi:10.1016/j.neurcimage.2007.10.002

32. Thomas Yeo BT, Krienen FM, Sepulcre J, et a. The organization of the human cerebral
cortex estimated by intrinsic functional connectivity. J Neurophysiol. 2011;106(3):1125-
1165. doi:10.1152/jn.00338.2011

33. Liew SL, Lo BP, Donnelly MR, et al. A large, curated, open-source stroke neuroimaging
dataset to improve lesion segmentation algorithms. Sci Data. 2022;9(1):320.
doi:10.1038/s41597-022-01401-7

34. Archer DB, Vaillancourt DE, Coombes SA. A Template and Probabilistic Atlas of the
Human Sensorimotor Tracts using Diffusion MRI. Cereb Cortex N Y N 1991.
2018;28(5):1685-1699. doi:10.1093/cercor/bhx066

35. Defferrard M, Bresson X, Vandergheynst P. Convolutional neural networks on graphs
with fast localized spectral filtering. In: Proceedings of the 30th International Conference
on Neural Information Processing Systems. NIPS' 16. Curran Associates Inc.; 2016:3844-
3852.

36. Shuman D, Narang SK, Frossard P, Ortega A, Vandergheynst P. The Emerging Field of
Signal Processing on Graphs. Extending High-Dimensional Data Analysis to Networks
and Other Irregular Domains. IEEE Sgnal Process Mag. 2012;30.
doi:10.1109/M SP.2012.2235192

37. Smith SM, Vidaurre D, Alfaro-Almagro F, Nichols TE, Miller KL. Estimation of brain
age delta from brain imaging. Neurolmage. 2019;200:528-539.
doi:10.1016/j.neuroimage.2019.06.017

38. Woytowicz EJ, Rietschel JC, Goodman RN, et a. Determining Levels of Upper
Extremity Movement Impairment by Applying Cluster Analysis to Upper Extremity
Fugl-Meyer Assessment in Chronic Stroke. Arch Phys Med Rehabil. 2017;98(3):456-462.
doi:10.1016/j.apmr.2016.06.023


https://doi.org/10.1101/2024.10.26.24316190
http://creativecommons.org/licenses/by-nc-nd/4.0/

medRxiv preprint doi: https://doi.org/10.1101/2024.10.26.24316190; this version posted October 28, 2024. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity.
It is made available under a CC-BY-NC-ND 4.0 International license .

39. Ho TK. Random decision forests. In: Proceedings of 3rd International Conference on
Document Analysis and Recognition. Vol 1. ; 1995:278-282 vol.1.
doi:10.1109/ICDAR.1995.598994

40. Friedman JH. Stochastic gradient boosting. Comput Sat Data Anal. 2002;38(4):367-378.
doi:10.1016/S0167-9473(01)00065-2

41. Zhu J, Rosset S, Zou H, Hastie T. Multi-class AdaBoost. Sat Interface. 2006;2.
doi:10.4310/S11.2009.v2.n3.a8

42. Chen T, Guestrin C. XGBoost: A Scalable Tree Boosting System. In: Proceedings of the
22nd ACM SIGKDD International Conference on Knowledge Discovery and Data
Mining. KDD '16. Association for Computing Machinery; 2016:785-794.
doi:10.1145/2939672.2939785

43. Igolkina A, Meshcheryakov G. semopy: A Python Package for Structural Equation
Modeling. Struct Equ Model Multidiscip J. 2020;27:1-12.
doi:10.1080/10705511.2019.1704289

44. Byrne BM. Sructural Equation Modeing with Mplus: Basic Concepts, Applications, and
Programming. Routledge; 2011. doi:10.4324/9780203807644

45. Hu L, Bentler PM. Cutoff criteria for fit indexes in covariance structure analysis:
Conventional criteria versus new aternatives. Struct Equ Model Multidiscip J.
1999;6(1):1-55. doi:10.1080/10705519909540118

46. Schermelleh-Engel K, Moosbrugger H, Muller H. Evaluating the Fit of Structura
Equation Models: Tests of Significance and Descriptive Goodness-of-Fit Measures.
Methods Psychol Res. 2003;8(2):23-74.

47. Jilka SR, Scott G, Ham T, et a. Damage to the Salience Network and Interactions with
the  Default Mode  Network. J  Neurosci.  2014;34(33):10798-10807.
doi:10.1523/INEUROSCI.0518-14.2014

48. Peters SK, Dunlop K, Downar J. Cortico-Striatal-Thalamic Loop Circuits of the Salience
Network: A Central Pathway in Psychiatric Disease and Treatment. Front Syst Neurosci.
2016;10:104. doi:10.3389/fnsys.2016.00104

49. Marek S, Dosenbach NUF. The frontoparietal network: function, electrophysiology, and
importance of individual precision mapping. Dialogues Clin Neurosci. 2018;20(2):133-
140.

50. Tscherpel C, Hensel L, Lemberg K, et al. The differential roles of contralesional
frontoparietal areas in cortical reorganization after stroke. Brain Stimul Basic Transl Clin
Res Neuromodul ation. 2020;13(3):614-624. doi:10.1016/j.brs.2020.01.016


https://doi.org/10.1101/2024.10.26.24316190
http://creativecommons.org/licenses/by-nc-nd/4.0/

medRxiv preprint doi: https://doi.org/10.1101/2024.10.26.24316190; this version posted October 28, 2024. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity.
It is made available under a CC-BY-NC-ND 4.0 International license .

51. Zhao Z, Wu J, Fan M, et a. Altered intra- and inter-network functional coupling of
resting-state networks associated with motor dysfunction in stroke. Hum Brain Mapp.
2018;39(8):3388-3397. doi:10.1002/hbm.24183

52. Mattos DJS, Rutlin J, Hong X, Zinn K, Shimony JS, Carter AR. White matter integrity of
contralesional and transcallosal tracts may predict response to upper limb task-specific
training in chronic stroke. Neurolmage Clin. 2021,;31:102710.
doi:10.1016/j.nicl.2021.102710

53. Tgnnesen S, Kaufmann T, de Lange AMG, et a. Brain Age Prediction Reveals Aberrant
Brain White Matter in Schizophrenia and Bipolar Disorder: A Multisample Diffusion
Tensor Imaging Study. Biol Psychiatry Cogn Neurosci Neuroimaging. 2020;5(12):1095-
1103. doi:10.1016/j.bpsc.2020.06.014

54. Varghese R, Chang B, Kim B, Liew SL, Schweighofer N, Winstein CJ. Corpus Callosal
Microstructure Predicts Bimanua Motor Performance in Chronic Stroke Survivors. a
Preliminary Cross-Sectional Study. Top Stroke Rehabil. 2023;30(6):626-634.
doi:10.1080/10749357.2022.2095085

55. Hayward KS, Ferris JK, Lohse KR, et a. Observationa Study of Neuroimaging
Biomarkers of Severe Upper Limb Impairment After Stroke. Neurology.
2022;99(4):e402-e413. doi:10.1212/WNL.0000000000200517

56. Domin M, Hordacre B, Hok P, et al. White Matter Integrity and Chronic Poststroke
Upper Limb Function. An ENIGMA Stroke Recovery Anaysis. Sroke.
2023;54(9):2438-2441. doi:10.1161/STROKEAHA.123.043713


https://doi.org/10.1101/2024.10.26.24316190
http://creativecommons.org/licenses/by-nc-nd/4.0/

medRxiv preprint doi: https://doi.org/10.1101/2024.10.26.24316190; this version posted October 28, 2024. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity.
It is made available under a CC-BY-NC-ND 4.0 International license .

Figurelegends

Figure 1. The data selection flowchart for stroke subjects. From the 883 initial subjects,
we selected 501 participants who met the following four criteria: (1) post-stroke duration of
at least 180 days, (2) chronological age of 45 years or older, (3) presence of stroke lesion on
only one side of the hemisphere (i.e., unilateral lesion), and (4) successful extraction of

cortical thickness.

Figure 2. Functional subregions used to define local stroke lesion load. We extended the
atlas defined by Yeo et a. (2011) to include white matter regions. Each voxel in the white
matter region was labeled based on a k-nearest neighbor. The subregions of interest include
the sensorimotor, frontoparietal, dorsal attention, ventral attention with language, default
mode, salience, auditory, visual, and limbic networks, and these were further divided into left

and right hemispheres to produce 18 regions of interest (ROIS).

Figure 3. Thetraining flowchart for predicting regional brain age. (A) Flowchart for data
generation to pass into graph convolutional networks (GCNs) for predicting regional brain
age. We built a cortical surface model from a 3D T1-weighted image using the CIVET
pipeline and extracted cortical thickness and gray matter (GM) to white matter (WM)
intensity ratio. The cortical surface and cortical features were divided into 18 regions of
interest (ROIs). (B) One GCN model per ROl was trained to predict regiona brain age. The
cortical surface was used to define nodes and edges for a graph structure, and cortical
features were used as signals for each node. All models have the same GCN structure, which
consists of a graph convolution, rectified linear unit for activation function, max-pooling

layer for graph pooling, and a fully connected layer. To obtain regional brain predicted age
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difference (brain-PAD), we took the difference between the predicted regional brain age and

chronological age.

Figure 4. Results of the association analysis between lesion loads and regional brain-
PAD. Each square represents the association between regional brain-PAD (x-axis) and lesion
load (y-axis). A darker red color indicates higher brain-PAD (older appearing brain), while a
darker blue color indicates lower brain-PAD (younger appearing brain). As the brain age in
lesional regions (i.e. a lesion load in the ROI for which brain-PAD was computed > 20%)
was not computed due to a potentially false brain age prediction, the correlation analyses in
the diagonal cells were not performed and colored in gray. The asterisk denotes a significant
result (p < 0.05) after False Discovery Rate (FDR) correction. Higher local stroke lesion
loads showed correlations with higher ipsilesional and lower contralesional regional brain-
PADs. Specifically, ipsilesional regional brain-PADs of FPN, default mode, salience, and
visual networks and contralesional regiona brain-PADs of FPN, dorsal attention, ventral
attention-language, and salience networks were influenced by at least 3 lesion loads. Lesion
load in the salience network showed widespread significant influence on both ipsilesional
(sensorimotor, FPN, ventral attention-language, default mode, and visual networks) and
contralesional regional brain-PAD (FPN, dorsal attention, ventral attention-language, default

mode, salience, and auditory networks).

Figure 5. Ranking of feature importance scores in predicting motor outcome based on
5,000 iterations bootstrapping of the Random Forest method. The mean and standard
deviation of the feature importance scores are shown for each predictor of motor outcome.
The color of the bars indicates whether each feature is significantly correlated with a motor
score value, indicating a positive (light red) or negative (light blue) trend. The results
highlight the top three features based on mean importance: local lesion load in the
corticospinal tract and salience network, and contralesional regional brain-PAD in the FPN.
Of the top 20 significant predictors, 8 were contralesional regional brain-PAD and none were

ipsilesional regional brain-PAD.

Figure 6. Structural equation model (SEM) to determine the reationship between CST-
LLs, regional brain-PADs, and motor scores. This model shows the significant directional

relationship between corticospinal tract lesion load (CST-LL), ipsilesional brain-PAD, mean
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contralesional regional brain-PAD, and motor outcome. The SEM model had acceptable
model fit statistics: x2/df=0.99, y2 p-value = 0.3717, CFI=1.00, RMSEA=0.00, and
AGFI=0.95. All associations in the model were statisticaly significant (p-value < 0.001)
except for the association between ipsilesional brain-PAD and motor outcome. A higher
CST-LL correlated with worse motor outcomes (f = -0.355, p-value < 0.001) and higher
ipsilateral brain-PAD (B = 0.262, p-value < 0.001). A higher ipsilesional brain-PAD
correlated with worse motor outcome ( = -0.102, p-value < 0.05) and higher mean regional
brain-PAD in contralesional networks (f = 0.213, p-value < 0.001). A worse motor outcome
correlated with lower mean regional brain-PAD of contralesional networks (f = 0.204, p-
value < 0.001). We also found that motor outcome mediated the impact of CST-LL on mean
regional brain-PAD of contralesional networks. More specifically, CST-LL directly and
negatively affected motor outcomes (direct effect=-0.355), with larger lesion load associated
with worsened motor impairment. CST-LL indirectly and negatively affected motor
outcomes through its effect on ipsilesional brain-PAD (indirect effect=-0.028). On the other
hand, CST-LL indirectly and negatively affected mean regional brain-PAD of contralesional
networks through its effect on motor outcomes (indirect effect=-0.072). Ipsilesiona brain-
PAD directly and positively affected the mean regional brain-PAD of contralesional networks
(direct effect=0.213).
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Tables

Table 1. Regional brain age prediction results of the UKB dataset.

Sensorimotor FPN Dorsal Ven-Lan Default Salience  Auditory Visual  Limbic

MAE 3.01 3.01 294 3.05 3.08 3.04 2.99 3.06 3.08
5
R-value 0.89 0.89 0.90 0.89 0.89 0.89 0.89 0.88 0.89
MAE 3.13 294 294 2.98 3.09 3.05 3.07 312 3.05
=
=
e R-value 0.88 0.90 0.90 0.89 0.89 0.89 0.89 0.88 0.89

The mean absolute error (MAE) and correlation coefficient (R-value) between predicted age
and chronological age for the brain age prediction model for each region of interest are
shown. MAES range from 2.94 to 3.13, and R-values range from 0.88 to 0.90. All models

demonstrate similar robust performancein predicting brain age.
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Table 2. Larger total strokelesion sizeis correlated with higher ipsilesional regional
brain-PAD.

Sensorimotor FPN Dorsal Ven-Lan Default Salience Auditory Visual Limbic

_ 5 0.7431 0.7690  0.5498 0.7733 0.5420 0.7159 02807 03157 0.9458

8

R

- B 0.0002* 0.0000* 0.0011*  0.0045* 0.0021*  0.0094* 0.2518  0.0285 0.0000*
a

IS & 0.0655 -0.0611  0.0030 -0.3747 -0.1306  -0.1048  -0.0598 0.0730 -0.0804

8

o

= [}

§ é 0.6978 0.7032  0.9853 0.0224* 0.4019 0.5651 07195 0.6258 0.6323
a

Bold*: FDR corrected p-value < 0.05

The beta coefficient and significance of the effect of total stroke lesion size on each region of
interest after applying FDR correction is shown. A higher total stroke lesion size was
significantly correlated with higher regional brain-PAD in all ipsilesional regions except the
auditory network and visual network and lower regional brain-PAD in only the contralesional

ventral attention-language network.
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