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Clinicians and scientists alike have long sought to predict the course and severity of chronic post-stroke cognitive and
motor outcomes, as the ability to do so would inform treatment and rehabilitation strategies. However, it remains
difficult to make accurate predictions about chronic post-stroke outcomes due, in large part, to high inter-
individual variability in recovery and a reliance on clinical heuristics rather than empirical methods. The
neuroanatomical location of a stroke is a key variable associated with long-term outcomes, and because lesion
location can be derived from routinely collected clinical neuroimaging data there is an opportunity to use this
information to make empirically based predictions about post-stroke deficits. For example, lesion location can be
compared to statistically weighted multivariate lesion-behaviour maps of neuroanatomical regions that, when
damaged, are associated with specific deficits based on aggregated outcome data from large cohorts.

Here, our goal was to evaluate whether we can leverage lesion-behaviour maps based on data from two large cohorts of
individuals with focal brain lesions to make predictions of 12-month cognitive and motor outcomes in an independent
sample of stroke patients. Further, we evaluated whether we could augment these predictions by estimating the
structural and functional networks disrupted in association with each lesion-behaviour map through the use of
structural and functional lesion network mapping, which use normative structural and functional connectivity data
from neurologically healthy individuals to elucidate lesion-associated networks. We derived these brain network
maps using the anatomical regions with the strongest association with impairment for each cognitive and motor
outcome based on lesion-behaviour map results. These peak regional findings became the ‘seeds’ to generate
networks, an approach that offers potentially greater precision compared to previously used single-lesion
approaches. Next, in an independent sample, we quantified the overlap of each lesion location with the lesion-
behaviour maps and structural and functional lesion network mapping and evaluated how much variance each
could explain in 12-month behavioural outcomes using a latent growth curve statistical model.

We found that each lesion-deficit mapping modality was able to predict a statistically significant amount of variance in
cognitive and motor outcomes. Both structural and functional lesion network maps were able to predict variance in 12-
month outcomes beyond lesion-behaviour mapping. Functional lesion network mapping performed best for the
prediction of language deficits, and structural lesion network mapping performed best for the prediction of motor
deficits. Altogether, these results support the notion that lesion location and lesion network mapping can be
combined to improve the prediction of post-stroke deficits at 12-months.
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Introduction

Patients with stroke typically present with diverse cognitive and
motor deficits; while some resolve in the days and weeks
following stroke, others persist and become permanent
disabilities.»” Clinicians and scientists alike have long sought to
predict the course and severity of chronic deficits, as accurate
predictions would inform treatment and rehabilitation strategies,
and improve the design of clinical trials. Currently, it remains
difficult to make accurate predictions due to high inter-individual
variability in recovery and a reliance on clinical judgment rather
than quantitative data.>* Thus, the development of empirical
methods to aid clinical predictions of post-stroke deficits remains
an important goal for neurology and clinical neuroscience.

Lesion location has a well-established association with
post-stroke outcomes.>™ Because the neuroanatomical location of
a stroke can be derived from structural neuroimaging that is
routinely acquired for clinical purposes in the evaluation of
stroke, there is an opportunity to leverage this information to
inform outcome predictions. Importantly, several decades of
research have refined the methods for generating accurate and
reliable statistical associations between lesion location anatomy
and behavioural deficits, an approach often referred to as
lesion-behaviour mapping (LBM).'*>*? LBM uses lesion location and
behavioural data from groups of individuals with focal brain
damage to produce statistically weighted maps of the
neuroanatomical regions that, when damaged, are associated with
specific deficits.'® Previous research has demonstrated that LBM
can be used to predict the severity of post-stroke hemiparesis,****
as well as deficits in domain-specific’ and domain-general
cognitive ability across patient cohorts.'® Here, our goal is to
evaluate whether we can leverage LBMs derived from large cohorts
of individuals with focal brain lesions tested in the chronic epoch
to make longitudinal predictions of 12-month motor and cognitive
outcomes in an independent sample of patients with imaging
acquired within 2-weeks of a new-onset stroke.

In addition to lesion location, post-stroke deficits can be
understood in light of the disruption of anatomically distributed
brain networks that extend beyond the boundaries of the lesion.
The importance of brain networks for cognitive and motor
functions has been recognized for well over a century,” and this
topic has garnered more attention in recent years with the
development of new imaging tools to investigate the remote

effects of focal lesions.®?' Several studies have performed
advanced imaging of subjects with focal brain lesions to reveal
associations between behavioural deficits and the remote
network effects of a lesion, whether measured by PET,
functional MRI, or diffusion tractography.?”>* Because these
advanced imaging modalities are not routinely collected for
clinical purposes, we and others have proposed that the network
effects of a focal lesion can be inferred using large, high quality
normative connectome data, an approach we term lesion
network mapping (LNM). Recent work has evaluated the
connectivity associated with a lesion location using normative
resting-state functional MRI data in order to localize neurological
deficits to functional brain networks, referred to here as
functional LNM.?>?¢ Similarly, diffusion-based tractography has
been used to associate deficits with damage to structural brain
networks (i.e. white matter tracts), an approach we refer to as
structural LNM.?’~2° However, it is unclear whether these inferred
network effects of brain lesions derived from healthy subjects
add value to the prediction of post-stroke deficits, with mixed
results in prior attempts.?”*>? A recent study that evaluated the
predictive power of lesion-associated networks showed better
predictive power for LBM and structural LNM, and quite limited
predictive value for functional LNM, except for visual deficits.?
One possible explanation for this finding is the use of large
lesions to seed functional connectivity analyses, which may
contain several functionally distinct regions such that signal
averaging of the blood oxygen level-dependent signal within the
lesion mask is problematic.>® Thus, it remains unknown whether
there are alternative approaches that could be used to combine
lesion location, structural LNM, and functional LNM to maximize
outcome predictions in patients with stroke.

Here, we sought to evaluate the utility of both lesion location and
lesion-associated networks for the prediction of post-stroke cognitive
and motor outcomes. Specifically, we derived lesion-behaviour maps
for different cognitive and motor outcomes from two large cohorts of
individuals with focal brain lesions. Structural and functional
networks were then derived from these lesion behaviour maps
using normative data,'®** which is a departure from prior attempts
using the lesion location from each individual subject to seed
network analyses. This LBM-guided approach to LNM avoids the
‘large lesion’ confounds described above for functional LNM and has
the potential to offer greater precision for identifying the networks
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Figure 1 Schematic of approach. Multivariate LBMs were generated from sparse canonical correlation analysis based on lesion locations (i.e. voxel
lesion status) and behavioural measurements. Data from the Iowa and NICHE cohorts were used to generate LBMs for cognitive and motor
functions, respectively. These statistically-weighted maps were used to identify seed regions-of-interest for structural and functional lesion
network mapping (LNM), which explore the structural and functional brain networks associated with regional peaks in the white and grey matter
from each LBM, respectively. Then, for each patient in the WU cohort, we summed the voxel intensities from the LBM and structural and
functional LNM results that also appeared in the patient’s lesion mask to generate lesion load scores. The 12-month post-stroke outcome for each
domain in the WU cohort was predicted from the lesion load scores. We examined the separate and combined effects of these predictors.

most causally associated with neurological deficits.>* We tested the
predictive utility of the LBMs and the structural and functional
networks derived from each LBM by examining the variance that
each could explain in the 12-month post-stroke behavioural
outcomes of an independent sample (see Fig. 1 for overview of
the study design).

Materials and methods

Participants, behavioural measures, and
neuroimaging data

All participants gave written informed consent to participate in the
studies described below, which were approved by the Institutional
Review Boards of the participating institutions. Three separate
cohorts were included. The Iowa cohort was used to derive LBMs
of cognitive outcomes. The NICHE cohort was used to derive
an LBM of motor outcomes, as motor outcomes were not collected
for the Iowa sample. Both Iowa and NICHE cohorts were tested
and imaged in the chronic epoch, 3 months or more after the
lesion onset. Lesion-behaviour mapping results from the Iowa and
NICHE cohorts were then used to make predictions of 12-month
outcomes in the Washington University (WU) cohort, which

included individuals with stroke who had imaging performed
within 2 weeks of stroke, and motor and cognitive testing
performed longitudinally within 2 weeks after stroke, 3 months
post-stroke and 12 months post-stroke.

Iowa cohort

The Iowa Neurological Patient Registry contains cognitive test data
from individuals with stable, focal brain lesions.?® Participants in
the Iowa Registrty completed a range of standardized
neuropsychological tests and neuroimaging three or more months
after lesion onset.*® We focused on the neuropsychological tests
that measure a cognitive domain that was also measured in the WU
cohort: the Boston Naming Test (a test of expressive language and
naming), the Token Test (a test of receptive language), and the
delayed recall trial from the Rey Auditory Verbal Learning Test (a
test of anterograde verbal memory). When applicable, normative
corrections were applied using meta-normative data.>” When a test
was administered more than once to the same participant, we used
the score from the administration that was the most
contemporaneous with the date of the participant’s neuroimaging
scan. See Table 1 for demographic information from the Iowa
cohort by neuropsychological test.
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Table 1 Demographic information
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Sample by Test Age (SD) Sex Education (SD) Handedness Lesion chronicity Lesion laterality
(IQR) (R/L/B)

Iowa: BNT (n=432) 56.38 (13.60)  205M/227F 13.47 (2.84) 386R/29L/17Mi  16.9 months (49.1 months) 133R/2171/82B
Iowa: Token Test (n=210) 55.00 (12.87)  110M/100F 13.46 (2.79) 187R/13L/10Mi  15.4 months (46.8 months) 32R/143L/35B
Iowa: RAVLT (n=477) 56.51(13.62)  249M/228F 13.26 (2.82) 427R/31L/19Mi  17.5 months (46.0 months) 169R/209L/99B
NICHE: Fugl-Meyer (n=103)  60.77 (11.15)  70M/33F NA 91R/8L/3Mi 9.76 months (5.0 months) 49R/541/0B
WU: BNT (n=135) 53.61(10.77)  72M/63F 13.16 (2.53) 124R/11L/0Mi 13 days (6 days) 69R/66L/0B
WU: CIM (n=135) 53.61(10.77)  72M/63F 13.16 (2.53) 124R/11L/0Mi 13 days (6 days) 69L/66R/0B
WU: HVLT (n=103) 5329 (11.22)  58M/4SF 13.33 (2.65) 94R/9L/0Mi 13 days (6 days) 471/56R/0B
WU: ARAT (n=133) 53.55(10.83)  71M/62F 13.14 (2.53) 122R/11L/0Mi 13 days (6 days) 68L/65R/0B

Lesion chronicity for the Iowa and NICHE cohorts represents the number of months between lesion onset and the behavioural data collection; lesion chronicity for the WU
cohort represents the number of days between lesion onset and the date of neuroimaging data collection; years of education were not collected for the NICHE cohort. ARAT =
Action Research Arm Test; B =bilateral; BNT = Boston Naming Test; CIM = Complex Ideational Material; F =female; HVLT = Hopkins Verbal Learning Test; IQR =interquartile

range; L =left; M =male; Mi=mixed; R=right; RAVLT = Rey Auditory Verbal Learning Test; SD = standard deviation.

The NICHE cohort included data from two sites collected as part of
the NICHE motor rehabilitation clinical trial (https:/clinicaltrials.
gov): the Burke Medical Research Institute and the Rancho Los
Amigos National Rehabilitation Center.
included: having a stroke that resulted in hemiparesis in the 3-12
months prior to enrollment (prior stroke with complete recovery
was allowed), and the ability to follow instructions. Exclusion
criteria were: fixed joint contracture at the upper limb, a history
of seizures, comorbid neurological conditions,
implanted devices. Additional details of the cohort have been
described previously.®® Prior to any rehabilitation intervention
each participant underwent baseline motor evaluation performed
by a trained clinician using the upper extremity Fugl-Meyer
assessment.>® These baseline Fugl-Meyer scores of the affected
extremity were used for LBM. A structural MRI scan was acquired
that included a magnetization-prepared rapid gradient-echo
sequence with 1 mm isotropic voxel size. Demographic data are
reported in Table 1.

Inclusion criteria

other and

The WU cohort consisted of participants with stroke who
completed a range of cognitive and motor tests. We focused on
those tests that measured a domain that was also captured in
either the Iowa cohort or the NICHE cohort: the short form of the
Boston Naming Test (a test of expressive language and naming),
the Complex Ideational Material Test (a test of receptive
language), the delayed recall trial from the Hopkins Verbal
Learning Test—Revised (a test of anterograde verbal memory),
and the Action Research Arm Test for the limb contralateral to
the lesion (a test of upper extremity motor function). Cognitive
test scores were normed as described previously;*° the raw scores
were used for the delayed recall trial of the Hopkins Verbal
Memory Test due to the bimodal distribution that was created
after norming. Imaging was performed within the first two weeks
after the stroke as described previously.** Demographic data are
reported in Table 1.

Lesions in each cohort were manually segmented in three
dimensions using MRI by a rater blind to behavioural outcome
data. In rare cases for the Iowa cohort, a CT was used if MR
contraindications were present. A total of 36, 14, and 37 CT scans

were included in the Iowa samples for the Boston Naming Test,
the Token Test, and the Rey Auditory-Verbal Learning Test,
respectively. The anatomical accuracy of each lesion tracing was
reviewed by a neurologist in both native space and upon
transformation to the MNI152 1mm template brain using a
combination of linear and non-linear registration techniques.
Additional details of lesion segmentation are provided as
Supplementary material.

Multivariate LBM was performed using the LESYMAP package
available in R.*' Specifically, LESYMAP’s sparse canonical
correlation analysis was used to generate a brain-wide map of
voxel weights that indicate the association between regions of
brain damage and behavioural outcome data.’® The sparse
canonical correlation analysis method uses an optimization
procedure to derive the pattern of voxel weights that maximizes
the multivariate correlation between voxel values and behavioural
scores. The validity of the map is determined through a 4-fold
within-sample cross validation; a model is built using 75% of the
data and then applied to the remaining 25% to generate predicted
scores, where the correlation between predicted and observed
scores is used to evaluate the ‘significance’ of the overall map. By
testing the significance of the entire map at once, rather than of
individual voxels, this approach avoids some pitfalls associated
with mass-univariate methods, such as inflated rates of false
positive errors and erroneous maps due to functions associated
with distributed brain regions.*? Prior validation studies support
the accuracy of the sparse canonical correlation analysis method
over mass univariate methods, along with improved ability to
identify multiple foci of damage associated with behavioural
deficits.’® Moreover, multivariate LBM approaches such as sparse
canonical correlation analysis are better able to mitigate the
influence of spatial distortion that is occurs due to collinear and
stereotyped spatial patterns of damage, which simulation studies
have shown can significantly affect the local and distributed
lesion-behaviour patterns.**** We excluded voxels with minimal
coverage (fewer than three lesions) as performed previously.*®**

LBM was performed for each neuropsychological test from the
Iowa cohort and for the Fugl-Meyer test from the NICHE cohort.
Each map was then used to generate predictions of behavioural
outcomes in the WU cohort (described further below).

The LBMs from the Iowa and NICHE cohorts were also used to
generate seed regions-of-interest for structural and functional
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Figure 2 LBM results and LBM-LL predictions of recovery trajectories. LBM-LL scores were calculated for each LBM and used to predict the intercept
(which represents performance at 12 months post-stroke) of the recovery trajectories of the cognitive and motor functions measured in the WU cohort.

(Continued)
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LNM analyses. First, we used FSL’s cluster function to derive the
coordinates of the local maxima within each LBM. To avoid issues
with mixing grey and white matter signals,®¢ we separated the
coordinates into atlas-defined grey and white matter.*” Five
millimetre spherical regions of interest were placed at local
maxima located within grey matter for functional LNM analyses
and within white matter for structural LNM analyses.

The resulting regions of interest in white matter were used to ‘seed’
deterministic tractography analyses using LEAD-DBS software. In
deterministic tractography, the local directions of white matter
streamlines are estimated for a sample of healthy individuals, and
local directions are combined to reconstruct white matter tracts.
We used the lead mapper function to determine the number of
white matter streamlines projecting from each seed region based
on diffusion MRI data collected from neurologically healthy
individuals included in the Human Connectome Project’'s MGH
32-fold group connectome, as performed previously.'®*® The
directions of the streamlines were not constrained to any other
region-of-interest beyond the LBM-derived seed in question (i.e.
there was no predefined end point). Thus, the resulting voxel-wise
maps represented the number of streamlines that pass through
both a given voxel and LBM-derived seed in question. We used
these voxel-wise maps to predict stroke outcomes in the WU
cohort, as described below.

Grey matter regions of interest were used to ‘seed’ resting-state
functional connectivity MRI (rs-fcMRI) analyses based on data from
a large cohort of 303 healthy adults included in the Human
Connectome Project. Processing of the rs-fcMRI data is described in
detail elsewhere.*® Briefly, participants completed two 6.2 min
rs-fcMRI scans during which they were asked to rest in the scanner
(3T, Siemens) with their eyes open (TR=3000 ms, TE=30ms, FA=
85°, 3mm voxel size, FOV =216, 47 axial slices with interleaved
acquisition and no gap). We first calculated the temporal
correlation between the average resting-state BOLD signal within
the seed region-of-interest and the BOLD signal of every voxel
within the brain. Correlation coefficients were converted to
normally distributed Z-scores using the Fisher r-to-Z
transformation. The resulting three-dimensional voxel-wise
network maps were used in generating outcome predictions in the
WU cohort, as described below, using both thresholded (95th
percentile Z-score) and unthresholded maps.>®>*

When there were three or more seeds derived from a single LBM, we
used principal components analysis (PCA) to reduce the LNM results
to their primary axes of variation. The use of PCA served to reduce
the number of separate maps that would be used to predict stroke
outcomes in the WU cohort, which helped to protect against

Figure 2 Continued
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possible issues with collinear predictors and over-fitting. We
performed PCA analyses separately for the structural and
functional LNM results. In both cases, the network maps were
read into R using ANTSsR tools (https:/github.com/ANTsX/ANTSsR).
Each network map derived from a given LBM was converted into a
vector and placed into a data frame. We then submitted that data
frame to a PCA using the prcomp function in base R. To determine
the number of principal components to retain, we used parallel
analysis as implemented in the psych package in R,>> which
compares the eigenvalues of the observed data used in the PCA to
those of a random data matrix of equivalent size. The number of
observed eigenvalues greater than those from the random data
indicated the number of principal components to retain. We then
extracted the principal component scores for each voxel using the
predict function in base R, and back-projected them into MNI152
space. We refer to these output as the principal component maps.
In order to facilitate comparisons between the structural and
functional LNM PCAs, the principal component maps from the
functional LNM results were resampled to 1 mm resolution using
ANTSR tools.

The 3D lesion volume from each WU participant was used to
predict 12-month outcomes for each domain based on each
lesion’s overlap with the LBMs and structural and functional
LNMs derived from Iowa and NICHE data. For the LBMs, this was
performed according to LESYMAP’s lesymap.predict function
(https:/github.com/dorianps/LESYMAP), which multiplies a
matrix of the raw voxel weights from the lesion-behaviour map
by a matrix of the lesion masks from the WU cohort, and then by
the eigenvalue derived from the LBM analysis in question. In
keeping with previous literature, we termed these scores LBM
lesion load (LBM-LL). The lesion’s intersection with each LNM was
also quantified as the sum of voxel intensities from a lesion
network map that also appeared within the boundaries of a given
WU patient’s lesion mask. For the network maps there was no
equivalent eigenvalue used in the LBMs. The resulting ‘lesion
load’ values are referred to as structural LNM-LL for the structural
LNMs, and functional LNM-LL for the functional LNMs (Fig. 1). We
focused on lesion load values for the PC maps where possible. For
PC maps with positive and negative values, we created two
separate lesion load values in order to avoid potential problems
with summing both positive and negative voxels into a single
score. In order to address our research question regarding the
out-of-sample predictive utility of LNM over LBM, we evaluated
the combined effect of structural LNM-LL and/or functional
LNM-LL values derived from the PC maps within a given domain
on the corresponding 12-month behavioural measurement in WU
cohort. Thus, the number of independent variables for analyses
involving LNM variables was equal to the number of network
maps in the results of the LNM analyses. Dependent variables for
these analyses are described below.

Predictions were based on the LBMs of the Boston Naming Test (A), the Token Test (B), the delayed recall of the Rey Auditory-Verbal Learning Test (C),
and the Action Research Arm Test (D). For each LBM, the ‘target test’ was the test in the WU cohort that measured the function on which the LBM was
based, and the non-target tests were all other tests. For example, the target test for the LBM of the Token Test was the WU cohort’s Complex Ideational
Material, as both tests measure receptive language abilities. In each panel, we graphically depicted the variance accounted for (i.e. intercept R? within
the model) by the target map to the average variance accounted for across the non-target maps. Error bars for the mean non-target predictions

represent the standard error of the mean.
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Figure 3 Structural lesion network mapping. White matter seeds were derived from the LBMs and submitted as seed regions-of-interest in a
deterministic fiber tractography analysis. Each LBM was associated with three or more seeds. The results were calculated for each seed and then

(Continued)
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We investigated the associations between the lesion-derived
measures and 12-month outcomes using latent growth curve
(LGC) modelling of each behavioural domain in the WU cohort,
estimated using the lavaan library’s growth function.>® LGC
models are flexible applications of structural equation modelling
that allow for the estimation of subject-specific recovery
trajectories, characterized in terms of an intercept (set as the
12-month chronic outcome) and a slope (recovery trajectory) each
represented by latent variables.* The latent variables for the
intercept and slope can be flexibly defined by the specification of
factor loadings of the observed variables (i.e. the repeated
behavioural measurements), such that the latent variables can be
used as dependent variables to explore the amount of variance in
these outcomes that can be accounted for by lesion-derived
variables. There are at least three advantages to LGC models that
favored their inclusion here: (i) modelling chronic outcome and
recovery trajectory separately allows for potentially unique
associations with lesion variables, despite these variables often
being correlated; (ii) LGC models evaluate and potentially
incorporate random effects to account for inter-individual
differences in recovery parameters; and (iii) LGC models provide a
robust framework from which to impute missing longitudinal
data. The total proportion of longitudinal data missing from WU
participants for each test was above 5% and well below 40%
missing data, which has been suggested as the range of
percent missing data in which data imputation techniques should
be for clinical trials research.>® The percent of missing data by
test was: Boston Naming Test (19.3%), Complex Ideational
Material Test (19.0%), Hopkins Verbal Learning Test Delayed
Recall (18.8%), and the Action Research Arm Test (19.0%).
Additional details regarding the LGC modelling are provided in
the Supplementary Material.

We evaluated the relative value of LBM-LL, structural LNM-LL, and
functional LNM-LL for predicting 12-month outcomes in the WU
cohort, which was represented as the intercept in the LGC
models. Because the structural neuroimaging data from which
lesion location was derived in the WU cohort was acquired within
two weeks of the stroke and temporally preceded the 12-month
behavioural outcomes, we use the word ‘prediction’ to refer to the
association between lesion load variables (derived from
quantifying lesion location relative to out-of-sample
lesion-behaviour maps) and outcomes. However, the data used
for the analysis was collected previously and the term prediction
is not meant to imply that this was a prospective study.

Figure 3 Continued
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Importantly, the following analyses are not an effort to
cross-validate statistical models from the Iowa cohort, but rather,
the WU cohort provides an out-of-sample cohort with which to
test the relative predictive value of the different lesion load
variables. First, we compared these predictors using three
separate models, one for each lesion-deficit mapping modality
(LBM-LL, structural LNM-LL, and functional LNM-LL). In addition,
we compared these three models to a fourth model in which all
lesion load predictors were entered simultaneously into the
model. We compared these models in terms of the variance in the
intercept accounted for by the predictors (R?), and the root mean
square error of approximation (RMSEA) and Akaike Information
Criterion (AIC) associated with each model. Whereas the R? and
RMSEA values provided indices of effect size and absolute model
fit, respectively, the AIC values provided an index with which to
compare relative model fit while penalizing for model complexity.
AIC can be particularly useful when comparing individual versus
combined models with multiple predictors. A more complex
model could be associated with a higher R? simply due to the
large number of predictors in the model; however, such a model
would suffer in terms of AIC (relative to other models) if the
model is unnecessarily complex.

In addition, we explored whether the LNM modalities predicted
unique or overlapping variance with LBM-LL and with one another.
To do this, we first created null models in which we entered all
relevant variables into the model and set the regression
parameters associated with the predictors of interest (either
structural LNM-LL or functional LNM-LL) to zero. In an alternative
model, we allowed all regression parameters to be freely
estimated. The statistical significance of each effect was
evaluated using the change in model fit from the null model to
alternative model, as indicated by the chi-squared difference test
and by an inspection of the individual regression parameters (i.e.
the local fit).

Because the acute behavioural measurement was already set to
load onto the intercept in the LGC models described above, we
first extracted the intercept values for each participant and then
used these values in a standard linear regression performed using
base R functions. Specifically, we used hierarchical linear
regressions to explore whether the lesion-deficit mapping
techniques (i.e. LBM-LL, structural LNM-LL, and functional
LNM-LL) could predict variance in 12-month post-stroke
outcomes beyond that accounted for by acute behavioural
measurements alone. Acute behavioural measurements were
entered in at the first step, and the lesion-deficit mapping data in

submitted to a PCA. The seeds associated with the map of the Boston Naming Test identified the white matter tracts between the left frontal, parietal,
and temporal cortices as critical for expressive language and naming. The seeds associated with the map of the Token Test identified tracts between
the left frontal, parietal, and temporal cortices as being critical for receptive language. The seeds associated with the map of the Rey Auditory-Verbal
Learning Test Delayed Recall identified tracts within the left inferior temporal cortex and the left frontal lobe as being critical for anterograde verbal
memory. The seeds associated with the map of the Fugl-Meyer Test identified tracts descending from the bilateral primary motor cortices as being
critical for upper extremity motor function. Colour scales for the principal component maps indicate the corresponding principal component score
at each voxel. For each map, we also depict the amount of variance that can be predicted (R?) in the WU cohort’s corresponding behavioural test’s
latent growth curve intercept. We also present the average variance explained in each WU cohort test when predicted from the non-target
functional LNM maps (i.e. the principal component structural LNM maps from the other behavioural domains). Error bars represent standard error.
ARAT = Action Research Arm Test; BNT =Boston Naming Test; CIM = Complex Ideational Material Test; HVLT = Delayed Recall from the Hopkins
Verbal Learning Test; Int=Intercept for the WU Cohort Latent Growth Curve Model; Param = Type of WU Cohort Latent Growth Curve Parameter;
Slp = Slope for the WU Cohort Latent Growth Curve Model.
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Figure 4 Functional lesion network mapping. Grey matter seeds were derived from the LBMs of each domain and submitted as seed regions-of-interest
for lesion network mapping analyses. Results based on the LBM of the Boston Naming Test and the Token Test were reduced using PCA, which
describes major axes of variation across the individual functional lesion network maps. Principal component maps are ordered in terms of the
amount of variance they captured across the individual functional lesion networks maps (F). Principal components with positive and

(Continued)
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the second step. We evaluated the statistical significance of the
value added using the change in R? in the chronic measurements
as applied by the modelCompare function in the R package
ImSupport (https:/github.com/cran/lmSupport). Because it may
be of clinical interest, we also report the total variance explained
by the combination of acute behavioural data and lesion-deficit
mapping information.

The data that support the findings of this study are available upon
reasonable request.

Results

Demographic data are reported in Table 1. The distribution of
lesions for each sample is shown in Supplementary Figs 1 and 2.

LBM results were robust and statistically significant for each
behavioural measure (Fig. 2). Expressive language was measured
with the Boston Naming Test and was left-lateralized with the
strongest regional peaks within the left anterior insula, the left
frontal operculum, and the left arcuate fasciculus. This map is
shown in Fig. 2A and had a within-sample cross-validation
correlation of r=0.617 (P<0.001, optimal sparseness=0.627).
Receptive language was assessed with the Token Test and was
similarly left-lateralized with the strongest regional peaks in the
left superior longitudinal fasciculus, the left frontal aslant tract,
the left parietal operculum, and the left posterior insula
(cross-validation correlation =0.555, P < 0.001, optimal sparseness
=-0.509). Anterograde verbal memory tested with the Rey
Auditory-Verbal Learning Test localized to the left fusiform and
parahippocampal cortices, deep left frontal white matter, and the
left sub-insula/claustrum (cross-validation correlation =0.344, P <
0.001, optimal sparseness=—0.061). Finally, motor deficits tested
with the Fugl-Meyer Test included peaks within the descending
corticospinal tracts of the corona radiata, the right somatomotor
region of the putamen and posterior limb of the internal capsule
(cross-validation correlation =0.357, P <0.001, optimal sparseness
=0.313).°° Each regional peak in the white and grey matter was
used to seed structural LNM and functional LNM results,
respectively. The coordinates for each peak are included in
Supplementary Table 1. The structural and functional lesion
network maps derived from these regions are depicted in Figs 3
and 4, respectively.

Figure 4 Continued
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Latent growth curve model path diagrams and individual-level
latent growth curves are depicted in Fig. 5. The final models for
each domain included: a random intercept, a random quadratic
slope, and equality constraints on the unique variances of the
observed variables. Model fit statistics for the final models
(Supplementary Table 3) indicated acceptable to excellent model
fit to the observed data across the four models. Importantly, the
superiority of random slopes and intercepts over fixed slopes and
intercepts within these models suggested that individual patients
demonstrate their own unique rates of change and 12-month
outcomes, such that single group-level estimates of these
variables (such as those used in standard linear regression) are
less accurate in modelling stroke recovery across individuals.
Additionally, the superiority of a quadratic slope over a linear
slope in all models suggested that most recovery occurred earlier
rather than later in the time course of stroke recovery. The latent
slopes and intercepts were not statistically significantly
correlated within any of the models (r values ranged between
—0.123 and 0.135; P values ranged between 0.380 and 0.927),
suggesting that one’s rate of recovery is not associated with one’s
12-month outcome. For the model of expressive language and
naming (measured by the Boston Naming Test), the best-fitting
model indicated that the unique variances of the measurements
were not equivalent; however, subsequent models in which
predictors of the intercept and slope were included failed to
converge in the presence of freely estimated unique variances.
Thus, the final model for this domain utilized an equality
constraint on the unique variances, which allowed subsequent
models to converge normally.

For each domain, we first evaluated whether lesion location in the
WU cohort relative to the LBMs was able to predict 12-month
outcomes. To assess the specificity of these predictions we also
made these same predictions with each of the non-target LBMs
(e.g. using LBMs of receptive language, expressive language and
verbal memory scores to predict motor outcomes would each be
an example of non-target predictions). Given the well-established
association between different aspects of language, we did not
include receptive language maps in the non-target predictions for
the expressive language map and vice versa. The LBM of the
Boston Naming Test predicted 34.4% of the variance in WU
Boston Naming Test performance at 12-months, compared to the
average variance explained by the non-target maps at 5.4%. The
Token Test LBM explained 32.9% of the variance in receptive

negative voxels indicate that the distinction between the positive and negative voxels captures a distinction present across the maps. Five principal
components were identified for the functional networks linked to performance on the Boston Naming Test, with most results converging on a
fronto-parieto-temporal network (PC1). Two principal components were linked to the Token Test, and these seeds also converged primarily on a
fronto-parieto-temporal network (PC1). Results based on the delayed recall trial from the Rey Auditory Verbal Learning Test identified only two
networks: a lateral occipital-precuneate network, and a network spanning primary and secondary visual cortices. The results based on the
Fugl-Meyer Test were linked to a single rolandic-insular-opercular functional network. Colour scales for the PC maps indicate the principal
component score at each voxel; otherwise, colour scales represent the Z-value associated with the statistical test of functional connectivity at each
voxel. The ability of each map to predict variance (R?) in the corresponding behavioural test’s latent growth curve intercept (Int) for the WU cohort
is presented alongside each map. We also present the average variance explained in each corresponding WU cohort test when predicted from the
non-target functional LNM maps (i.e. the functional LNM maps and/or PC functional LNM maps from the other behavioural domains). Error bars
represent standard error. Int=Intercept for the WU Cohort Latent Growth Curve Model; Param=Type of WU Cohort Latent Growth Curve
Parameter; Slp = Slope for the WU Cohort Latent Growth Curve Model.


https://github.com/cran/lmSupport
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Figure 5 Latent growth curve models. (A) The path diagrams for the latent growth curve models. (B) A depiction of the individual-level latent growth
curves using jittered data-points and blue subject-specific growth curves (i.e. model-based recovery trajectories), each with their own intercept at
12-months post-baseline and their own slope of recovery that vary around the mean of the latent intercept (int) and slope (slp) variables. Missing
data due to participant attrition at the 3- and 12-month measurements were imputed using Full Information Maximum Likelihood. Arrow from
observed variables (squares) to latent variables (circles) represent loadings specified from the Latent Growth Curve analyses. Loadings onto the
slope were determined through comparisons of model fit to the data for linear and quadratic modeled change over time. Loadings onto the
intercept were all set to one, as is standard in Latent Growth Curve analyses. Arrows from triangles represent the mean of the latent variables.
Arrows from free floating numbers to the latent variables represent the variance of the latent variables. Model fit to the observed data is presented
in Supplementary Table 2. .a=Acute Measurement; ara= Action Research Arm Test; bnt=Boston Naming Test; .c=Chronic Measurement; co=
Complex Ideational Material Test; hd =Hopkins Verbal Learning Test Delayed Recall Trial, int=Lateng Growth Curve Intercept (12-month
time point); .s = Subacute Measurement; slp = Latent Growth Curve Slope.

language relative to 1.5% of non-target predictions. The LBM of
delayed recall trial from the Rey Auditory-Verbal Learning Test
accounted for 6.5% of the variance of anterograde verbal memory
performance compared to 2.9% of non-target predictions. The
Fugl-Meyer LBM accounted for 27.7% of the variance in the upper
extremity motor function compared to 2.5% of non-target
predictions.

For each LBM the percent variance explained in the WU cohort
was similar to seen in the ‘within-sample’
cross-validation. The only exception was for verbal memory, with
12% of the variance explained based on within-sample
cross-validation correlation versus 6.5% out-of-sample.

values

Do brain networks add value to the prediction of
12-month outcomes beyond lesion-behaviour maps?

To address our primary research question, we first evaluated
whether the network maps added value to the cross-cohort
predictions beyond variance explained by LBM alone. For the
expressive and receptive language domains, the addition of LNM

variables helped to explain statistically significantly more
variance than was explained with LBM alone (Table 2). In the
motor domain, only structural LNM-LL added statistically
significant value beyond LBM. Network variables did not
statistically significantly contribute to the prediction of
anterograde verbal memory outcomes. The association between
the final structural and functional LNM results and the WU cohort
12-month intercept and slope from the WU cohort are presented
in Figs 4 and 5, respectively.

Comparisons among lesion-derived measures

Next, we compared LBM-LL, structural LNM-LL, and functional
LNM-LL using a head-to-head comparison of model fit indices
(Table 3). Functional LNM-LL provided the strongest prediction of
the 12-month outcomes for the language domains, whereas
structural LNM-LL provided the strongest prediction of outcomes
in motor domain. The variance in 12-month outcomes explained
by all variables combined (LBM, structural LNM, functional LNM)
was 46.3%, 50.8%, 8.1%, and 37.9% for the maps based on the


http://academic.oup.com/brainj/article-lookup/doi/10.1093/brain/awac010#supplementary-data
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Table 2 Relative contributions of structural LNM-LL and
functional LNM-LL to the prediction of latent growth curve
intercept and slope parameters beyond LBM-LL and one another

Model comparison Chi-squared AR?12-month  AR?

difference intercept Slope

Boston Naming Test
sLNM-LL Over LBM-LL 19.12* 0.021 0.182
fLNM-LL Over LBM-LL 29.65* 0.123 0.127
SLNM-LL Over fLNM-LL 36.00"* 0.042 0.177
fLNM-LL Over SLNM-LL 30.47* 0.129 0.064

Complex Ideational Material Test

SLNM-LL Over LBM-LL 249" 0.117 0.29

fLNM-LL Over LBM-LL 22.00" 0.141 0.158
sLNM-LL Over fLNM-LL 33.63"* 0.038 0.347
fLNM-LL Over sLNM-LL 30.79™* 0.206 0.035

Hopkins Verbal Learning Test Delayed Recall

sLNM-LL Over LBM-LL 4.33 —0.006 0.144
fLNM-LL Over LBM-LL 2.8 0.019 0.02

SLNM-LL Over fLNM-LL 8.59* 0.021 0.142
fLNM-LL Over SLNM-LL 5.16 0.04 0.014

Action Research Arm Test

sLNM-LL Over LBM-LL 18.31* 0.092 0.064
fLNM-LL Over LBM-LL 0.053 0.000 0.000
SLNM-LL Over fLNM-LL 42 99" 0.19 0.088
fLNM-LL Over SLNM-LL 3.78 0.012 0.003

*P <0.05, *P <0.01, **P < 0.001.
AR? = Change in R? from null model to alternative model; fLNM = functional LNM;
SLNM = structural LNM.

Boston Naming Test, the Complex Ideational Material Test, the
Hopkins Verbal Learning Test, and the Action Research Arm Test,
respectively. For each test, the R> and RMSEA values were
superior for the model with all of these predictors in the context
of marginally higher AIC values. Overall, this suggests that the
combination of these variables was superior to the use of any one
variable alone.

The association between lesion load for each individual LNM
(prior to PCA) and the WU cohort 12-month intercept is presented
in Supplementary Table 4. These same associations after
controlling for age, sex, and lesion volume are presented in
Supplementary Table 5. For functional LNM, comparison of
threhsolded and unthresholded functional LNM yielded similar
results, with slightly greater explained using
thresholded results. Similarly, predictions were comparable
whether negative correlations (anticorrelations) were included in
the functional LNM results or not.

variance

In addition to 12-month outcomes, we also performed the same
analyses to evaluate the role of lesion location and
lesion-associated networks in predicting the rate of recovery,
which was represented as the slope in the LGC models. Across our
analyses, structural LNM-LL was the most robust predictor of the
recovery slope (Fig. 3 and Tables 2 and 3). Functional LNM-LL was
generally not predictive of the recovery slopes across behavioural
domains (Fig. 4 and Tables 2 and 3). Predictive models that
combined all lesion load variables (LBM-LL, structural LNM-LL, and
functional LNM-LL) accounted for 36.6%, 45.9%, 18.5%, and 19.7% of
the variance in the slope for the Boston Naming Test, the Complex
Ideational Material Test, the Hopkins Verbal Learning Test, and the
Action Research Arm Test, respectively.
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Table 3 Comparing LBM-LL, structural LNM-LL, functional
LNM-LL and combined models

Predictors 12-Month Slope RMSEA AIC
intercept R? R?
Boston Naming Test
LBM-LL 0.344 0.120 0.241 2584.93
sLNM-LL 0.305 0.287 0.205 2585.19
fLNM-LL 0.398 0.178 0.152 2613.26
All 0.463 0.366 0.126 2589.86
Complex
Ideational Material
Test
LBM-LL 0.342 0.149 0.077 2887.93
sLNM-LL 0.289 0.419 0.070 2893.59
fLNM-LL 0.457 0.107 0.040 2896.42
All 0.508 0.459 0.049 2875.02
Hopkins Verbal
Learning Test
Delayed Recall
LBM-LL 0.065 0.000 0.15 1169.32
sLNM-LL 0.011 0.140 0.055 1168.94
fLNM-LL 0.030 0.012 0.075 1176.37
All 0.081 0.185 0.122 1172.55
Action Research Arm
Test
LBM-LL 0.277 0.131 0.026  2602.79
sLNM-LL 0.370 0.180 0.014 2602.74
fLNM-LL 0.192 0.095 0.047 2625.95
All 0.379 0.197 0.00 2605.49

AIC = Akaike Information Criterion; fLNM = functional LNM; RMSEA =root mean
square error of approximation; SLNM = structural LNM.

Lastly, we explored the combined predictive power of all lesion
location metrics for 12-month outcomes (LBM-LL, structural
LNM-LL, and functional LNM-LL) relative to that of acute
behavioural measurements alone, which is known to have a
robust association with chronic outcomes.*>*”*# When used in
combination, the lesion-deficit mapping metrics were able to
account for a statistically significant amount of variance in the
domain of expressive language (AR>=0.088, P=0.005) and
receptive language (AR?*=0.075, P<0.001) beyond
behavioural scores. In contrast, acute lesion metrics could not
add meaningful value to the prediction of anterograde verbal
memory (AR?=0.007, P=0.467) or upper extremity motor function
(AR?=0.027, P=0.109) beyond acute behavioural data. Altogether,
the lesion-deficit mapping metrics and acute behavioural data
combined to predict well over half of the variance in chronic
outcomes of expressive language (67.2%), receptive language
(71.7%), anterograde verbal memory (80.7%), and upper extremity
motor outcomes (72.6%).

acute

As a final post hoc analysis we also compared the current approach
for structural LNM to an existing method that uses each individual
lesion mask to ‘seed’ a tractography network. While we avoid this
approach for functional LNM due to the ‘large lesion confound’
discussed earlier, this averaging of signal within a large lesion


http://academic.oup.com/brainj/article-lookup/doi/10.1093/brain/awac010#supplementary-data
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does not apply to tractography data.*® To perform this analysis,
each lesion from the Iowa and NICHE cohorts was used to seed a
deterministic tractography analysis using the LEAD DBS software
as described above. These resulting maps were binarized and
used in place of lesion masks in LESYMAP to produce a single
structural LNM map for each functional domain. The predictive
value of this approach was compared to the LBM-derived
structural LNM approach. The results were similar between the
two methods. The individual lesion-based seeding strategy
predicted more variance in language, but less in motor, with
similar results for memory. The individual lesion strategy
produced higher RMSEA values (indicating worse model fit), and
the AIC values marginally lower (indicating better fit), for all
models compared to the LBM-based approach. Overall, there was
inconclusive evidence regarding the superiority of one approach
to structural LNM over the other.

Discussion

The neuroanatomical localization of symptoms has been a
foundational principle in neurology and the clinical
neurosciences for more than a century. It involves identifying a
set of neurological signs and symptoms and pinpointing a likely
site of pathology in the nervous system that would account for
the symptoms. This process guides diagnostic testing and
informs management decisions. Much of the pioneering work in
localization of symptoms was done in the 19th century before
brain imaging was available. Using modern approaches with
neuroimaging and advanced analytical techniques, we are now
poised to also proceed in the reverse direction of classical lesion
localization. That is, by starting with the lesion location derived
from clinically acquired imaging, we may be able to make
personalized predictions of symptoms and long-term prognosis,
guiding more focused cognitive assessments and informing
personalized rehabilitation strategies. The current analysis is a
step towards this goal of incorporating new computational
technology and brain mapping to invert the classical progression
of mapping symptoms-to-anatomy, and instead mapping
anatomy to predict symptoms, which can then be evaluated and
confirmed with subsequent, targeted behavioural examinations.
Here, we utilized large-scale lesion-behaviour mapping to more
precisely identify specific brain regions that are maximally
associated with motor and cognitive deficits. We used these maps
to derive the associated structural and functional networks of
these regions using normative data. We then evaluated the role of
these maps in predicting post-stroke deficits in an independent
cohort of patients with stroke. To our knowledge, no previous
study has evaluated the additive value of LNM above and beyond
LBM in this way. In addition, we used a Latent Growth Curve
(LGC) modelling framework to simultaneously evaluate the
associations between lesion-based metrics, and individual
differences in 12-month outcomes and rates of recovery. Our
results demonstrated that lesion location relative to LBM provides
a robust predictor of 12-month functional outcomes. Moreover,
we found that functional and structural LNM predicted variance
in outcomes and/or recovery rates beyond those provided by LBM.
Though the best individual predictor varied by domain, the
combination of LBM and structural and functional LNM
consistently performed the best. Finally, we found that
lesion-based metrics explained unique variance in 12-month
language outcomes beyond what could be predicted from acute
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behavioural measurements. Our results support the conclusion
that LBM and structural and functional LNM can be used to
predict post-stroke outcomes, and that each method captures
distinct information.

Our results demonstrated that behavioural domains are
differentially associated with structural and functional brain
network data. We found support for the additive utility of
structural and functional brain networks for predicting expressive
and receptive language deficits. We also observed that motor
outcomes were best predicted by structural connectivity data, and
receptive language outcomes by functional connectivity data. One
potential explanation for this divergence across functional
domains is that structural network data might be better suited to
the prediction of deficits linked to networks with a final common
pathway, such as the corticospinal tract.”*>®° By contrast,
functional connectivity data may be better able to predict deficits
associated with damage to complex, bidirectional, and dynamic
networks, such as those classically associated with language,®* >
or networks that depend on short-range, local connectivity rather
than long-distance projection fibers.®* Overall, a consistent finding
across the functional domains was that the greatest strength of
prediction was observed when combining lesion location with
both structural and functional network data. We suggest that it
remains important, both clinically and experimentally, for future
studies to investigate brain-behaviour relationships using multiple
methodologies so as to further elucidate the respective
contributions of specific structural disconnections and functional
brain network alterations to lesion-associated deficits.?¢>%¢

Previous work has demonstrated that comprehensive
neuropsychological and motor evaluations in the acute phase of
stroke can predict a substantial amount of variance in chronic

405758 and it is acute behavioural scores

post-stroke outcomes,
that serve as a relative gold standard for outcome predictions.
However, the type of formal behavioural assessments conducted
at discrete time periods after stroke that aid in outcome
predictions are not routinely acquired outside of research studies.
Here, we show that lesion-derived measures that can be easily
acquired from clinically acquired structural imaging predict a
similar amount of variance in 12-month cognitive and motor
outcomes. Moreover, we demonstrate evidence for the added
value of lesion information for predicting some aspects of
behavioural outcomes beyond acute behavioural measurements.
It is likely that behavioural and lesion data can be combined to
enhance predictions. This type of combined approach may
represent an improvement over a strict reliance on proportional
recovery projections that may lead to over-estimates about the
proportion of variance in chronic outcomes that can be explained
by acute measurements alone.®’"*° However, further research will
be required to identify the best combination of predictors for the
different behavioural domains of interest.

The present study also highlights important anatomical
correlates of several cognitive-behavioural functions. Broadly, we
found that multiple structural and functional brain networks were
associated with each domain. We identified both the anterior and
posterior aspects of the arcuate fasciculus, as a critical anatomical
correlate of both expressive and receptive language.”®’* Both
domains of language were also well predicted by the functional
connectivity among frontal, parietal, and anterior temporal
cortices. One explanation for the observation of shared networks
for expressive and receptive language is that these functions both
involve aspects of cognitive control and lexical retrieval,
associated with the fronto-parietal and anterior temporal cortices,
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respectively.’®’>7” However, further work will be needed to
determine the necessary contributions of these functions to the
clinical measurement of expressive and receptive language.”®”°

A potential limitation of our study is the limited lesion coverage
in the WU cohort of the regions identified as important for
anterograde verbal memory in the lowa cohort. It may be the case
the lesion data were weakly predictive for this domain because
the WU cohort was largely composed of individuals with strokes
involving the MCA territory. However, previous work suggests
this type of deficit is best captured by within-subject functional
connectivity measures. Thus, we and others may have failed to
observe predictions for verbal memory due to the use of
normative datasets for network analyses.>*° Another important
caveat to our findings is that our analyses were based on
research-quality MRI data; for these findings to translate to
clinical practice, our approach would need to be integrated with a
fast and reliable method for lesion segmentation based on
clinically acquired imaging data. Also, the exact test used to
measure cognitive and motor domains differed between cohorts.
For example, the different cohorts in our study used
the Fugl-Meyer or the ARAT to assess upper extremity motor
performance. It is possible that the variance in outcomes
predicted here would be higher if the same tests were used across
cohorts, though ultimately it may be viewed as a strength that
localization is robust to the underlying function and not limited
to a specific type of measurement. Importantly, several
methodological factors limit direct comparisons of the current
analyses to previously published work using the WU cohort data,
namely differences in lesion etiology, lesion chronicity, sample
size, and lesion spatial distribution between the WU, lowa, and
NICHE cohorts. It will be important for future work to explore
whether the variance in behavioural outcomes accounted for by
previous studies using the WU data is the same or different than
the variance accounted for in the present study. A number of
alternative methods for quantifying network damage exist that
were not evaluated here,?”®%2 and it will be important to
compare these methods with those used here to potentially
further optimize predictive accuracy. Finally, future studies could
seek to explore the sample sizes and lesion distributions
necessary for multivariate LBM alone to detect distributed
network-behaviour dependencies. LNM likely adds more value to
LBMs based on relatively small or anatomically constrained
samples. In contrast, LBMs based on a sufficiently large and
anatomically diverse sample should be able to elucidate
network-behaviour relationships without LNM. The precise
parameters at which this occurs remain unknown.

In summary, the present study provides evidence for the
importance of lesion location and lesion-associated brain
networks in the prediction of post-stroke deficits. Moreover, we
demonstrate evidence for the wvalidity of large-scale
lesion-behaviour mapping for the identification of seed
regions-of-interest for connectivity analyses. Our work adds to a
growing body of evidence regarding brain network-behaviour
relationships and represents a step towards clinical translation of
basic tools in cognitive neuroscience.
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