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Abstract

The preservation of near-typical function in distributed brain networks is associated with less
severe deficits in chronic stroke patients. However, it remains unclear how task-evoked responses
in networks that support complex cognitive functions such as semantic processing relate to the
post-stroke brain anatomy. Here, we used recently developed methods for the analysis of
multimodal MRI data to investigate the relationship between regional tissue concentration and
functional MRI activation evoked during auditory semantic decisions in a sample of 43 chronic
left hemispheric stroke patients and 43 age, handedness, and sex-matched controls. Our analyses
revealed that closer-to-normal levels of tissue concentration in left temporo-parietal cortex and the
underlying white matter correlated with the level of task-evoked activation in distributed regions
associated with the semantic network. This association was not attributable to the effects of left
hemispheric lesion or brain volumes, and similar results were obtained when using explicit lesion
data. Left temporo-parietal tissue concentration and the associated task-evoked activations
predicted patient performance on the in-scanner task, and also predicted patient performance on
out-of-scanner naming and verbal fluency tasks. Exploratory analyses using the average HCP-842
tractography dataset revealed the presence of fronto-temporal, fronto-parietal, and temporo-
parietal semantic network connections in the locations where tissue concentration was found to
correlate with task-evoked activation in the semantic network. In summary, our results link the
preservation of left posterior temporo-parietal structures with the preservation of task-evoked
semantic network function in chronic left hemispheric stroke patients. Speculatively, this
relationship may reflect the status of posterior temporo-parietal areas as cortical and white matter
convergence zones that support coordinated processing in the distributed semantic network.
Damage to these regions may contribute to atypical task-evoked responses during semantic
processing in chronic stroke patients.
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1. Introduction

Functional neuroimaging studies have enabled important insights into how post-stroke
language abilities relate to the task-evoked responses of surviving brain regions (Crinion and
Leff, 2007; Heiss and Thiel, 2006; Saur and Hartwigsen, 2012), and indicate that the
preservation/restoration of function in pre-existing, or canonical, language networks is likely
important for optimal language outcomes after left hemispheric stroke (Fridriksson et al.,
2012; Griffis et al., 2017b; Heiss et al., 1999; Karbe et al., 1998; Saur et al., 2006; Szaflarski
et al., 2013; van Oers et al., 2010; Winhuisen et al., 2005). If canonical language networks
are not recoverable, then compensation via un-damaged right hemispheric areas is thought to
underlie residual language abilities (Forkel et al., 2014; Hamilton et al., 2011; Heiss and
Thiel, 2006; Saur and Hartwigsen, 2012; Turkeltaub et al., 2011). The nature of
compensation afforded by right hemispheric regions is poorly understood, but recent
evidence suggests that it is likely more complex than a simple take-over of the damaged
areas by right hemispheric homologues (Griffis et al., 2017b; Sims et al., 2016; Laura M
Skipper-Kallal et al., 2017; Laura M. Skipper-Kallal et al., 2017; Turkeltaub et al., 2012),
and that it may depend on factors such as the pre-existing structural properties of the right
hemisphere (Forkel et al., 2014) and the stage of recovery (Heiss and Thiel et al., 2006;
Bartolomeo and de Schotten, 2016). Further, although extensive left hemispheric damage
might be expected to result in prolonged dysfunction in canonical language networks (Heiss
and Thiel, 2006), this may not always be the case (Griffis et al., 2017b). Thus, the recovery
of function in canonical networks may depend more on the preservation of specific regions
and/or connections than on the overall amount of tissue spared (Bartolomeo and de Schotten,
2016). Thus, an important question is “How do the regions recruited by chronic stroke
patients during language task performance relate to the sparing vs. lesioning of different left
hemispheric structures?”

Relatively few studies have explicitly investigated how language task-evoked activation
relates to the status of left hemispheric brain structures in stroke patients. While most such
studies have compared task-evoked activation between groups with vs. without damage to a
target brain region(s) (Blank et al., 2003; Blasi et al., 2002; Heiss et al., 1999; Specht et al.,
2009; Turkeltaub et al., 2011), some recent studies have used less constrained approaches
that include lesion-symptom mapping of task activation (Fridriksson et al., 2010; Skipper-
Kallal et al., 2017b), correlating regional activation with measures of tissue preservation/
damage (Griffis et al., 2017b; Sims et al., 2016; Skipper-Kallal et al., 2017a), and joint
independent component analysis of lesion and activation data (Abel et al., 2015; Specht et
al., 2009). While only a minority of this work has focused on how activity in preserved left
hemispheric areas relates to brain structure, the recruitment of perilesional areas during
naming tasks has been previously suggested to depend on the preservation of left inferior
frontal cortex (Fridriksson et al. 2010). More recently, language task-evoked activation in the
left middle/superior frontal gyri and anterior cingulate cortex was reported to negatively
correlate with the amount of spared tissue in posterior language areas (Sims et al., 2016).
While several studies have found evidence for increased task-evoked activity in right
hemispheric homologues of damaged cortical areas (Blank et al., 2003; Blasi et al., 2002;
Heiss et al., 1999; Specht et al., 2009; Turkeltaub et al., 2011), increases in activation have
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been reported in other areas as well (Heiss et al., 1999; Sims et al., 2016; Skipper-Kallal et
al., 2017h; Specht et al., 2009), and a recent study reported decreased naming-related
activation in right hemispheric homologues of damaged pre-frontal areas (Skipper-Kallal et
al., 2017a). Thus, it remains unclear how the areas recruited during language task
performance relate to left hemispheric brain structure. A lack of consensus among previous
studies may stem in part from common limitations such as small sample sizes (i.e. 7~=7-15
per group) (Abel et al., 2015; Blank et al., 2003; Blasi et al., 2002; Fridriksson et al., 2010;
Heiss et al., 1999; Robson et al., 2016; Sims et al., 2016; Specht et al., 2009), the lack of
controls for potential confounding effects of lesion size on structure-function relationships
(Abel et al., 2015; Blank et al., 2003; Blasi et al., 2002; Heiss et al., 1999; Robson et al.,
2016; Specht et al., 2009; Turkeltaub et al., 2011), and differences in the type of task
employed, among other factors.

In addition, a previously noted drawback to the often-used approach of comparing activation
between groups with vs. without damage to a target region is that it disregards within-group
lesion variability, which is present even in carefully selected groups of patients (Specht et
al., 2009). To overcome this limitation, several recent studies have utilized the joint
independent component analysis (jICA - Calhoun et al., 2006) approach (Abel et al., 2015;
Robson et al., 2016; Specht et al., 2009), which is a data-driven method that does consider
within-group lesion variability and can provide information about lesion sites associated
with group differences in activation (Specht et al., 2009). While jICA therefore represents an
improvement over traditional approaches, it assumes that data from each imaging modality
share a single mixing matrix (i.e. that the between-modality correlations for the joint
components are equal to 1), which can result in sub-optimal performance when the true
between-modality correlation is low, as may often be the case for real neuroimaging data
(Sui et al., 2011). Other recently developed multivariate data fusion methods such as parallel
ICA (Liu et al., 2009) and multimodal canonical correlation analysis (Correa et al., 2008)
operate under more flexible assumptions about cross-modal relationships, and provide more
accurate estimates of their strengths than jICA. However, the source separation accuracy of
approaches such as mCCA may suffer when cross-modal relationships are not sufficiently
distinct (Sui et al., 2011, 2010). Importantly, the potential limitations of individual
approaches can be overcome by using an approach that combines mCCA and jICA in a
single hybrid analysis, referred to as multimodal canonical correlation analysis + joint ICA
(mCC+jICA - Sui et al., 2011). The mCCA+jiCA approach can accurately estimate the
strength of cross-modal relationships, and achieves good source separation performance
even in the presence of noise (Sui et al. 2011). While these properties make mCCA+jICA an
attractive alternative to other methods for studying structure-function relationships, to our
knowledge, no studies have applied this technique to the study of structure-function
relationships in stroke patients.

Recently, we reported that task-evoked activation in the canonical semantic network (CSN)
recruited by healthy individuals during auditory semantic decisions positively predicts
language task performance in chronic left hemispheric stroke patients (Griffis et al., 2017b).
Given that we observed only a weak negative correlation between activation in this network
and total lesion volume (Griffis et al., 2017b), we were interested in whether the
preservation of specific left hemispheric structures might predict activation in regions
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associated with this network. While additional lesion-symptom mapping analyses of the
performance data from the same patients revealed that lesions affecting the left posterior
temporo-parietal cortex and the underlying deep white matter (and to a lesser extent, anterior
temporal and inferior frontal areas) predicted poor performance on the in-scanner auditory
semantic decision task (Griffis et al., 2017a), it remains unclear how the location of damage
relates to the regions activated during task performance. Therefore, the purpose of this study
was to build upon and extend our previous work by linking patterns of activation evoked
during auditory semantic decisions to patterns of the preservation of left hemispheric brain
structures in chronic left hemispheric stroke patients. To this end, we used mCCA+jICA to
simultaneously analyze the structural and functional MRI data obtained from the 43 chronic
left hemispheric stroke patients and 43 age, sex, and handedness-matched healthy controls
described in our previous reports (Griffis et al., 2017a, 2017b) and characterize links
between task activation and structural preservation. Like jICA, mCCA+jICA is a data-driven
method that does not require a priori hypotheses regarding the expected cross-modal
relationships prior to performing data decomposition. However, based on our previous
findings, we were especially interested in identifying relationships between left hemispheric
tissue preservation and task-evoked activation in regions associated with the CSN.

2. Methods

2.1 Participants

Study procedures received approval from the Institutional Review Boards of the
participating institutions. Declaration of Helsinki ethics principles and principles of
informed consent were followed during all study procedures. The current study utilized MRI
and language data collected from 43 chronic (> 1 year) left hemispheric stroke patients and
43 healthy controls demographically matched for age, sex, and handedness as described in
our previous publications (Griffis et al., 2017a, 2017b). All participants were screened to
exclude individuals that had diagnoses of degenerative/metabolic disorders, had severe
depression or other psychiatric disorders, were pregnant, were not fluent in English, or had
any contraindication to MRI/fMRI. Participant demographics are provided in Table 1.
Comprehensive patient-level data that include task performance scores and individual lesion
delineations can be found in the Supplementary Material provided with our previous
publication (Griffis et al., 2017b).

2.2 Behavioral data

Prior to undergoing MRI scanning, participants were administered a set of language tests
that included the Boston Naming Test (BNT) (Kaplan et al., 2001), Semantic Fluency Test
(SFT) (Kozora and Cullum, 1995), and Controlled Oral Word Association Test (COWAT)
(Lezak et al., 1995). An auditory semantic decision task was also administered while
participants were in the scanner as previously described (Griffis et al., 2017b). This task
evokes activation in a highly reproducible and well-studied semantic network (Binder et al.,
2009, 2008, 1999, 1997), even in clinical populations such as stroke patients (Eaton et al.,
2008; Griffis et al., 2017b), making it well-suited for the purpose of this study. Briefly, this
task consisted of alternating 30s blocks of semantic decision (5 blocks) and tone decision (6
blocks) conditions. During the semantic condition blocks, participants decided whether
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spoken animal names met the criteria: “native to the United States” and “commonly used by
humans”. During the tone condition blocks, participants decided if brief sequences of four to
seven 500- and 750-Hz tones contained two 750-Hz tones. In both conditions, participants
responded by pressing a button with their non-dominant hand. Before performing the in-
scanner task, participants confirmed their understanding of the task by completing a test run
that consisted of 5 trials from each condition. Performance data were not collected for 4
patients due to hardware problems. These patients were therefore excluded from analyses
involving in-scanner performance.

Patient scores on the SFT and COWAT were highly correlated (+=0.92), and so a combined
fluency measure was defined as the average of the scores on each test, as in our previous
reports (Griffis et al., 2017a, 2017b). Controls performed significantly better than patients on
all language measures (in-scanner semantic decision task: #4 77 = 4.71, p<0.001; BNT: #3 33
= 6.80, p<0.001; fluency: 3, »g = 13.44, p<0.001). Mean language task performance for
each group is shown in Table 1.

2.3 Neuroimaging data collection

MRI Data collected at the University of Alabama at Birmingham using a 3T head-only
Siemens Magnetom Allegra scanner consisted of a 3D high-resolution T1-weighted
anatomical scan (TR/TE = 2.3 5/2.17 ms, FOV = 25.6x25.6x19.2 cm, matrix = 256x256, flip
angle = 9 degrees, slice thickness = 1mm), and two T2*-weighted gradient-echo EPI pulse
functional scans (TR/TE = 2.0 s/38.0 ms, FOV = 24.0x13.6%24.0, matrix = 64x64, flip angle
= 70 degrees, slice thickness = 4 mm, 165 volumes per scan). MRI data collected at the
Cincinnati Children’s Hospital Medical Center using a 3T research-dedicated Philips MRI
scanner consisted of a 3D high-resolution T1-weighted anatomical scan (TR/TE = 8.1 5/2.17
ms, FOV = 25.0x21.0x18.0 cm, matrix = 252x211, flip angle = 8 degrees, slice thickness =
1mm) and two T2*-weighted gradient-echo EPI pulse sequence functional scans (TR/TE =
2.0 5/38.0 ms, FOV = 24.0x13.6%24.0, matrix = 64x64, flip angle = 70 degrees, slice
thickness = 4 mm, 165 volumes per scan).

2.4 Structural MRI data processing

Structural MRI data were processed using Statistical Parametric Mapping (SPM) (Friston et
al., 1995) version 12 running in MATLAB r2014b (The MathWorks, Natick MA, USA). For
each patient, the T1-weighted MRI scan was segmented into tissue probability maps (TPMs)
and normalized to MNI template space using the New Segment procedure implemented in
SPM12. Lesion probability maps were created in MNI template space using a voxel-wise
naive Bayes lesion classification algorithm implemented in the /esion_gnb toolbox for
SPM12 (Griffis et al., 2016). These maps were visually inspected and manually thresholded
to produce the final lesion masks, which were then resampled to a 2mm isotropic resolution
(for a more detailed description, see Griffis et al. 2017b). Figure 1A shows lesion
frequencies across all 43 patients. Lesion images for individual patients can be found in the
Supplementary Material of our previous publication (Griffis et al., 2017b).

Because lesion masks were not available for the healthy controls, they could not be used as
structural MRI inputs for the mCCA+jICA analysis. We therefore utilized TPMs quantifying
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the brain tissue probability (i.e. GM+WM) at each voxel (Lau et al., 2015), as this provided
information comparable to a typical lesion mask. Importantly, standard tissue segmentation
procedures may mistakenly classify lesion voxels as intact tissue (Griffis et al., 2016; Mehta
et al., 2003; Seghier et al., 2008; Wilke et al., 2011), but modifying the segmentation
procedure to include additional prior information about lesion voxels remedies the problem
of tissue misclassification (Sanjuan et al., 2013; Seghier et al., 2008). Therefore, a second
segmentation was performed for each patient that included the smoothed (8mm FWHM)
lesion mask as a prior probability map for a patient-specific lesion tissue class according to a
previously described procedure for iterative lesion segmentation with patient-specific priors
(Sanjuan et al., 2013). Figure 1B illustrates the effect of including the lesion prior on tissue
misclassification. The resulting template-normalized GM and WM maps were smoothed
with a 10mm FWHM Gaussian kernel and combined to create a single probability map
quantifying at each voxel the probability that it corresponded to normal brain tissue.

2.5 Functional MRI data processing

Functional MRI data were pre-processed according to a standard pre-processing pipeline as
previously described (Griffis et al., 2017b). Subject-level general linear models (GLMs)
were fit to the processed fMRI data (Friston et al., 1995), and contrast estimate maps
quantifying the difference in HRF magnitude between the semantic decision and tone
decision conditions were created for each subject as previously described (Griffis et al.,
2017b). These first-level contrast estimate maps (Semantic minus Tone) were used as the
fMRI inputs into the second-level mMCCA+jICA. Second-level activation maps were obtained
using standard (i.e. mass-univariate) second-level #contrasts, and were thresholded at a
voxel-wise p<0.01, uncorrected and a cluster-level family-wise error corrected p<0.05 (Ait=
99 voxels as determined by 1000 Monte Carlo simulations - Slotnick et al., 2003). These
maps are shown for each group in Figure 1C to illustrate the group-level activation patterns
detected by a standard mass-univariate analyses. Note that the maps shown in Figure 1C
utilize the same information as the maps shown in Figure 2C of our previous study (Griffis
et al., 2017b), and are included simply to illustrate the mass-univariate effects.

Because we used a blocked task design, we did not separately model correct vs. incorrect
trials. Further, because many patients made a substantial number of errors on the semantic
decision task (Table 1), restricting our analyses to only blocks with some minimum number
of correct responses would require excluding a substantial portion of the data. It should
therefore be understood that the activation estimates for each patient include contributions
from both correct and incorrect trials, and so activations for patients with higher overall
performance are expected to be more reflective of correct responses than activations for
patients with poorer overall performance.

2.6 Fusion of brain tissue and task activation data

mMCCA+jICA is a second-level analysis that utilizes first-level (i.e. subject-level) feature
maps representing information measured by different MRI data modalities. Each subject
provided a single SMRI (i.e. smoothed brain TPM) and fMRI (i.e. contrast estimate map
from the first-level GLM) feature map as inputs. The mCCA+jICA was performed according
to the protocol described by Sui and colleagues (2011), as implemented in the FusionlCA
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toolbox (available at http://mialab.mrn.org/software/fit/). A detailed discussion of the theory
behind the mCCA+jICA approach can be found in the initial report by Sui and colleagues
(2011).

Prior to running the analysis, the structural MRI data were masked to include only voxels
that were lesioned in at least one patient (i.e. within the lesion map shown in Figure 1A), and
fMRI data were masked to include only in-brain voxels (Calhoun et al., 2006). The 3D
image data from each participant were reshaped into a 1D non-zero vector and stacked to
form two matrices with dimensions of [N subjects] x [n voxels] per modality, and the
matrices for each feature were then normalized to have the same average sum of squares as
part of the standard mCCA+jICA preprocessing pipeline (Sui et al., 2011). The minimum
description length (MDL) estimation tool provided in the Fusion ICA toolbox (Li et al.,
2007; Sui et al., 2011) was used to determine the number of components per modality to be
estimated, which was determined to be 5 per modality, although similar results were
obtained when other numbers of components were used (see Supplementary Material —
Supplementary Analysis 1). Singular value decomposition (SVD) was then used to reduce
each dataset to 5 components (as indicated by the MDL criteria), and mCCA was applied to
the dimension-reduced data to obtain the canonical variates (D1, D5) and associated
components (C41,Cy) (Correa et al., 2008; Sui et al., 2011). While the canonical variates
linked the data from each modality via correlation, the associated component maps were
expected to still contain mixtures of independent sources (Sui et al., 2011). To achieve
complete source separation, joint ICA was then performed on the concatenated maps of the
mCCA components, which produced a set of joint independent components (S1,S,) and a
single mixing matrix (W) linking them back to the input maps. Separate SMRI/fMRI mixing
profiles (A1,Ay) were obtained for each joint component by taking the product of each
canonical variate (D1,D5) obtained from the mCCA and the inverse of the mixing matrix
from joint ICA (W™1). The resulting mixing profiles quantified the contribution of each joint
component to the data from each subject (i.e. correspond to subject-level component
loadings). Statistical tests on the mixing profiles were used to (1) select components of
interest, and (2) estimate the strength of the structure-function relationship captured by each
joint component of interest, as described in the following sections (sections 2.7 and 2.8). The
final results were obtained by averaging over 15 ICAs using the “Average ICA” option in the
Fusion ICA toolbox (Meier et al., 2012; Stephen et al., 2013). A schematic outlining the
mCCA+jICA approach is provided in Figure 2.

In addition, to illustrate that our results do not depend on (1) the data fusion method
employed, (2) the type of structural MRI data utilized, or (3) the inclusion of data from
healthy individuals, we also performed (1) a parallel ICA analysis using explicit lesion
masks rather than brain tissue maps (see Supplementary Analysis 2), and (2) a multivariate
lesion-symptom mapping analysis of fMRI loadings (see Supplementary Analysis 3). These
analyses are presented in the Supplementary Material, and provide results that are highly
consistent with the results of the mCCA+jICA approach.
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2.7 Selection of group-differentiating joint components

Like jICA, mCCA+jICA does not require a priori hypotheses prior to data decomposition,
but component selection must be justified by a priori hypotheses or statistical criteria. As in
previous studies using similar methods to study structure-function relationships in stroke
patients, joint ICs were selected for further analyses on the basis that their mixing
coefficients that significantly differed between patients and controls (Abel et al., 2015;
Robson et al., 2016; Specht et al., 2009). These ICs are referred to as group-differentiating
joint ICs (Sui et al., 2011) because they represent structure-function profiles that are
differently represented in the patient and control groups. Group differences in mixing
coefficients were assessed using two-tailed independent samples #tests with degrees of
freedom adjusted for unequal variances. Bonferroni-Holm correction was applied to control
the family-wise error rate (FWER) at 0.05 across all 10 tests (Aickin and Gensler, 1996).
This revealed a total of 3 significant (i.e. FWEp<0.05) group-differentiating joint 1Cs
(Figure 3) that were retained for further analyses.

2.8 Characterization of cross-modal relationships for selected components

The cross-modal connection strengths for each group-differentiating joint IC were
characterized by correlating the corresponding SMRI and fMRI mixing coefficients (Sui et
al., 2011). Partial correlations were used to assess whether the cross-modal connections
persisted when controlling for the effects of left hemispheric brain volume and lesion
volume. Left hemispheric brain volume was strongly anti-correlated with lesion volume in
the stroke patients (/=-0.86, p<0.001 — patients with larger lesions had smaller left
hemispheric brain volumes). Mean left hemispheric brain volumes were significantly larger
in the control group (%2.02=11.18, p<0.001; see Table 1 for group means).

2.9 Characterization of behavioral relationships for selected joint components

Relationships between patient mixing coefficients for the selected joint ICs and language
task scores were explored with robust multiple regressions using iteratively re-weighted least
squares (implemented in the MATLAB Statistics Toolbox) to reduce the influence of outlier
data points and protect against false positives (Poldrack, 2012; Wager et al., 2005). For each
language task, we fit an (1) sSMRI model, and (2) an fMRI model. Each model included
patient mixing coefficients for the 3 group-differentiating 1Cs from the corresponding
modality (i.e. SMRI ICs for the SMRI models; fMRI ICs for the fMRI models) as predictors.
Models were considered significant if the p-value for the ~test against the intercept-only
model was less than 0.05, FWE-corrected for all 6 full model tests using the Bonferroni-
Holm procedure. Individual predictors were considered significant if the p-value of the £test
for the parameter estimate was less than 0.10, adjusted for the false discovery rate (FDR)
across all 18 individual predictor tests (Benjamini and Hochberg, 1995; Genovese et al.,
2002) Hm

Additional lesion size covariates were not included in the behavioral regression analyses
because they were multi-collinear or close-to-multi-collinear with the SMRI predictors as
indicated by variance inflation factors (VIF) of 16.95 and 8.22 for left hemispheric brain
volume and lesion size, respectively (Belsley et al., 1980). Patient left hemispheric brain
volumes were nearly perfectly predicted by a model including patient loadings on all three
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group-differentiating SMRI 1Cs (R2=0.93, p<0.001). Loadings on SMRI IC3 were the best
predictor of left hemispheric brain volumes (sSMRI IC1: 6=0.58, £9=12.49, p<0.001; SMRI
IC2: 6= 0.55, 59=6.50, p<0.001; SMRI IC3: b=0.77, t;9=18.29, p<0.001). Lesion volume
showed similar relationships to loadings on the group-differentiating SMRI I1Cs (/2=0.88,
p<0.001; sSMRI IC1: =-0.59, £39=—10.43, p<0.001; SMRI IC2: p=—0.31, g=-3.01
p=0.005; sSMRI IC3: 6=—0.63, £9=—12.39, p<0.001). However, neither left hemispheric
brain volumes (R2:0.13, p=0.14; fMRI IC1: £=0.18, £9=1.87, p=0.07; fMRI 1C2: 6=0.22,
9=1.75, p=0.09, fMRI IC3: #=0.09, #9=0.72, p=0.48) nor lesion volumes (A%=0.11,
p=0.21; fMRI IC1: 6=-0.14, 9=—1.74, p=0.09; fTMRI IC2: b=-0.14, o=-1.32, p=0.19
fMRI IC3: 6=-0.08, 9=-0.74, p=0.46) were significantly predicted by loadings on the
group-differentiating fMRI ICs. Thus, lesion size covariates were not included in the SMRI
models due to multi-collinearity, and for consistency between the SMRI and fMRI models,
they were also not included in the fMRI models. Importantly, relationships between the
fMRI loadings and brain volume/lesion volume measures were weak and were not
statistically significant.

3.1 Group-differentiating joint ICs

Three group-differentiating joint ICs were identified by mCCA+jICA. The control group
had significantly greater mean mixing profile coefficients for sSMRI IC1 (#436=7.37,
FWEp<0.001) and fMRI IC1 (#5.41=5.39, FWEp<0.001), sSMRI IC2 (# ¢6=7.86,
FWEp<0.001) and fMRI IC2 (#30.91=2.88, FWE=0.025), and SMRI I1C3 (5.99=5.83,
FWE;p<0.001) and fMRI IC3 (%5 go=4.47, FWEp<0.001), indicating that these components
were more strongly represented in the control data than in the patient data (see Figure 3 for
group means). To visualize the voxel-level contributions to each of the group-differentiating
joint components, the values in the corresponding spatial maps were converted to Z-values
by dividing each voxel’s value by the standard deviation of voxel values in the map and
thresholded at |Z|>2.0 (Calhoun et al., 2006 Sui et al., 2011). The thresholded maps are
shown in Figure 3.

The sMRI components of the group differentiating joint ICs reflected three general patterns
of tissue preservation involving (1) left posterior temporo-parietal regions, (2) left basal
ganglia/insular regions, and (3) left inferior frontal regions (Figure 3). The fMRI
components of the group-differentiating joint ICs reflected three distinct patterns of
activation, two of which (i.e. fMRI IC1 and fMRI IC3) predominantly featured regions
associated with the CSN identified by the mass-univariate analysis (Figure 1C, Figure
3A,C). The first FIMRI component (fMRI 1C1) was the most strongly represented component
in the data from both groups, as indicated by having the highest mean mixing profile
coefficients for each group (Figure 3).

Spatial similarity between the CSN identified by the mass-univariate analysis (shown in
Figure 1C) and each group-differentiating fMRI IC was assessed by correlating the voxel
values in the unthresholded CSN #statistic map with the voxel values in the unthresholded
fMRI IC zstatistic maps. The strongest correlation was observed for fMRI IC1 (r=0.68,
p<0.001), followed by fMRI IC3 (=0.49, p<0.001), and fMRI IC2 (r=0.30, p<0.001). Based
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on recent reports detailing the sub-networks of the CSN, we interpreted fMRI IC1 and fMRI
IC3 as corresponding to the default mode/perisylvian and fronto-parietal network sub-
networks, respectively (Xu et al., 2016). We interpreted fMRI IC2 as corresponding to a
previously described bilateral sub-network primarily involving the inferior frontal gyrus pars
orbitalis that is thought to primarily reflect differences in the decision-making aspect of the
tasks (Kim et al., 2011).

3.2 Cross-modal connection strengths for selected components

All three group-differentiating joint ICs showed significant correlations between their fMRI
and sMRI mixing profile coefficients (Joint IC1: /=0.53, FWE<0.001; Joint IC2: r=0.33,
FWEp=0.004; Joint 1C3: =0.30, FWEp=0.004). The mixing profile coefficient correlation
for joint IC1 persisted when the effect of left hemispheric brain volume was held constant
(partial /=0.31, p=0.004), and when this analysis was restricted to the patient group (partial
r=0.33, p=0.03). A similar relationship was observed when lesion volume was held constant
for the patient group (partial /=0.30, p=0.05). However, the mixing profile coefficient
correlations for the other two joint ICs did not persist when left hemispheric brain volume
was held constant (joint IC2: partial /=0.20, p=0.07; joint IC3: partial /=-0.03, p=0.8),
remained non-significant when the analyses were restricted to the patient group (joint 1C2:
partial /=0.20, p=0.21; joint IC3: partial /=0.05, p=0.78), and remained non-significant when
lesion volume was held constant for the patient group (joint IC2: partial /=0.24, p=0.13;
joint IC3: partial /=0.02, p=0.86). Scatter plots illustrating these relationships are shown in
Figure 4.

The results of the partial correlation analyses indicate that the relationship between sMRI
and fMRI mixing profile coefficients for joint IC1 are not attributable to the total amount of
preserved left hemispheric tissue or to lesion size. Because lesions were most frequent in the
white matter underlying the left frontal operculum (Figure 1A), it is also unlikely that this
relationship is driven by lesion frequency effects. Highly similar, albeit slightly stronger
(r=0.47, FWEp=0.04 — corrected for 25 comparisons; partial /=0.42, p=0.008 when lesion
volume was held constant), effects were obtained from the parallel ICA of lesion and task
data from the patient group (see Supplementary Analysis 2). Similar results were also
obtained from the lesion-symptom mapping analysis (see Supplementary Analysis 3).

3.3 Relationships between patient mixing coefficients and behavioral performance

Results from the behavioral regression analyses are presented in Table 2. All sMRI and
fMRI models significantly predicted task performance. Notably, patient mixing coefficients
for sSMRI IC1 significantly predicted all three language outcomes in the SMRI models,
consistent with our previous findings that posterior temporo-parietal lesions predicted poor
performance on all 3 tasks in these patients (Griffis et al., 2017a). Patient mixing coefficients
for the two most strongly represented fMRI ICs in the control data (fMRI ICs 1 and 3),
which were also the most similar to the CSN identified by the mass-univariate analysis,
significantly predicted all three language outcomes in the fMRI models. This was also
consistent with our previous findings regarding the relationships between language task-
evoked activation in the CSN and language task performance in these patients (Griffis et al.
2017b).
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3.4 Exploratory fiber tracking

Recent studies indicate that posterior temporo-parietal regions (i.e. regions associated with
SMRI IC1 - see Figure 3A) harbor a disproportionate number of structural connections to
other language-relevant areas (Ivanova et al., 2016; Martino et al., 2013; Turken and
Dronkers, 2011) and are functionally connected to other portions of the semantic network at
rest (Turken and Dronkers 2011). There is also evidence that task-evoked networks strongly
reflect the intrinsic functional network architecture (Cole et al., 2014), which itself reflects
underlying structural connections (Honey and Sporns, 2009). Therefore, damage to the
regions corresponding to SMRI IC1 might be expected to disrupt communication in the CSN
by damaging structural connections, and this might be expected to produce altered task-
evoked activation.

While we could not directly address this hypothesis, we performed a post-hoc deterministic
fiber tracking analysis to explore the structural connections of the CSN associated with the
regions identified by mCCA+jICA. These analyses were performed using a freely available,
pre-processed, group-averaged (N=842) tractography dataset (WU-Minn HCP Consortium;
HCP-842 tractography template - http://dsi-studio.labsolver.org/download-images/hcp-842-
template) consisting of diffusion MRI data from the Human Connectome Project (2015 Q4,
900 subject release, 842 subjects included) that were reconstructed in MNI atlas space using
Q-space diffeomorphic reconstruction (QSDR - Yeh et al., 2010; Yeh and Tseng, 2011) and
averaged to create a population-level tractography template (for details, see Yeh et al., 2017).
Data were accessed under the WU-Minn HCP open access agreement, and were originally
acquired using a multi-shell diffusion scheme (b-values: 1000b-values: 2000, and 3000 s/
mm?2; diffusion sampling directions: 90, 90, and 90; in-plane resolution: 1.25mm). Because
the data were already pre-processed and in MNI atlas space, no further processing was
performed.

For these analyses, a broad CSN region of interest was defined as those regions identified by
the mass-univariate analysis of the control data (Griffis et al. 2017b), which are shown in
Figure 1C. This broader definition (i.e. as opposed to the more specific sub-networks
identified by mCCA+jICA) was chosen to enable the identification of all tracts associated
with the large-scale CSN. Deterministic fiber tracking analyses (Yeh et al., 2013) were
performed as previously reported (for details, see Griffis et al. 2017a) using default tracking
parameters in the DSI_Studio software package (http://dsi-studio.labsolver.org/) in order to
identify fiber tracts that both originated and terminated within the CSN region of interest.
Each of the three SMRI components of the group-differentiating joint ICs identified by the
mCCA+joint ICA were thresholded (|.Z>2.0) and used as ROIs to retain only the tracts
passing through the corresponding regions. Therefore, the resulting tracts both (1) connected
different portions of the CSN, and (2) passed through the areas corresponding to the
thresholded sMRI components of the group-differentiating joint ICs. These tracts were then
manually separated and labeled as previously reported (Griffis et al., 2017a). This approach
is analogous to other methods employed by previous studies that have characterized the
structural connections of regions identified by lesion-deficit analyses (Harvey and Schnur,
2015; Mirman et al., 2015; Turken and Dronkers, 2011), and while indirect, provides
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qualitative information about the expected structural connections and endpoints associated
with each region identified by mCCA+jICA.

Connections passing through voxels associated with SMRI IC1 corresponded to the superior
longitudinal fasciculus 11, long segment of the arcuate fasciculus, posterior segment of the
arcuate fasciculus, inferior fronto-occipital fasciculus, middle longitudinal fasciculus, and
short-range fibers connecting the angular gyrus to the ppsterior superior temporal gyrus.
Connections passing through voxels associated with SMRI IC2 consisted of the inferior
fronto-occipital fasciculus, uncinate fasciculus, anterior thalamic radiations, frontal aslant
tract, and short-range fibers connecting the inferior frontal gyrus pars triangularis to the
anterior insula. Finally, connections with fibers passing through voxels associated with SMRI
IC3 consisted of the long segment of the arcuate fasciculus, anterior thalamic radiations,
frontal aslant tract, short-range fibers connecting the inferior frontal gyrus pars opercularis
to the precentral gyrus, short-range fibers connecting the inferior frontal gyrus to the middle
frontal gyrus, and callosal fibers connecting bilateral superior frontal gyri. These results are
shown in Figure 5B. Fiber tract endpoints for the connections passing through voxels
associated with each SMRI IC are shown in Figure 5C. We note that these results only
represent fibers connecting regions associated with the CSN, and do not account for all
fibers passing through each region. It should be emphasized that these results can only
provide information the expected structural connections associated with each SMRI IC in
healthy individuals (see Limitations).

4. Discussion

4.1 Semantic network activation and left hemispheric tissue preservation

Here, we characterized relationships between task-evoked fMRI activation and tissue
preservation in chronic left hemispheric stroke patients using mCCA+jICA. In addition to
using optimized techniques for data-driven analyses of structure-function relationships, this
study featured strengths that include (1) the relatively large sample of patients and controls
(=43 per group), and (2) the use of statistical controls for confounds related to overall
lesion size. Our analyses revealed an association between the status of left posterior
temporo-parietal areas and the level of activation in (1) areas associated with the CSN and
(2) right fronto-temporo-parietal areas. Importantly, these relationships could not be
attributed to the effects of left hemispheric brain volume or overall lesion volume, and are
unlikely to reflect overall lesion frequency effects. Patient loadings for both the tissue
preservation and fMRI activation components of joint IC1 correlated positively with
performance on in-scanner and out-of-scanner language tasks, consistent with our previous
studies separately characterizing the structural and functional correlates of language task
performance in this sample (Griffis et al. 2017a, 2017b). While task performance was also
positively correlated with patient contributions to joint IC3, which featured fMRI activity in
the left fronto-parietal sub-network of the CSN and tissue preservation in the left inferior
frontal gyrus, the cross-modal relationship for this component did not hold in the patient
group or when controlling for lesion size effects. Thus, while the activation pattern captured
in fTMRI IC3 is associated with better task performance in patients, conclusions about its
relationship to brain structure are not warranted by these data. Finally, our fiber tracking
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results suggest that regions corresponding to the structural component of joint IC1 likely
contain diverse structural connections traversing frontal, temporal, and parietal portions of
the CSN in healthy individuals. This is consistent with previous reports indicating that
posterior temporal regions are traversed by multiple tracts connecting the distributed CSN
(Turken and Dronkers 2011), and also supports the proposal that damage to regions
containing multiple long-range fiber tracts may produce wide-spread abnormalities in
network function (Griffis et al., 2017a; Ramsey et al., 2017). Thus, the preservation of left
temporo-parietal regions may contribute to the preservation/restoration of CSN function in
chronic left hemispheric stroke patients. We discuss these results in the context of the
broader literature below.

As noted earlier, the semantic decision task used in this study has been consistently shown to
produce robust activation in a bilateral but predominantly left hemispheric network that
includes the inferior frontal gyrus pars triangularis, middle frontal gyrus, superior frontal
gyrus, anterior temporal lobe, posterior middle temporal gyrus, angular gyrus, posterior
supramarginal gyrus, precuneus, hippocampus, and posterior cingulate cortex in healthy and
clinical populations (Binder et al., 2009, 2008, 1999, 1997; Donnelly et al., 2011; Griffis et
al., 2017b; Kim et al., 2011; Szaflarski et al., 2008). Accordingly, robust activation in these
regions was detected by the mass-univariate analysis of the fMRI data, as can be seen in
Figure 1C. The structural connections supporting this network have been previously reported
to include the arcuate fasciculus and inferior fronto-occipital fasciculus, and multiple
relevant fiber pathways have been reported to converge in the white matter underlying
posterior temporo-parietal cortical areas (Catani et al., 2012; Griffis et al., 2017a; Ivanova et
al., 2016; Martino et al., 2013; Turken and Dronkers, 2011). These cortical areas, which
include the posterior superior temporal gyrus, angular gyrus, posterior supramarginal gyrus,
and other portions of the inferior parietal lobule, may correspond to heteromodal
convergence zones that integrate modality-specific (i.e. sensory, motor, etc.) information to
form and store abstract knowledge (Binder and Desai, 2011; Skipper-Kallal et al., 2015).
Along these lines, recent evidence indicates that the CSN is composed of at least three sub-
networks — the peri-sylvian, default mode, and fronto-parietal sub-networks — that play
specialized roles in high-level language processing, semantic memory, and semantic control,
respectively (Xu et al., 2016). The integration of these networks during semantic processing
likely depends on cortical hub regions that include the left angular gyrus (integration of all
three sub-networks), posterior supramarginal gyrus (integration within the peri-sylvian
network), and inferior parietal lobule (integration of the fronto-parietal and default-mode
networks) (Xu et al., 2016). Accordingly, previous evidence suggests that among regions
within the left middle cerebral artery distribution, temporo-parietal areas feature
disproportionate functional connections compared to lateral prefrontal areas like the inferior
frontal gyrus (Buckner et al., 2009) Different portions of the temporo-parietal areas
associated with the CSN also show distinct patterns of functional connectivity with other
broadly specialized large-scale networks. For example, the angular gyrus is associated with
the broader default-mode network, while the supramarginal gyrus is associated with the
ventral attention and cingulo-opercular networks, and the inferior parietal lobule is
associated with the broader fronto-parietal network (Daselaar et al., 2013; Uddin et al.,
2010). Notably, these regions were included in the structural component of joint IC1
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identified by mCCA+jICA (Figure 3A), the linked lesion component identified by parallel
ICA (Supplementary Analysis 2), and the lesion predictors of loadings on fMRI IC1
identified by multivariate lesion-symptom mapping (Supplementary Analysis 3). To
summarize, the left posterior temporo-parietal areas associated with the structural
component of joint IC1 are likely convergence zones that contain white matter pathways
connecting different portions of the CSN, are involved in the integration of modality-specific
information from sensory/motor areas, are involved in integrating functionally distinct CSN
sub-networks to accomplish semantic processing, and are associated with distinct larger-
scale functional networks. These properties provide important clues as to why tissue
preservation in these regions may be important for the preservation/restoration of task-
evoked activation in the CSN after left hemispheric stroke.

Given that posterior temporo-parietal areas correspond to a convergence of functional and
structural networks, it is possible that the observed relationship between task-evoked
activation in the CSN and tissue preservation in these regions may reflect, to varying
degrees, the preservation of structural pathways connecting distributed portions of the CSN,
cortical regions mediating the mapping of low-level inputs to abstract concepts, cortical
regions mediating the integration of sub-networks associated with the CSN to accomplish
task goals, and cortical regions associated with distinct larger-scale brain networks involved
in broad aspects of cognitive function. The destruction of structural connections and/or
cortical regions mediating the integration of CSN sub-networks would be expected to result
in aberrant task-evoked function in the CSN, and the destruction of cortical regions
associated with distinct large-scale brain networks might be expected to lead to changes in
the task-evoked properties of networks outside of the CSN. This point is important to
consider given the opposite contributions of activity in the CSN and activity in right fronto-
temporo-parietal areas to semantic decisions vs. tone decisions (Figure 1C; Figure 3A;
Supplementary Figure 2). One hypothesis is that in healthy individuals and patients with
preserved temporo-parietal structures, this reflects the segregation of these networks to
accomplish high-level semantic (i.e. semantic decisions) vs. lower-level sensory (i.e. tone
decisions) tasks; in patients with posterior temporo-parietal damage, the loss of structural
connections and/or a diminished capacity for integrated network function might reduce CSN
activation, while a diminished capacity for task-driven segregation between semantic vs.
attention networks might increase right fronto-temporo-parietal activation.

This proposal is broadly consistent with the implications of recent reports that task-driven
interactions among the default mode, left fronto-temporo-parietal, and right fronto-temporo-
parietal networks during speech production are disrupted in left hemispheric stroke patients
(Geranmayeh et al., 2016), namely that altered large-scale network dynamics may underlie
atypical task-evoked responses in chronic stroke patients. This also implies that patients with
temporo-parietal damage should show disrupted network interactions at rest in addition to
changes in task-evoked network properties. While testing for these effects is beyond the
scope of the current study, several lines of evidence support the plausibility of this
explanation. For example, default mode hub regions are involved in modulating activity in
other networks that include task-positive prefrontal networks (Uddin et al., 2009), and
circumscribed lesions of the medial prefrontal cortex (a core default mode region) result in
disrupted functional interactions between the default mode and attention/motor networks at
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rest (Eldaief et al., 2016). Growing evidence also indicates that large-scale network
interactions are disrupted in patients with post-stroke visuospatial neglect (Baldassarre et al.,
2014; He et al., 2007). Severe disruptions of functional connectivity in neglect patients have
previously been associated with damage to portions of the white matter harboring fibers
from both the right arcuate and superior longitudinal fasciculi (He et al., 2007). Notably, the
left hemispheric homologues of both of these tracts are expected to be damaged in patients
with lesions resembling SMRI IC1 (Figure 5B). While this explanation of our results is
therefore plausible, it is not the only explanation for the observed effects.

Another potential explanation is that dysfunction within CSN is accompanied by right
fronto-temporo-parietal compensation in chronic patients. As noted in the Introduction, it is
thought that right hemispheric regions may be recruited to support residual language
abilities when canonical language networks are not sufficiently preserved/restored (Heiss
and Thiel 2006; Hamilton et al., 2011; Turkeltaub et al., 2011, 2012; Saur and Hartwigsen
2012). Indeed, we recently reported that higher activation in several of the right frontal
regions (i.e. right inferior frontal gyrus and right supplementary motor area) featured in
fMRI 1C1 showed a positive relationship to naming and verbal fluency performance for
patients with extensive left hemispheric damage (Griffis et al., 2017b). Given that these
regions show up-regulated task-evoked activity during early recovery, but show normalized
levels of task-evoked activation in chronic patients who successfully recover (Heiss et al.,
1999; Saur et al., 2006), we speculated that the beneficial relationship between activity in
these regions and language task performance for patients with extensive left hemispheric
damage might reflect the maintenance of early compensatory mechanisms into the chronic
recovery phase (Griffis et al., 2017b). Accordingly, patients with left posterior lesions may
also be less likely than patients with frontal or sub-cortical lesions to restore function in
canonical language networks during recovery, and have been reported to continue to show
task-evoked activation in right fronto-temporal networks at later stages of recovery than
frontal and sub-cortical patients (Heiss et al., 1999). While increased activation of right
posterior temporo-parietal areas has also been reported in patients with extensive left
hemispheric damage (Sims et al., 2016), our previous study that explicitly investigated
relationships between lesion size and right hemispheric activations in these patients did not
find evidence for a relationship between activation in these regions and lesion size (Griffis et
al., 2017b). Thus, a second potential explanation for the relationship captured in joint IC1 is
that decreased task-driven segregation in patients with left temporo-parietal damage reflects
compensation rather than inter-network dysregulation. However, it is also possible that these
are not mutually exclusive. For example, diminished task-specific suppression of activity in
right fronto-temporo-parietal networks following damage to hub regions such as the left
angular gyrus might facilitate compensation via these networks during task performance,
although this should be regarded as speculation.

4.2 Limitations

In this study, we attempted to build upon and extend our previous hypothesis-driven studies
of this patient sample by utilizing data-driven multivariate analyses to characterize links
between complex patterns of task-evoked brain activation and regional left hemispheric
tissue preservation. Despite the various advantages of data-driven approaches to studying
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such complex relationships, they are nonetheless exploratory (Sui et al., 2014). It is therefore
important to emphasize that confirmatory studies designed to test pre-specified and theory-
driven hypotheses are a necessary next step in developing a thorough understanding of
structure-function relationships in chronic left hemispheric stroke. In the previous section,
we presented two broad hypotheses regarding the potential nature of the observed effects,
and while they provide direction for future studies in this area, we stress that they must be
considered speculative until they can be tested by confirmatory studies.

In addition, because this study only included chronic patients, it cannot be concluded
whether the observed activation patterns reflect the initial preservation vs. eventual
restoration of network function. Further, it is unclear to what extent the observed effects
might be influenced by pre-stroke differences among patients in brain structure (Forkel et
al., 2014), and longitudinal studies are necessary to interrogate such possibilities.

Another limitation common to most lesion studies is that the SMRI components include
heterogeneous anatomical areas that fall within a given branch of the left middle cerebral
artery territory. The locations of strokes are not random, but reflect the vascular distribution
of the brain (Richardson et al., 2012; Rorden et al., 2007; Rorden and Karnath, 2004). Given
that ICA is a data-driven technique that decomposes MRI data into statistically independent
spatial patterns, some correspondence between the decomposed structural data and the
vasculature of the LMCA territory is to be expected. Notably, while structural components
identified by previous studies using similar techniques (i.e. jICA) to study structure-function
relationships in chronic stroke patients have often featured large swaths of tissue spanning
multiple lobes (e.g. Abel et al., 2015; Robson et al., 2016), the sSMRI ICs identified in this
study were relatively spatially constrained. Further, the voxel contributions to each
component were not uniform, indicating that specific areas contributed more to each
component than to others (Figure 3).

We note that performance data on clinical aphasia batteries with domain-specific sub-tests
(e.g. Western Aphasia Battery) were not available for all of the patients, and the language
data were collected for relatively high-level language tasks. While they may be ideal to fully
characterize the patients, detailed aphasia assessments were not necessary to accomplish the
aim of the current study. Importantly, the available data included performance on the in-
scanner semantic task-of-interest, and also included performance on out-of-scanner tasks
that emphasize distinct language domains. Given that it is not uncommon for studies that do
collect detailed clinical assessments to not incorporate them fully or even at all in the
analyses, but rather focus on a sub-test, in-scanner task, or other task of interest (Abel et al.,
2014; Fridriksson et al., 2012, 2010; Laura M Skipper-Kallal et al., 2017a, 2017b; Specht et
al., 2009), we do not consider this limitation particularly problematic.

Finally, the tractography analyses utilized group-averaged data from healthy individuals, and
are essentially qualitative. While similar approaches have been used by previous studies
(Turken and Dronkers et al., 2011; Mirman et al., 2015; Fridriksson et al., 2013; Harvey and
Schnur, 2015; Griffis et al., 2017a), this must be acknowledged as a limitation. Further,
while QSDR, which is an extension of generalized g-sampling imaging (GQI), is superior to
traditional diffusion tensor imaging (DTI) approaches for resolving crossing fibers (Yeh and
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Tseng, 2011), other model-based approaches may perform best in this regard (Lichenstein et
al., 2016; Wilkins et al., 2015).

5. Summary and Conclusions

In conclusion, we found the preservation of left posterior temporo-parietal cortices and the
underlying deep white matter to be associated with greater semantic task-evoked activation
in default mode and peri-sylvian sub-networks of the CSN, and with lower semantic task-
evoked activation in a set of right fronto-temporo-parietal areas. Patient mixing profile
coefficients for both the temporo-parietal tissue preservation component and the CSN
activation component positively predicted performance on in-scanner and out-of-scanner
language tasks. Exploratory fiber tracking analyses found evidence to suggest that lesions
affecting left temporo-parietal areas may have a disproportionate impact on the structural
connections of the CSN, and suggest that the relationship between tissue preservation in
these areas and activation in regions associated with the CSN may partially reflect the
preservation of long-range structural connections. These results provide important insights
into how language task-evoked activation patterns in chronic stroke patients relate to the
preservation of left hemispheric structures, and provide specific hypotheses regarding
structure-function relationships in this population that can motivate future studies in this
area.
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Highlights
We use data fusion analyses to link structure and function in chronic stroke.
Semantic task activation is linked to sparing of left temporo-parietal areas.
Left temporo-parietal lesions may disrupt semantic network connections.

Data fusion provides insights into structure-function relationships after stroke.
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Figure 1.
A. Lesion frequencies for all 43 patients are shown on orthogonal slices of a template brain.

Color bar values indicate the number of patients with lesions at each voxel, and the voxels
are centered on the voxel with the highest lesion frequency (max=32). B. Top — a template
normalized T1-weighted image from a single patient (left) is shown along with the
normalized (un-smoothed and un-thresholded) GM and WM segmentations (shown in green)
obtained using standard tissue priors. Arrows indicate lesion voxels that were erroneously
classified as intact tissue. Bottom — the same template normalized image is shown overlaid
with extra lesion prior (shown in red), along with the GM and WM segmentations (shown in
blue) obtained using the modified segmentation. Previously misclassified voxels are now
correctly assigned to the extra tissue class, and are no longer apparent in the GM/WM TPMs
as indicated by the arrows. C. Group-level activation (#contrast) maps for the control (left)
and stroke (right) groups obtained using a standard mass-univariate analysis of the semantic
decision minus tone decision contrast. Maps are thresholded at p<0.01 at the voxel-level and
FWEp<0.05 at the cluster-level. Red indicates activations associated with semantic decisions
relative to tone decisions, and blue indicates de-activations.
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Figure 2. Schematic illustration of mMCCA+jICA
The diagram illustrates the mCCA+jICA pipeline. Data from each modality are first re-

shaped into subject-by-voxel data matrices (X1,X5), pre-processed, and dimension-reduced
via SVD. mCCA is then used to obtain canonical variates (D1,D,) and associated
components (C1,C») by finding the sets of basis vectors (P,Q) that maximize the correlations
between the projections of (Y1,Y2). The components are concatenated into a single data
matrix and input into the joint ICA to obtain the joint source matrix (S1,S2) and the mixing
matrix (W). The mixing matrix obtained from joint ICA and the canonical variates obtained
from mCCA are used to compute modality-specific mixing profiles (A1,Ay) for each joint
component. Comparisons of the mixing profiles between patient and control groups are used
to select joint components of interest. Correlations between the sSMRI and fMRI mixing
profiles for each joint component provide an estimate of the strength of the structure-
function relationship captured in each joint component. The source matrix is used to
reconstruct spatial maps quantifying voxel-level contributions to the joint components of
interest.
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Figure 3.
A-C. Z-scaled (|Z] > 2.0) back-reconstructed maps for the sSMRI (left) and fMRI (right)

components of each group-differentiating joint IC are shown along with bar graphs of the
mean SMRI and fMRI mixing coefficients (loadings) from stroke patients (red) and controls
(blue) on each group-differentiating joint IC. Patient loadings were significantly
(FWEp<0.05) lower than control loadings for all 3 group-differentiating joint ICs, indicating
that these components were less represented in the patient data than in the control data.
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Figure 4.

Scatterplots illustrate correlations between sMRI (x-axis) and fMRI (y-axis) mixing
coefficients for the group-differentiating joint ICs identified by mCCA+jICA. Plots on the
left show the un-adjusted correlations computed across all participants (i.e. both healthy
controls and stroke patients). The plots on the right show partial correlations (controlling for
left hemispheric brain volume) computed using only data from the stroke patient group.
Stroke cases are shown in red, and control cases are shown in blue.
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C sMRI IC1 sMRI IC2 sMRI IC3

csn Il Tract endpoints

Figure 5.
A. Fibers connecting CSN regions are overlaid on sagittal and axial slices of a template

brain with (left) and without (right) the semantic network ROI. B. Fibers connecting
semantic network regions that pass through locations corresponding to SMRI IC1 (top),
SMRI IC2 (middle), and sSMRI I1C3 (bottom) are overlaid on sagittal and axial slices of a
template brain with (left) and without (right) the sMRI IC ROIs. C. Tract endpoints (red) are
overlaid along with the CSN (blue) to illustrate the CSN regions with connections passing
through each sSMRI IC. SLF I — superior longitudinal fasciculus Il; AFls — arcuate
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fasciculus long segment; AFps — arcuate fasciculus posterior segment, IFOF — inferior
fronto-occipital fasciculus; mdlLF — middle longitudinal fasciculus; AG-pSTG — angular
gyrus and posterior superior temporal gyrus; ATR — anterior thalamic radiations, UF —
uncinate fasciculus; FAS — frontal aslant; IFGptr-alns — inferior frontal gyrus pars
triangularis and anterior insula; IFG-MFG — inferior frontal gyrus and middle frontal gyrus;
IFG-PCG - inferior frontal gyrus and precentral gyrus, SFG-SFG — superior frontal gyrus
and superior frontal gyrus
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Table 2

Regressions of patient behavioral scores on loadings for selected components

sMRI Model (SD Correct) R2=0.22 FWEp=0.03

Predictor 3 t P (FDRp)
SMRI IC1 0.41 2.74 0.009 (0.02)
SMRI IC2 0.06 0.38 0.71 (0.77)
SMRIIC3  -0.01  -0.06 0.95 (0.95)

sMRI Model (Verbal Fluency) R2=0.38, FWEp=0.001

Predictor K] t P (FDRp)
sSMRI IC1 0.38 2.86 0.006 (0.02)
SMRI IC2 0.29 2.19 0.03 (0.045)
SMRI IC3 0.36 2.8 0.007 (0.02)

sMRI Model (Naming) R2=0.25, FWEp=0.02

Predictor ] t P (FDRp)
SMRIIC1 044 2.8 0.007 (0.02)
sMRI IC2 0.14 0.88 0.38 (0.49)
SMRI IC3 0.28 1.87 0.07 (0.10)

fMRI Model (SD Correct) R =0.38, FWEp=0.003

Predictor f3 t P (FDRp)
fMRI IC1 0.31 2.32 0.026 (0.04)
fMRI 1C2 0.31 2.34 0.025 (0.04)
fMRI IC3 0.45 3.4 0.002 (0.02)

fMRI Model (Verbal Fluency) R2=0.48, FWEp<0.001

Predictor ] t P (FDRp)
fMRI IC1 0.34 2.86 0.007 (0.02)
fMRI IC2 0.08 0.63 0.53 (0.60)

fMRI IC3 0.55 4.72 0.00003 (<0.001)

fMRI Model (Naming) R% =0.28, FWEp=0.01

Predictor [ t P (FDRp)
fMRI IC1 0.36 2.36 0.02 (0.04)
fMRI 1C2 0.1 0.63 0.53 (0.60)
fMRI 1C3 0.41 2.79 0.008 (0.02)

Note: Significant models and predictors are indicated by bold text.

Cortex. Author manuscript; available in PMC 2018 November 01.

Page 31



	Abstract
	1. Introduction
	2. Methods
	2.1 Participants
	2.2 Behavioral data
	2.3 Neuroimaging data collection
	2.4 Structural MRI data processing
	2.5 Functional MRI data processing
	2.6 Fusion of brain tissue and task activation data
	2.7 Selection of group-differentiating joint components
	2.8 Characterization of cross-modal relationships for selected components
	2.9 Characterization of behavioral relationships for selected joint components

	3. Results
	3.1 Group-differentiating joint ICs
	3.2 Cross-modal connection strengths for selected components
	3.3 Relationships between patient mixing coefficients and behavioral performance
	3.4 Exploratory fiber tracking

	4. Discussion
	4.1 Semantic network activation and left hemispheric tissue preservation
	4.2 Limitations

	5. Summary and Conclusions
	References
	Figure 1
	Figure 2
	Figure 3
	Figure 4
	Figure 5
	Table 1
	Table 2

