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Abstract

The ability to predict long-term functional outcomes in the acute setting of stroke represents a highly clinically relevant

problem that is currently unresolved. The field of connectomics exploits imaging and processing techniques to represent the

brain’s structural and/or functional connectivity as a graph. Topological properties of these brain graphs have been extensively

explored, shedding light on the underlying mechanisms of brain function in health and disease. In the human connectome, a

rich club organization serves as a high capacity backbone system critical for physiological neuronal connectivity. We assess

the impact of ischemic stroke insults to the brain regions that constitute this rich club backbone and topological properties

of functional brain networks on brain recovery in a hospital-based cohort of 41 acute ischemic stroke (AIS) patients. We

demonstrate that an improved predictive model of post-stroke patient functional outcome can leverage information about brain

network topology and yield a 5-fold increase in explained variance for the 90-day outcome.

Introduction

Stroke is a leading cause of long-term adult disability [Feigin et al., 2014]. Despite the significant public
health burden of stroke [Carlo, 2008], the ability to individually prognosticate stroke outcomes in the acute
setting is difficult. Prediction of long-term functional outcomes in patients with acute ischemic stroke (AIS)
is important as it may offer the possibility of personalized early interventions and rehabilitation strategies.
However, this prediction remains challenging [Counsell and Dennis, 2001] due to the complex mechanisms of
post-stroke recovery and the multitude of clinical and radiographic variables that differentially affect patient
outcomes [Kent et al., 2001]; [Meschia, 2002]; [Muir, 2002]. Associations between structural features, such
as white matter microstructural integrity, and functional post-stroke outcome have recently been established
[Etherton et al., 2017]. However, the effect of structural or functional brain connectivity organisation on
recovery after stroke and its role in resilience to damage is yet to be fully elucidated.

1



Recent methodological developments in medical imaging enabled high level representations of a subject’s
underlying biology. In particular, connectomics involves representation of the brain as a graph and allows
the exploration of topological properties of brain connectivity with network theoretical measures [Rubinov
and Sporns, 2010]. Graph theory provides many valuable tools for the study of the human brain and can lead
to fundamental insights into its organisation [van den Heuvel and Sporns, 2011]; [Chung et al., 2016]; [Ktena
et al., 2016] and how it may be altered due to disease [Fornito et al., 2015]; [Kawahara et al., 2017]; [Ktena
et al., 2018]. At the same time, it incorporates knowledge of elementary system components (i.e. network
nodes or brain regions) as well as the interactions between them (i.e. network edges or functional and/or
structural connections) and analyzes the properties of the emerging complex system. This network-centric
perspective can provide insights into how the brain’s resilient network architecture allows it to withstand
injury [Achard, 2006]; [Joyce et al., 2013]; [Lo et al., 2015]. Moreover, network science can elucidate the
mechanisms through which diseases affect brain regions and progress over time [Raj et al., 2012]; [Deco et
al., 2015].

A so-called rich club organization has been described [van den Heuvel and Sporns, 2011] in the human con-
nectome, which comprises a set of network hubs that tend to be more densely connected than expected by
chance, given their high network degree, and has been explored in healthy individuals as well as patients
with psychiatric disorders [van den Heuvel et al., 2013]. These hubs are thought to serve as a high capac-
ity backbone critical for physiological neuronal connectivity whose integrity is crucial for brain function.
Targeted attacks on their connections can, thus, have a significant impact on global network efficiency [van
den Heuvel and Sporns, 2011]. At the same time, stroke location has been identified as an independent
predictor of cognitive outcome [Wu et al., 2015]; [Munsch et al., 2015], in addition to widely accepted clinical
predictors, such as age [Jokinen et al., 2015] and stroke lesion size [Vogt et al., 2012]; [Hope et al., 2013].

In this study, we examine the functional network organisation in AIS patients, as well as the impact of lesions
in rich club areas on functional outcome. Functional connectivity has been previously explored in longitudinal
studies of motor recovery after stroke [Park et al., 2011]; [Golestani et al., 2012]. Significant correlations
between interhemispheric resting-state connections and functional performance have been identified [Carter
et al., 2010]; [Rehme and Grefkes, 2013]. Nevertheless, the effect of focal ischemic stroke lesions on global
functional organization have not been investigated yet. We assess the impact of ischemic insults on brain
regions that constitute the rich club backbone, as well as functional network topology at a global level
on brain recovery, in a prospective, hospital-based cohort of AIS patients. We hypothesize that a linear
regression model incorporating connectivity information will improve the prediction of a patient’s functional
outcome. We conclude that the connectivity metrics obtained early in the course of acute ischemic stroke
can be used to better understand the mechanisms underlying variability in post-stroke functional outcomes.

Materials and Methods

Patient population

Forty-one AIS patients (age range 45-89, average 70; 25 male) were enrolled in the SALVO (Statins augment
small vessel function and improve stroke outcomes) study after admission to the Emergency Department at
Massachusetts General Hospital. Of these, 15 (37%) had a left hemispheric stroke, 1 (2%) had bilateral stroke,
and 25 subjects (61%) had a right hemispheric stroke. The study was approved by the Institutional Review
Board and all participants, or their surrogates, gave written informed consent at the time of enrolment. AIS
was defined as: (a) acute onset of focal neurological symptoms consistent with cerebrovascular syndrome,
(b) MRI findings consistent with acute cerebral ischemia, and (c) no evidence of other neurological disorders
to explain the symptoms. Subjects with moderate to severe white matter hyperintensity (WMH) burden
defined as Fazekas grade ≥ 2 in any of the three categories (periventricular, deep lesion extent and deep

2



lesion count) [Fazekas et al., 1987] were eligible for enrolment in this study. Participants with medical
contraindications to gadolinium-based contrast agents were excluded from this study.

Clinical assessment

Upon admission to the hospital, the National Institutes of Health Stroke Scale (NIHSS) score was recorded
for each patient. NIHSS is a well-established and widely used stroke severity assessment score [of Neu-
rological Disorders and rt-PA Stroke Study Group, 1995] that includes assessment of orientation, cranial
nerve function, motor function, sensation, language, and inattention/visuospatial neglect but not that of
other cognitive domains, such as memory or learning [Cumming et al., 2010]. The post-stroke functional
outcome was also assessed during two follow-up assessments: (1) within 2-5 days after admission (average
2.6 days, “early” in-hospital follow-up) and (2) at 90 days (“late” follow-up). The 90-day NIHSS score was
only available for 28 of the patients, while NIHSS score distribution for both assessments is illustrated in
Fig.1. Additionally, the modified Rankin Scale (mRS) score [Rankin, 1957] was recorded at “late” follow-up
to assess functional status of the SALVO patients [Bloch, 1988]. mRS ranges from 0 (no symptoms at all) to
6 (dead) and offers no detailed differentiation of neurological domains affected by stroke. It focuses on the
assessment of functional independence (ability to return to independent living, including ambulation without
assistance), and is widely used in stroke clinical trials based on its high utility and reliability [Wilson et al.,
2005]; [Banks and Marotta, 2007]; [Quinn et al., 2009].

For the late follow-up assessment, NIHSS score was available for 21 of the patients with functional con-
nectivity information. mRS was available for 32 patients. mRS ≤ 2 was considered as ‘good’ outcome
(minor disability but patient is functionally independent), while mRS > 2 was considered ‘poor’ outcome
(significant disability, loss of functional independence, including death).

Figure 1: ”Early” (left) and “late” (right) follow-up: National Institutes of Health Stroke Scale (NIHSS)
score distribution for all AIS patients assessed during early (N=41) and late (N=28) follow-up visits.

Data acquisition

All AIS patients who enrolled in the SALVO study underwent a research protocol MRI, including structural,
diffusion and functional imaging, during their hospital admission at 2-5 days from the stroke symptom
onset. A T1-weighted image was acquired with the following parameters: in-plane resolution, 0.430 mm;
slice thickness, 6mm; matrix size, 480 × 512; number of slices, 28. Gradient-echo echoplanar imaging (EPI)
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data depicting blood oxygen level-dependent contrast at rest were also acquired at 3.0T in Massachusetts
General Hospital (Boston, USA). The resting-state fMRI (rfMRI) data consisted of 150 volumes with the
following parameters: number of slices, 42 (interleaved); slice thickness, 3.51 mm; matrix size, 64 × 64; flip
angle, 90 degrees; repetition time (TR), 2400 ms; in-plane resolution, 3.437 mm. In the majority of subjects,
DWI was performed using a 3T (Siemens Skyra) scanner with the following parameters: numbers of slices,
160; slice thickness, 5mm; TR, 5500 ms; TE, 99ms; in-plane resolution, 1.375mm.

Image preprocessing

Both structural and functional images were preprocessed using the Configurable Pipeline for the Analysis
of Connectomes (CPAC) [Cameron et al., 2013]. First, bias field correction of the anatomical images was
performed [Tustison et al., 2010], followed by brain extraction using an in-house tool that employs a convolu-
tional neural network (CNN) and operates at a patch level. Subsequently, the images were registered to the
MNI (Montreal Neurological Institute) anatomical template using non-linear registration (ANTs) [Avants
et al., 2011]. Probability maps for grey matter, white matter and cerebrospinal fluid (CSF) were generated
using FSL FAST [Woolrich et al., 2009].

(c) Anatomical atlases(b) Functional 
Image Pipeline
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Figure 2: Overview of the processing pipeline.

For the functional data, slice timing correction was first performed to account for the interleaved acquisition,
while geometrical displacements due to head movement were corrected with rigid registration using the
AFNI software (https://afni.nimh.nih.gov/). Brain extraction of the fMRI data was performed using
FSL’s Brain Extraction Tool (BET) [Smith, 2002]. The 150 functional images for each patient were, then,
affinely registered to the corresponding T1 image, transformed to the MNI template, and underwent mean
intensity normalization. Finally, nuisance signal regression was performed for white matter, CSF and global
mean, and the functional time series were band-pass filtered (0.01-0.1Hz) and scrubbed for extreme frame
displacement (> 3mm). The structural and functional preprocessing steps are summarized in Fig.2.
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Ischemic lesion outlines and rich club nodes characterisation

A recent study on structural connectivity subdivided the brain into 68 cortical and 14 subcortical regions [De-
sikan et al., 2006] and identified those belonging to the rich club [van den Heuvel and Sporns, 2011]. These
nodes are characterized by high connection strength, high betweenness centrality and low path length. Be-
tweenness centrality is an indicator of a node’s centrality within a network with respect to its influence on the
transfer of information, while path length is an indicator of efficient information transmission. These regions
are not only individually central, but also more densely interconnected than expected by chance, a fact that
renders them critical for normal brain function. This set comprises 6 bilateral regions, including superior
frontal and parietal cortex and the precuneus, along with subcortical regions including putamen, hippocampus
and thalamus. These regions are illustrated in Fig.3. An expert neurologist (M.R.E.) manually outlined the
acute infarct lesions on the DWI image and identified the number of rich club nodes affected by the lesion.

Rich club - cortical
Superior parietal

Precuneus

Superior frontal

Rich club - subcortical

HippocampusThalamus Putamen

Figure 3: Visualisation of cortical (left) and subcortical (right) brain regions comprising the rich club
backbone.

Network analysis of functional connectivity

Three anatomical atlases were used to define the node regions of the brain graph following preprocessing of the
fMRI images, allowing us to explore reproducibility of the findings across different brain parcellations. These
included the Destrieux cortical atlas (148 regions) [Fischl, 2004], the Harvard-Oxford parcellation [Desikan
et al., 2006], including cortical and subcortical structures, and the AAL template (116 regions) [Tzourio-
Mazoyer et al., 2002]. For each atlas and each corresponding regions, mean time series were calculated (see
Fig. 2. Partial correlation between the time series was employed to estimate the strength of the functional
connections, yielding a weighted graph representation [Richiardi et al., 2013]. Global efficiency of the net-
works was explored via the characteristic path length, L, which corresponds to the average path length l(s)
across all nodes s [Rubinov and Sporns, 2010]. This measure was calculated separately for positive, negative
and absolute weights of the estimated partial correlation networks, as there is no consensus with regards to
which of these is most discriminative.
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Predictive model of functional outcome

Apart from looking at the association between the number of rich club nodes affected by stroke (NRC), and
the outcome measures collected at the early and late follow-ups, we devised four different predictive linear
regression models. The baseline model,

Outcome ∼ 1 +AGE +DWIV , (1)

is based on age and lesion volume (DWIV ) information, which have previously been identified as independent
predictors of stroke outcome [Vogt et al., 2012]; [Hope et al., 2013]; [Jokinen et al., 2015]. The alternative
model,

Outcome ∼ 1 +AGE +DWIV +NRC , (2)

incorporates NRC as a cofounding factor, while the third model,

Outcome ∼ 1 +AGE +DWIV ×NRC , (3)

includes possible interactions between NRC and DWIV , since a positive correlation is observed between
these two variables. This means that both the independent effects of NRC and DWIV and the relationship
between them are taken into consideration in the linear regression model. The last model,

Outcome ∼ 1 +AGE +DWIV ×NRC + L×NRC , (4)

introduces the path length L and it’s interaction term with NRC , since targeted ‘attacks’ to rich club nodes
have been shown to disturb global network efficiency more significantly [van den Heuvel and Sporns, 2011].
Therefore, these two predictors are expected to be related. The last model incorporates information related
to how structural and functional connectivity are disrupted after stroke, and therefore can only be applied
to patients with available fMRI data.

Results

Associations between functional outcome and rich club topology

We observe (Fig. 4) a positive correlation between the NIHSS assessed on early and late clinical follow-up
and the number of rich club nodes affected by the acute infarct (Spearman’s Rho rearly = 0.54, p < 0.001,
and rlate = 0.58, p = 0.001, respectively).

We further examine the relationship between DWI volume (DWIV ) and NRC to assess whether NRC is
determined by infarct size. As can be observed in Fig. 5, despite the positive correlation between these two
measures (Spearman’s Rho r = 0.46), there are both large infarcts that do not affect any rich club regions
and small infarcts that involve one or two rich club regions; this result demonstrates that larger DWIV does
not imply greater NRC .
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Figure 4: Early (left) and late (right) post-stroke outcome assessment in relation to the number of rich club
regions affected by the stroke lesion measured on the acute MRI.
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Figure 5: The association between acute infarct size, as measured by DWI volume and the number of rich
club nodes affected (color-coded based on early follow-up NIHSS score).

Functional topology in the acute stroke phase

After constructing the functional connectivity networks using partial correlation, we explore the characteristic
path length for positive, negative and absolute weights separately. Fig. 6 illustrates a positive correlation
between the early follow-up NIHSS scores and the characteristic path length after preserving all positive
connections of the functional network with nodes defined by the Harvard-Oxford atlas (Pearson’s correlation
coefficient r = 0.42, p = 0.01). A similar relationship can be observed with the AAL atlas, for which Pearson’s
correlation coefficient is r = 0.38, p = 0.03, as well as with the Destrieux atlas, with Pearson’s correlation
coefficient r = 0.41, p = 0.02. This finding could potentially indicate that the shorter the characteristic path
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length in the acute phase of stroke, the more resilient the functional network is to brain damage; hence, the
better the functional outcome as measured using NIHSS.

We further assessed the differences in functional network measures with respect to the ‘good’ or ‘poor’ mRS
outcome. Fig. 7 demonstrates the differences identified between L for patients with ‘good’ (69% of patients)
and ‘poor’ (31% of patients) outcome at 90 days post-stroke. This result is consistent across all three atlases.
Our finding indicates that the characteristic path length estimated from rsfMRI scans in the acute stroke
phase can be used as a predictor of functional recovery at a later stage.
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Figure 6: Characteristic path length and early follow-up NIHSS scores for three different atlases (from left
to right): Harvard-Oxford (HO), Automated Anatomical Labelling (AAL), Destrieux.

Figure 7: Characteristic path length with respect to mRS scores for three different atlases (from left to
right): Harvard-Oxford (HO), Automated Anatomical Labelling (AAL), Destrieux. Definition: mRS = 0−2
- good outcome, mRS = 3 − 6 - poor outcome.
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Table 1: Early outcome prediction model results for subjects with available fMRI data (N = 33). Results
in parentheses correspond to all available subjects (N = 41).

Linear model (NIHSSearly ∼) R2 R2
adj pmodel pAGE pDWIV pNRC

1 +AGE +DWIV 0.40 0.36 4 × 10−4 0.01 0.002 -
(0.33) (0.30) (4 × 10−4) (0.04) (<0.001) -

1 +AGE +DWIV +NRC 0.59 0.55 7 × 10−6 0.09 0.06 <0.001
(0.53) (0.49) (3 × 10−6) (0.09) (0.02) (<0.001)

1 +AGE +DWIV ×NRC 0.60 0.55 2 × 10−5 0.14 0.41 0.03
(0.55) (0.50) (6 × 10−6) (0.22) (0.46) (0.03)

1 +AGE +DWIV ×NRC + L×NRC 0.69 0.62 1 × 10−5 0.26 0.59 0.05

Table 2: Late outcome prediction model results for subjects with available fMRI data (N = 21). Results in
parentheses correspond to all subjects with available 90-day NIHSS scores (N = 28).

Linear model (NIHSSlate ∼) R2 R2
adj pmodel pAGE pDWIV pNRC

1 +AGE +DWIV 0.13 0.04 0.27 0.72 0.11 -
(0.07) (-0.004) (0.40) (0.73) (0.18) -

1 +AGE +DWIV +NRC 0.58 0.50 0.002 0.83 0.11 <0.001
(0.38) (0.30) (0.01) (0.82) (0.31) (0.002)

1 +AGE +DWIV ×NRC 0.60 0.50 0.004 0.96 0.07 <0.001
(0.42) (0.32) (0.01) (0.96) (0.10) (0.001)

1 +AGE +DWIV ×NRC + L×NRC 0.72 0.60 0.003 0.46 0.07 0.05

Predictive model based on connectivity measures

We present the results of the different linear regression models for the prediction of early and late functional
post-stroke outcome in terms of explained variance (R2 and R2

adj) and statistical significance in Tables 1

and 2, respectively. Model 3 outperforms model 1, with R2 = 0.60 for both the early and late outcome.

Importantly, the estimated coefficient of this model for NRC is significant (βearly = 2.79, p = 0.03 for the
early and βlate = 3.25, p < 0.001 for the late outcome), while this is not the case for DWIV and AGE after
including the interaction term. Model metrics improve further after introducing the path length (L) as a
measure of network efficiency and its interaction term with NRC in model 4, yielding R2 = 0.69 for the early
outcome prediction and R2 = 0.72 for the late outcome (a 5-fold increase over the baseline model), while
NRC remains statistically significant for the early outcome.

Additionally, the linear regression models are compared by means of two commonly used information criteria,
i.e. Akaike information criterion (AIC) [Akaike, 1974] and Bayes information criterion (BIC) [Stone, 1979],
in Table 3. It should be noted that the model with the lowest information criterion value is considered the
best-fitting model. As can be observed, model 4 is the best-fitting one according to AIC, for both early and
late outcomes. BIC, however, which measures the trade-off between model fit and complexity of the model,
slightly favours model 2 (4 estimated parameters), which is much less complex than model 4 (7 estimated
parameters). For both outcomes and information criteria, though, there is a drastic improvement of the
model fit compared to model 1, which disregards connectivity measures.
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Table 3: Information criteria for model comparison.
Linear model (NIHSS ∼) AICearly BICearly AIClate BIClate

1 +AGE +DWIV 192.07 196.56 99.56 102.70
1 +AGE +DWIV +NRC 181.45 187.43 86.54 90.72
1 +AGE +DWIV ×NRC 182.64 190.12 87.20 92.43
1 +AGE +DWIV ×NRC + L×NRC 178.49 188.96 84.14 91.45

Discussion

We explored the importance of the integrity of the rich club backbone on functional outcomes after AIS, as
well as the topology of functional networks obtained with different anatomical atlases. Functional outcomes
vary significantly in the early and late phase of stroke recovery and are difficult to predict at AIS onset.
Using the acute stroke lesions visible on the admission DWI, we determined that the greater the number of
rich club nodes affected by the stroke lesion is, the worse the functional outcome, both when assessed early
(2-5 days) and late (90-days) post-stroke. Importantly, this association was independent of age and infarct
volume. Our findings align with a previous report [Munsch et al., 2015], which identified stroke location
as an independent predictor of cognitive outcome as measured at 3 months post-stroke. Similar results
were demonstrated by [Wu et al., 2015], highlighting the importance of joint modelling of DWI volume and
topography for stroke outcomes, while our approach also takes network topology into account.

Rich club nodes comprise brain areas responsible for distributing a large fraction of the brain’s neural
communications. This underpins the importance of these brain regions for recovery after brain damage, as
local disruptions to these central hubs of information flow most likely affect the brain more severely at a
global level. The predictive model was further improved after introducing a measure of functional network
efficiency, as measured by the network’s characteristic path length, which directly describes how focal lesions
affect the brain network at a global level. Furthermore, our results suggest that a reduced path length could
facilitate recovery or make the brain less vulnerable to damage.

These data underscore the importance of efficient brain connectivity in functional recovery and resilience
to brain damage after ischemic stroke. Our model accounts for some of the most commonly reported
confounding factors that are available in the acute setting, i.e. age [Saposnik et al., 2012]; [Rost et al., 2016]
and lesion volume [Vogt et al., 2012] as measured on the acute DWI image. Our results indicate that infarct
location improves the model independent of infarct size, which has been previously suggested by [Wu et al.,
2015] in a study of infarct topography. We found that, although the number of rich club nodes affected by
the infarct is correlated with the DWI lesion volume, the volume alone is not enough to explain the early
and late outcomes as measured by the NIHSS score.

We further explored how focal lesions affect functional brain connectivity at a global level in the acute stroke
phase, and whether network measures can be used to reflect the brain’s resilience to damage and potentially
facilitate recovery. We observed a statistically significant positive correlation between the characteristic path
length and early functional outcome. We, further, reported significant differences between good and poor
outcome, as determined by dichotomizing mRS and L, which could indicate that the brain may benefit from
a low characteristic path length with regards to facilitating recovery. Nevertheless, the assumption of direct
causation between these two measures needs to be carefully explored.

There are certain limitations that need to be taken into consideration when interpreting these results. First,
regional delays have been identified in rsfMRI fluctuations in stroke and cerebrovascular disease patients
(hemodynamic lag), which takes place due to vascular occlusion [Siegel et al., 2017]. These delays are
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measured by time shift analysis of regional BOLD time series with respect to a reference signal. Approaches
have been proposed to correct for lags in FC analysis, such as shifting the time series in the lagged tissues
prior to the estimation of functional connectivity [Siegel et al., 2016]. However, there is no consensus on how
such lags should be accounted for. Importantly, the effect of hemodynamic lag and the subsequent drop in
the estimated FC are an integral part of the observed differences between patients, and may be utilized to
determine variations in outcome. Another limitation that should be taken into account results from potential
registration errors, due to relatively low through-plane resolution of the anatomical scans and the fact that
the lesions were not masked out when registering the anatomical scans to the MNI template. Among the
strengths of this study is the thoroughly ascertained and well-characterized hospital-based dataset of patients
with AIS and consecutive assessments of functional post-stroke outcomes.

Overall, this is the first study exploring functional network topology and rich club topology of brain connec-
tivity in AIS patients, as well as their association with early and late post-stroke outcomes. Our findings
highlight the impact of stroke location on functional recovery and the importance of structural connectivity
hubs and functional connectivity integration for efficient information transmission underlying the mecha-
nisms of stroke recovery. The proposed model yields a remarkable 5-fold improvement in explained variance
over the baseline model, based on age and lesion volume.
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