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Objective: Stroke remains the number one cause of morbidity in many developing
countries, and while effective neurorehabilitation strategies exist, it remains difficult to
predict the individual trajectories of patients in the acute period, making personalized
therapies difficult. Sophisticated and data-driven methods are necessary to identify
markers of functional outcomes.

Methods: Baseline anatomical T1 magnetic resonance imaging (MRI), resting-state
functional MRI (rsfMRI), and diffusion weighted scans were obtained from 79 patients
following stroke. Sixteen models were constructed to predict performance across
six tests of motor impairment, spasticity, and activities of daily living, using either
whole-brain structural or functional connectivity. Feature importance analysis was
also performed to identify brain regions and networks associated with performance
in each test.

Results: The area under the receiver operating characteristic curve ranged from 0.650
to 0.868. Models utilizing functional connectivity tended to have better performance
than those utilizing structural connectivity. The Dorsal and Ventral Attention Networks
were among the top three features in several structural and functional models, while
the Language and Accessory Language Networks were most commonly implicated in
structural models.

Conclusions: Our study highlights the potential of machine learning methods
combined with connectivity analysis in predicting outcomes in neurorehabilitation
and disentangling the neural correlates of functional impairments, though further
longitudinal studies are necessary.

KEYWORDS

stroke, machine learning, connectomic analysis, functional prediction, structural and
functional connectivity, motor functional outcome, language networks, attention networks

1. Introduction

Stroke is among the leading causes of long-term functional impairment worldwide (Karahan
etal,, 2014). Survivors often suffer residual motor, sensory, and cognitive deficits, all contributing
to a deterioration in quality of life (Dobkin, 2005; Meyer et al, 2015). Beyond acute
revascularization therapies, rehabilitation interventions remain paramount to aiding patients to
regain function. However, one of the challenges in rehabilitation medicine is the heterogeneity
in patient recovery trajectories after stroke. It remains difficult to predict whether or not patients
will benefit from a given therapy, and it is clear that information beyond the observed deficits on
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FIGURE 5

Feature Importance Analysis of the models classifying the modified Ashworth scale—upper extremity based on functional connectivity at the (A) individual
brain region level, and (B) the network level; and based on structural connectivity at the (C) the individual brain region level, and (D) the network level. The

networks contributing most to the models' classifications, based on (E) functional connectivity, and (F) structural connectivity, have also been visualized
on brain models.
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Feature Importance Analysis of the models classifying the Barthel index based on functional connectivity at the (A) individual brain region level, and (B)
the network level; and based on structural connectivity at the (C) the individual brain region level, and (D) the network level. The networks contributing
most to the models’ classifications, based on (E) functional connectivity, and (F) structural connectivity, have also been visualized on brain models.
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et al., 2016; Adhikari et al., 2017; Barrett et al., 2019). This may be
pointing to increased inter-network connectivity and decreased intra-
network connectivity, representing the loss of network segregation
and specialization following stroke (Caliandro et al., 2017; Marebwa
etal, 2017; Guo et al,, 2019). Interestingly, congruent to our findings,
Romeo et al. recently demonstrated a positive correlation between
decreased connectivity of the DAN and the motor component of the
Functional Independence Measure (FIM) in the sub-acute to chronic
period following stroke (Romeo et al., 2021). Furthermore, several
studies have shown that the outcome of motor rehabilitation may
be associated with preserved FC within the ipsilesional DAN (Cheng
etal, 2021; D'Imperio et al., 2021). Therefore, patients with preserved
connectivity within the DAN and VAN may be performing better
across the tests in our models. We however cannot validate this given
the task-free nature of our study. Nonetheless, it is evident that the
attention networks play a role in mediating functional performance,
though further studies on large, homogeneous samples are necessary
to elucidate the mechanism behind this, which may provide further
therapeutic avenues.

Interestingly, the language and accessory language networks were
highlighted in our models classifying the BRS, FMA, Barthel Index,
Semans balance scale and FAC. This may be due to impairments
in the language system typically accompanying strokes with worse
motor and functional impairment, and indeed those with expressive
aphasia tend to have an 80% chance of also suffering hemiplegia
(Romeo et al,, 2021). Due to our small sample size, we were unable
to perform separate analyses on patients reporting a brain lesion
in the left compared to the right hemisphere. However, given most
of the strokes within our cohort were subcortical, only nine out
of 17 strokes affecting speech were left-sided cortical strokes, and
most patients with motor deficits did not have speech deficits, we
speculate that there may be alternative reasons for why the language
network contributed to our classifications. This finding may instead
be pointing to the functional symbiosis between language and motor
function (recently reviewed by Anderlini et al, 2019). Recently,
several studies have demonstrated that not only do deficits in these
domains co-occur, but they also interact in their treatment. For
example, Romeo et al. also demonstrated an association between the
FIM motor score and the language network, specifically a higher
integration within the region of the precentral gyrus, pointing
to a possible role of the language network in motor sequence
planning (Romeo et al., 2021). Indeed, Maitra et al. have reported
an improvement in motor function through self-vocalization (Maitra
etal, 2006), while Arya et al. demonstrated inadvertent improvement
in language following upper limb therapy (Arya and Pandian, 2014).
A similar effect was also found following transcranial direct current
stimulation over the motor cortex, which led to improved language
outcomes (Meinzer et al., 2016). More recently, Hybbinette et al. also
demonstrated that similar mechanism of recovery may be involved
in language and motor recovery post-stroke, further contributing
to the so-termed “shared recovery hypothesis” (Hybbinette et al.,
2021). While well-controlled studies examining this phenomenon are
lacking, our findings may suggest either: functional compensation
by the language system associated with better performance, or
impaired connectivity within the language system manifesting in
poor sensorimotor outcomes. Since our models are unable to point
to which is the case, further studies are necessary to elucidate the
interaction of the language and motor networks following stroke.
Nonetheless, both our findings, and the literature highlight the

Frontiersin Aging Neuroscience

15

10.3389/fnagi.2023.1131415

possible need to simultaneously target the language and motor
systems for effective neurorehabilitation.

4.2. The role of the limbic system in motor
recovery

Our models classifying the BRS Upper Limb and FMA Upper
Limb both suggested that the limbic/paralimbic system may be
playing an important role in motor function following stroke. A
similar finding was reported recently by Li et al., who found that the
connectivity between the limbic network and DAN was predictive of
the FMA (Nishimura et al., 2011). It is therefore possible that the
limbic system may be contributing to motor learning after stroke.
The limbic system in the Infinitome atlas comprises the orbitofrontal
cortex, amygdala, hippocampus, along with other medial temporal
regions. Previous studies have established that motor sequence
learning relies on the interaction between the prefrontal cortex and
hippocampal and striatal networks, along with cortico-cerebellar
networks (Albouy et al., 2008; Ferndndez-Seara et al., 2009; Rose
et al., 2011; Burman, 2019; Schapiro et al., 2019; Gann et al.,, 2021).
The activity within the fronto-hippocampal networks decrease as
learning progresses (Albouy et al., 2013). As motor learning and re-
learning is a key part of neurorehabilitation in the post-stroke period,
the limbic system may be key to this process. Alternatively, as the
limbic system is also associated with reward and motivation, this
finding may be implicating motivation as a key factor in performance.
Although one study has examined the role of the motivation in motor
recovery following spinal-cord injury in macaques, demonstrating
increased functional connectivity between the primary motor cortex
and the ventral striatum, orbitofrontal cortex, and anterior cingulate
(Nishimura et al.,, 2011), the role of the limbic network in motor
recovery in humans has not garnered much attention. However,
it is widely assumed that motivation is a significant component
of neurorehabilitation (Widmer et al., 2017; Oyake et al., 2020).
Consequently, the limbic system may potentially be a target to
improve motor recovery in the post-stroke period, though this
remains conjectural and further studies are required to substantiate it.

4.3. Machine learning prediction of stroke
outcomes

The prediction performance of our models was comparable to
those reported in previous studies examining acute/subacute stroke
patients. Wang et al. achieved an AUC of 0.899 using random
forest models in acute stroke patients (Wang et al., 2019), while
Thakkar et al. had an AUC of 0.77 (Thakkar et al., 2020). It
should be noted that direct comparisons of performance are not
possible, as most other studies have not combined both DWI
based structural and rsfMRI-based FC metrics in machine learning
models. Riahi et al. utilized EEG-based FC to estimate the FMA
scores in chronic stroke, achieving an R? of 0.97 in their regression
model (Riahi et al., 2020). Tozlu et al. compared the performance
of several types of models in predicting FMA scores based on
a combination of demographic, clinical, neurophysiological, and
structural connectivity based metrics, achieving an R? between 0.70
and 0.91 (Tozlu et al.,, 2020). In order to compare and generalize
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the performance of our models, future research should incorporate
functional and structural connectivity measures into holistic brain
connectivity models.

Interestingly, our models utilizing FC tended to have better
performance than those utilizing structural connectivity. While this
needs to be further investigated and validated in independent cohorts,
we speculate that this may be reflective of the rapidity of functional
compensation, compared to the structural changes which may occur
over a longer time span. This is in line with several studies suggesting
that functional reorganization is observed within the first 4-5 weeks
following stroke (Golestani et al., 2013; Nijboer et al., 2017; Xia et al.,
2021), while structural changes occur from 3 to 12 months (Lin L.
Y. et al,, 2018); though these timings are contentious. For example, a
recent study found no changes in the connectivity of motor areas over
a year, despite motor improvement (Branscheidt et al., 2022). This
may suggest that functional connectivity changes occur distributively
to promote recovery, or that some reported connectivity changes are
lesion-related, and not a form of compensation. These discrepancies
must be addressed through much larger studies utilizing longitudinal
data looking at whole-brain functional connectivity. Though there
are a number of outstanding questions, our findings make clear
that structural and functional connectome changes are related
to functional outcomes, and that machine learning models may
be necessary to elucidate the complex patterns of neural change
occurring in response to stroke.

4.4. Future directions

Overall, our analysis highlighted several networks which may be
playing key roles in motor recovery post-stroke, including the DAN,
VAN, the language network, and the limbic system. It is possible
that enhancing these networks through non-invasive stimulation
techniques, such as repetitive transcranial magnetic stimulation, may
improve functional outcomes post-stroke. This is however entirely
speculative, and clinical trials are necessary to test these targets. rTMS
has already demonstrated benefit for motor recovery the post-acute
period, however, treatment often targets the primary motor cortex
(Dionisio et al., 2018; Fisicaro et al., 2019). It is therefore necessary to
investigate whether a more individualized network-based approach
to target selection would improve outcomes. While some of our
group has demonstrated that this may be a promising and efficacious
technique in a case study (Yeung et al., 2021), larger, controlled trials
are needed.

Our study also reveals the need to adopt a global-approach
when examining deficits in stroke, and therefore looking beyond
classically defined motor-regions when investigating motor deficits.
This may consequently allow for the development of deficit-specific
brain network—networks of functionally connected regions which
may be associated with upper limb or lower limb function, or even
a spasticity network. These may then enable for further identification
of specific targets for treatment.

4.5, Limitations

Our study is limited by a small, heterogeneous sample, and
our findings require larger scale prospective studies for validation.
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Owing to this, we cannot assume that our results are not biased
by overfitting to our sample and class imbalances, though our
methodology employs several approaches to mitigate this risk,
including 5-fold cross-validation and early stopping criteria.
Furthermore, future studies should attempt to replicate functional
and structural connectivity-based models in a longitudinal
cohort study to investigate whether connectivity changes may
reveal pathological and compensatory mechanisms in the
acute and chronic stages. Finally, models may further benefit
from multimodal inputs, considering baseline information
beyond connectomic data as we have done. This may enable
the establishment of more individualized diagnostic trajectories

for patients.

5. Conclusion

The brain connectivity changes that occur as a consequence
of stroke are still poorly understood. Analyses of structural
and functional changes associated with behavioral outcomes
may begin to disentangle the deleterious effects of injury
and the facilitatory effects of compensation and recovery;
however, explainable machine learning methods are necessary
to model and decode the complexity of brain response. Our
study highlights the potential of machine learning methods
combined with connectivity analysis in predicting outcomes
in neurorehabilitation and disentangling the neural correlates
of functional impairments, though further longitudinal studies
are necessary.
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