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ABSTRACT

Background: Motor outcomes after stroke can be predicted using structural and functional biomarkers of the
descending corticomotor pathway, typically measured using magnetic resonance imaging and transcranial
magnetic stimulation, respectively. However, the precise structural determinants of intact corticomotor function
are unknown. Identifying structure—function links in the corticomotor pathway could provide valuable insight
into the mechanisms of post-stroke motor impairment. This study used supervised machine learning to classify
upper limb motor evoked potential status using MRI metrics obtained early after stroke.

Methods: Retrospective data from 91 patients (49 women, age 35-97 years) with moderate to severe upper limb
weakness within a week after stroke were included in this study. Support vector machine classifiers were trained
using metrics from T1- and diffusion-weighted MRI to classify motor evoked potential status, empirically
measured using transcranial magnetic stimulation.

Results: Support vector machine classification of motor evoked potential status was 81% accurate, with false
positives more common than false negatives. Important structural MRI metrics included diffusion anisotropy
asymmetry in the supplementary and pre-supplementary motor tracts, maximum cross-sectional lesion overlap in
the sensorimotor tract and ventral premotor tract, and mean diffusivity asymmetry in the posterior limbs of the
internal capsule.

Interpretations: MRI measures of corticomotor structure are good but imperfect predictors of corticomotor
function. Residual corticomotor function after stroke depends on both the extent of cross-sectional macro-
structural tract damage and preservation of white-matter microstructural integrity. Analysing the corticomotor
pathway using a multivariable MRI approach across multiple tracts may yield more information than univariate
biomarker analyses.

1. Introduction

Stinear et al. 2019). Many of the biomarkers that have been explored for
predicting motor recovery and outcomes after stroke are derived from

Recovery from motor impairment after stroke occurs mainly within
the first 6 months and has significant inter-individual variability
(Prabhakaran et al. 2008). There is a growing interest in the use of
biomarker-based approaches to predicting recovery from motor
impairment, which can more accurately predict motor recovery and
outcomes compared to clinical measures alone (Kim and Winstein 2017,

neurophysiological or neuroimaging data.

Transcranial magnetic stimulation (TMS) is a non-invasive neuro-
physiological technique that can be used to assess corticomotor (cortical
motor pathway) function. The presence of motor evoked potentials
(MEPs) in the paretic upper limb early after stroke in response to TMS of
the ipsilesional primary motor cortex is a predictor of good recovery and
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outcome, even in patients with severe baseline motor deficits (Turton
et al. 1996, Hendricks et al. 2002, Nascimbeni et al. 2006, Pizzi et al.
2009, Byblow et al. 2015).

Magnetic resonance imaging (MRI) can be used to obtain a range of
structural biomarkers that are associated with upper limb recovery and
outcome (Puig et al. 2011, Puig et al. 2013, Feng et al. 2015, Bigourdan
et al. 2016, Buch et al. 2016, Puig et al. 2017, Habegger et al. 2018,
Boccuni et al. 2019). For example, larger lesion loads (Feng et al. 2015,
Boccuni et al. 2019) and lower fractional anisotropies in white matter
tracts (Puig et al. 2011, Puig et al. 2013, Buch et al. 2016, Puig et al.
2017) are associated with poorer motor recoveries and outcomes after
stroke.

Studies that include both MEP status and structural MRI biomarkers
as potential predictors indicate that corticomotor function is more
important than corticomotor structure for predicting upper limb out-
comes after stroke (Stinear et al. 2012, Stinear et al., 2017a; Stinear
et al., 2017b, Buetefisch et al. 2018). Since structure and function are
linked, one might wonder if structural information obtained via MRI is
able to indicate corticomotor function. Research to date has been unable
to classify MEP status accurately using individual structural MRI metrics
(Stinear et al., 2017a; Stinear et al., 2017b). However, it may be possible
to classify MEP status using multivariable MRI data and supervised
machine learning algorithms. Support vector machine is a commonly
used machine learning algorithm that solves binary classification
problems by calculating a decision boundary. Support vector machine
has previously been used to predict future motor outcomes and recovery
in the upper limb after stroke using demographic, clinical, imaging, and
neurophysiological variables (Lee et al. 2013, Rehme et al. 2015, Gug-
gisberg et al. 2017). Support vector machine can also be used for cross-
sectional investigation of corticomotor structure—function relationships
by using MRI metrics of corticomotor structure to classify a measure of
corticomotor function such as MEP status.

This study aimed to investigate whether structural MRI metrics can
be used to classify upper limb MEP status early after stroke using support
vector machine, in an analysis of retrospective data. Our hypothesis was
that MRI metrics would accurately, but not perfectly, classify MEP
status.

2. Methods
2.1. Participants

The study data were drawn from a pool of patients admitted to our
hospital between December 2009 and July 2019, who were enrolled in
one of five different longitudinal studies (Stinear et al. 2014, Stinear
et al., 2017a; Stinear et al., 2017b, Cirillo et al. 2020, two unpublished).
Exclusion criteria for all studies were age less than 18 years, bilateral or
cerebellar stroke, and impaired cognition or communication precluding
informed consent. Shoulder abduction finger extension (SAFE) scores
out of 10 were assessed within 5 days of stroke (median 3 days, range 2 —
5 days) using Medical Research Council strength grading (Stinear et al.
2012). Inclusion criteria for the present analysis were ischemic stroke or
primary intracerebral haemorrhage with initial moderate to severe
upper limb weakness, and MEP status, T1- and diffusion-weighted MRI
data available at baseline. Patients with a SAFE score of 5 or more were
excluded from the present analysis to produce a balanced sample of MEP
positive and MEP negative patients. All studies were approved by the
Health and Disability Ethics Committees, and all participants provided
written informed consent.

2.2. Transcranial magnetic stimulation

Transcranial magnetic stimulation was used to assess MEP status of
the paretic upper limb as early as possible after stroke (median = 9 days,
range = 4 — 23 days). Details and video of the most up-to-date protocol
are available (Smith et al. 2020). Magnetic stimuli were delivered using
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a MagStim 200 (MagStim, United Kingdom) connected to a 70 mm
figure-of-eight coil, oriented to induce a posterior-anterior current in the
hand and arm area of the ipsilesional primary motor cortex. Recording
electrodes (Ambu, Denmark, or 3 M, Canada) were placed over the
target muscles of the paretic arm in a belly-tendon montage and a
reference electrode (3 M, Canada) was placed on the lateral epicondyle
of the humerus. One study had extensor carpi radialis as the single target
muscle (Stinear et al. 2014), one study had first dorsal interosseous as
the single target muscle (Cirillo et al. 2020), and three studies had both
extensor carpi radialis and first dorsal interosseous as target muscles
(Stinear et al., 2017a; Stinear et al., 2017b, two unpublished). The
electromyography signals were sampled at 2 kHz, amplified with a gain
of 1000, bandpass filtered between 10 and 1000 Hz or 20 Hz — 1000 Hz
using a CED 1902 amplifier and CED Micro1401 mKII data acquisition
unit (Cambridge Electronic Design, United Kingdom). The assessor
tested various stimulation sites with the coil oriented to induce a
posterior-to-anterior current flow in the ipsilesional primary motor
cortex. If no MEPs were observed, the stimulation intensity was
increased gradually, up to 100% of stimulator output. In three studies, if
MEPs were not observable at rest, further stimuli were delivered while
the patient attempted voluntary activation of both upper limbs in order
to facilitate a response (Stinear et al., 2017a; Stinear et al., 2017b, two
unpublished). Patients were categorised as MEP positive if MEPs of any
amplitude were consistently observed in any of the target muscles,
either at rest or with voluntary activation (Smith et al. 2020).

2.3. Magnetic resonance imaging

T1- and diffusion-weighted MRI were acquired using a Siemens
Skyra 3 T or Avanto 1.5 T scanner as early as possible after stroke
(median = 10 days, range = 4 — 22 days). The acquisition parameters for
each study are provided in Table 1. Lesion masks were manually drawn
in participant T1 space by an individual rater (BC) who was blind to
stroke severity, MEP status, and clinical outcome. The skull-stripped
diffusion-weighted images were corrected for movement,
susceptibility-induced distortions, and eddy currents (Andersson et al.
2003, Andersson and Sotiropoulos 2016).

All MRI metrics (except for total lesion volume) were each measured
in eight different tracts of interest: seven from the publicly available
sensorimotor area tract template (SMATT) (Archer et al. 2018),
including primary motor cortex (M1), primary somatosensory cortex
(S1), sensorimotor (M1 + S1 combined), ventral premotor cortex, dorsal
premotor cortex, supplementary motor area, and pre-supplementary
motor area tracts, plus an inhouse template of the posterior limbs of
the internal capsule (Stinear et al. 2012). Each participant’s T1 was
registered to standard 1 mm Montreal Neurological Institute T1 space
with a 12 degrees of freedom affine transformation (Jenkinson et al.
2002), followed by a nonlinear transformation (Woolrich et al. 2009).
The inverse of these warps was applied to the tracts of interest to
transform them into participant T1 space.

An overview of the T1-based MRI metrics is provided in Supple-
mentary Table 1. Weighted lesion load and maximum cross-sectional
lesion overlap in each of the tracts of interest, along with total lesion
volume, were derived from T1-weighted images. Weighted lesion load
was determined by dividing the number of lesion voxels overlapping the
tract of interest by the total number of voxels in the tract. Maximum
cross-sectional overlap was obtained by calculating the percentage of
lesion voxels overlapping the tract of interest for each axial slice and
taking the largest value out of all axial slices. Total lesion volume was
calculated as the total number of 1 mm isometric voxels in the lesion
mask in T1 space.

An overview of the diffusion-based MRI metrics is provided in Sup-
plementary Table 2. Diffusion-weighted images were processed to
obtain maps of fractional anisotropy, axial diffusivity, mean diffusivity,
radial diffusivity, normalised eigenvalue ratio (Armitage and Bastin
2000), volume fraction (Alexander et al. 2000), scaled relative
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Table 1
MRI acquisition parameters for the included studies.
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T1-weighted

n Scanner TR (ms) TE (ms) TI (ms) Flip (°) Sequence

Diffusion-weighted

Resolution (mm) Flip TR (ms) TE (ms) Volumes

27 Avanto 11 4.94 n/a 15 FLASH3D

39 Avanto 13 4.76 n/a 25 FLASH3D
7 Skyra 1900 2.07 900 9
3 Skyra 23 2.46 n/a 23

FLASH3D

11* Avanto 2200 2.97 900 8

4* Skyra 2200 2.45 900 8

FLASH3D MPRAGE

FLASH3D MPRAGE

FLASH3D MPRAGE

1.8 x 1.8 x 3.0 920 6600-6700 101 30 gradients
2 averages
2 b0

30 gradients
2 averages
2 b0

30 gradients

3 b0

1.8 x 1.8 x 3.0 90 6500-6700 99-101

2.0x2.0x20 78 3600 92

2.0 x 2.0 x 2.0 78 3600 92.4 64 gradients
8 AP b0

3 PADbBO

64 gradients
2 averages
8 AP b0

3 PADbBO

64 gradients
8 AP b0

3 PADbBO

1.8 x 1.8 x 3.0 90 3400 90

2.0 x 2.0 x 2.0 78 3600 92.4

* Bottom two rows are different acquisitions from the same study. All T1 images were acquired with 1.0 x 1.0 x 1.0 mm resolution. Diffusion-weighted images were
obtained using echo-planar imaging with a b value of 2000 s/mm?. MRI — magnetic resonance imaging; n — sample size; TR — repetition time; TE — echo time; TI —
inversion time; Flip - flip angle; AP — anterior-posterior phase encoding; PA — posterior-anterior phase encoding; FLASH - fast low-angle shot; MPRAGE —

magnetisation-prepared rapid gradient echo.

anisotropy (Conturo et al. 1996, Kingsley and Monahan 2005), ultimate
anisotropy scaled to the diffusion ellipsoid volume, surface area, or both
(UAyol, UAgyrr, and UAyopsurf) (Ulug and van Zijl 1999, Kingsley and
Monahan 2005), ellipsoidal area ratio (Xu et al. 2009, Kang et al. 2010),
gamma variate anisotropy (Armitage and Bastin 2000), Gaa (Pipe and
Farthing 2003, Correia et al. 2011), geodesic anisotropy (Batchelor et al.
2005, Correia et al. 2011), and local diffusion homogeneity (Gong and
Zang, 2013). The diffusion metric maps were transformed to patient T1
space using a 6 degrees of freedom affine transformation (Jenkinson
et al. 2002). The mean values in each tract in patient T1 space were used
to calculate asymmetry indices for each diffusion metric using the for-
mula (contra - ipsi) / (contra + ipsi). All image processing was carried
out using the FMRIB Software Library 6.0.1 (Woolrich et al. 2009).
Calculation of diffusion features was performed using the FMRIB Soft-
ware Library 6.0.1 and Python 3.7.

2.4. Support vector machine

Support vector machine (SVM) classifiers were trained using Matlab
version R2020b (MathWorks, Massachusetts) with linear and radial
basis function kernels. The input features included 17 T1-based metrics
(weighted lesion loads and maximum cross-sectional lesion overlaps in
the 8 tracts of interest, plus total lesion volume), 120 diffusion-based
metrics (15 different diffusion tensor metrics in the 8 tracts of inter-
est), and age in years, for a total of 138 input features. The input features
were scaled to their respective maximum, and the target variable was
empirical MEP status (MEP + or MEP-). The SVM was trained using 10-
fold cross-validation, where the data were partitioned randomly into 10
folds, and classifications for each fold were obtained using an SVM
model trained on the remaining nine folds. The partitions were stratified
by the ground truth and made consistent across all training iterations.
The kernel scaling factor and soft margin parameter were optimised
using a logarithmic grid-search with 0.001, 0.01, 0.1, 1, 10, 100, and
1000 as possible values. Feature selection was performed using forward
selection, where features were iteratively added to the model if they
improved the cross-validated model accuracy, until the cross-validation
accuracy no longer improved. To evaluate classifier performance,
overall cross-validation accuracy, sensitivity, specificity, positive pre-
dictive value (PPV), negative predictive value (NPV), and the area under

the receiver operating characteristic curve (AUC) were calculated and
interpreted as excellent (90 — 100%), good (80 — 90%), moderate (70 —
80%) or poor (50 — 70%).

3. Results

Ninety-one patients were included in this analysis: 84 patients with
SAFE scores less than 5, and 7 patients with an unknown SAFE score
(Table 2). TMS was used to assess MEP status between 4 and 23 days
post-stroke, and MRI was acquired between 5 and 22 days post-stroke.
The time between TMS and MRI sessions was up to 9 days, with a me-
dian of 2 days. Forty-seven patients were MEP positive, while 44

Table 2

Demographic and clinical characteristics of the study participants.
Age (y) 71 (35-97)
Sex (f) 49 (54%)
NIHSS 9(0-21)
SAFE score 1(0-4)
Baseline FM-UE 11 (4 -53)
MEP+ 47 (52%)
Hemisphere (left) 32 (35%)
Dominant side affected 32 (35%)
Handedness (right) 82 (90%)
Haemorrhage 6 (7%)
Thrombolysis 12 (13%)
Thrombectomy 3 (3%)
Previous stroke 9 (10%)
Smoker 7 (8%)
Diabetes 21 (23%)
Hypertension 53 (58%)
Dyslipidaemia 38 (42%)
Atrial fibrillation 18 (20%)
Previous cardiac event 22 (24%)
TMS day 8 (4-23)
MRI day 11 (5-22)
Days between TMS and MRI 2(-9-9)

Values are median (range), or n (%).

NIHSS — National Institutes of Health Stroke Scale; SAFE — shoulder
abduction finger extension; FM-UE - Fugl-Meyer Upper Extremity;
MEP+ — motor evoked potential present; TMS - transcranial mag-
netic stimulation.
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patients were MEP negative. An overlay of the lesion masks is provided
in Fig. 1.

The radial basis function kernel SVM correctly classified MEP status
for 74 out of 91 patients, with a cross-validation accuracy of 81.3%.
There were three final model solutions, all of which included UAgy¢
asymmetry in the supplementary motor tract and volume fraction
asymmetry in the pre-supplementary motor tract as model features.
Model 1 also included sensorimotor tract maximum cross-sectional
lesion overlap. Model 2 included ventral premotor tract maximum
cross-sectional overlap. Model 3 included mean diffusivity asymmetry in
the posterior limbs of the internal capsule. Optimum hyperparameters
were a kernel scaling factor of 10 and a soft margin parameter of 1000
for all three model solutions.

All three models had good AUC (Fig. 2) and sensitivity, moderate
specificity and NPV, while PPV ranged from moderate to borderline
moderate/good (Table 3). Model 3 had the highest AUC of 83.4%. Of the
incorrect predictions, false positives were more common than false
negatives (Table 4). Furthermore, eight of the false positives and three of
the false negatives were consistent throughout all three models, indi-
cating that the incorrect classifications were often for the same patients.
When stratifying patients by time between TMS and MRI (0 - 3 days
versus 4 — 9 days), Model 1 performed better for patients who had in-
tervals of O — 3 days, while Model 3 performed better for patients with
intervals of 4 — 9 days, and Model 2 performed similarly regardless of
interval between TMS and MRI (Supplementary Table 3). Linear kernel
SVM did not perform as well, achieving a maximum cross-validation
accuracy of 79.1%. There were no obvious clinical differences be-
tween the patients who were correctly or incorrectly classified for either
model.

4. Discussion

This study investigated whether structural data obtained from T1-
and diffusion-weighted MRI could be used to classify MEP status, a TMS
measure of corticomotor function, in patients early after stroke. This is
the first study to use machine learning to classify MEP status after stroke,
and one of few studies that use multivariable MRI data for classification
after stroke. To date, most studies that use MRI metrics for regression or
classification problems do so using univariate approaches.

While a previous study was unable to predict MEP status using in-
dividual MRI metrics (Stinear et al., 2017a; Stinear et al., 2017b), the
present study demonstrates that an SVM approach using multiple
structural MRI metrics can accurately predict MEP status. This indicates
that corticomotor structure and function are significantly interrelated,
and that structure can predict function to an extent. The two structural
metrics that featured in all final SVM models were supplementary motor
tract UAgy,s asymmetry and pre-supplementary motor tract volume
fraction asymmetry. Additional features included either maximum
cross-sectional lesion overlap in the sensorimotor (Model 1) or ventral
premotor tracts (Model 2), or mean diffusivity asymmetry in the pos-
terior limbs of the interior capsule (Model 3).

Interestingly, maximum cross-sectional lesion overlap was included
in the final feature combinations, while weighted lesion load was not.
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Fig. 2. Receiver operating characteristic curves for motor evoked potential
classification.

Table 3
Performance measures for final SVM models.
Accuracy Sens Spec PPV NPV AUC
Model 1 81.3 89.4 72.7 77.8 86.5 82.8
Model 2 81.3 85.1 77.3 80.0 82.9 81.8
Model 3 81.3 87.2 75.0 78.8 84.6 83.4

SVM - support vector machine; sens — sensitivity; spec — specificity; PPV —
positive predictive value; NPV — negative predictive value; AUC - area under the
receiver operating characteristic curve. Model 1 features: UAg,,f asymmetry in
the supplementary motor tract, volume fraction asymmetry in the pre-
supplementary motor tract, and sensorimotor tract maximum cross-sectional
overlap. Model 2 features: UAg,s asymmetry in the supplementary motor
tract, volume fraction asymmetry in the pre-supplementary motor tract, and
ventral premotor tract maximum cross-sectional overlap. Model 3 features:
UAguf asymmetry in the supplementary motor tract, volume fraction asymmetry
in the pre-supplementary motor tract, and mean diffusivity asymmetry in the
posterior limbs of the internal capsule.

Both of these metrics measure the macrostructural overlap between the
lesion and the tract of interest, with a key difference; maximum cross-
sectional lesion overlap is dependent on the single axial slice with the
greatest lesion overlap, while weighted lesion load reflects the overall
extent of damage to the tract along its full length. Our results indicate
that the maximum severity of cross-sectional tract damage may be more
relevant than the overall extent of tract damage for corticomotor

Fig. 1. Lesion map of all patients (flipped to left hemisphere) in standard T1 1 mm space.
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Table 4
Cross-tabulation of predicted versus actual MEP status.

Ground truth

MEP+ MEP-

Model 1 predictions

MEP+ 42 12
MEP- 5 32
Model 2 predictions

MEP+ 40 10
MEP- 7 34
Model 3 predictions

MEP+ 41 11
MEP- 6 33

MEP - motor evoked potential.

functional integrity. This can be explained by the fact that a lesion across
the width of a tract will affect a larger number of axons than a lesion of
the same size along the length of the tract, due to the longitudinal
arrangement of axons.

Of the final model features derived from diffusion-weighted imaging,
UAgyrf and volume fraction are measures of diffusion tensor anisotropy,
while mean diffusivity is a measure of the overall extent of diffusion. All
three of these metrics are sensitive to white matter microstructure such
as axonal membranes and myelin, a general feature of diffusion tensor
metrics (Sen and Basser 2005, Schmierer et al. 2008). The strong pres-
ence of these diffusion metrics in the final SVM models emphasises that
the retention of corticomotor function after stroke is dependent on the
preservation of white matter microstructural integrity. Age did not
survive feature selection, which suggests that the MRI metrics important
for determining corticomotor function are not dependent on age.

The importance of the supplementary, pre-supplementary, and pre-
motor tract structural integrity towards corticomotor function is an
interesting finding, considering that MEPs have long been known to
arise from the primary motor cortex (Hallett 2007). However, the results
of the present study do not necessarily mean that MEPs arise from non-
primary motor tracts, as there are structural overlaps between each of
these tracts and the M1 tract, particularly at the level of and inferior to
the internal capsule. The various tract combinations identified in this
study may have produced a fuzzy delineation of the M1 tract that better
accounted for inter-individual anatomical variability compared to a
standalone M1 tract template.

We note that the specific feature combinations identified in this
study are not the key takeaway from this research, as future studies
applying these methods to a new dataset may identify different combi-
nations of tracts and metrics. Instead, the present study indicates that
analysing the corticomotor pathway using a multivariable approach
across multiple different tracts may be better than measuring an indi-
vidual MRI biomarker from a single region of interest. The combination
of both T1- and diffusion-based MRI metrics allows the SVM to account
for both macro- and microstructural aspects of corticomotor pathway
injury, which a univariate MRI biomarker analysis cannot. Furthermore,
including measures across multiple different overlapping tracts may
help to account for inter-individual anatomical variability and slight
variations in tract fitting.

The SVM could not correctly predict MEP status for 19% of patients.
Prediction errors included both false positives and false negatives,
indicating that some patients with relatively high corticomotor struc-
tural integrity can be MEP negative, and some patients with relatively
poor corticomotor structural integrity can be MEP positive, of which the
former was more common. This finding indicates that there are aspects
of corticomotor function that cannot be predicted by the MRI measures
of corticomotor structure examined in this study. Other non-structural
factors such as corticomotor excitability and tonic inhibition may also
influence the function of structurally intact corticomotor tracts (Cirillo
et al. 2020).

A limitation of the present study is the time between TMS and MRI
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assessments, which varied between participants. On average, there was
a 2-day gap between TMS and MRI assessments. In some patients, TMS
preceded MRI by up to 9 days, while in others, MRI preceded TMS by up
to 9 days. More closely spaced assessments could reduce the con-
founding effect of time and improve prediction accuracies. However,
while Model 3 performed better for patients with small time gaps (0 — 3
days), Model 1 was more accurate for patients with larger gaps (4 — 9
days), and Model 2 accuracy was unaffected by TMS-MRI time gap.

Another limitation is that the SMATT template tracts were developed
from scans in healthy young adults rather than people after stroke
(Archer et al. 2018). Our dataset included MRI scans from stroke pa-
tients with varied acquisition parameters, such as magnetic field
strength, pulse timing, image resolution, and gradient directions.
Importantly however, all the imaging metrics in this study are inde-
pendent of image intensity and therefore robust against intensity vari-
ations between different scanning acquisitions. The variety of
acquisitions increases the generalisability of this work to a wider range
of clinical settings where scanning protocols may differ.

In conclusion, this study demonstrates that structural MRI metrics
can be used in combination with SVM to accurately classify MEP status
in stroke patients with moderate to severe upper limb weakness. Re-
sidual corticomotor function after stroke appears to be dependent on
both the extent of macrostructural cross-sectional tract damage and
preservation of white matter microstructural integrity. Analysing the
corticomotor pathway using a multivariable MRI approach in combi-
nation with machine learning can provide more information than uni-
variate biomarker analysis, as the former can account for different
aspects of structural damage and inter-individual anatomical variability.
The structural determinants of corticomotor function after stroke are
still not fully understood and could see further investigation. Future
research could also use multivariable MRI data in combination with
machine learning techniques as an alternative to single biomarker
analyses.
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Appendix A. Supplementary data

Supplementary data to this article can be found online at https://doi.
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