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A B S T R A C T

The spinal cord is the main interface between the brain and the periphery. It notably plays a central role in motor
control, as spinal motoneurons activate skeletal muscles involved in voluntary movements. Yet, the spinal
mechanisms underlying human movement generation have not been completely elucidated. In this regard,
functional magnetic resonance imaging (fMRI) represents a potential tool to probe spinal cord function non-
invasively and with high spatial resolution. Nonetheless, a thorough characterization of this approach is still
lacking, currently limiting its impact. Here, we aimed at systematically quantifying to which extent fMRI can
reveal spinal cord activity along the rostrocaudal direction. We investigated changes in the blood oxygenation
level dependent signal of the human cervical spinal cord during bimanual upper limb movements (wrist exten-
sion, wrist adduction and finger abduction) in nineteen healthy volunteers. Prior to scanning, we recorded the
muscle activity associated with these movements in order to reconstruct the theoretical motor-pool output pattern
using an anatomy-based mapping of the electromyographic (EMG) waveforms. EMG-derived spinal maps were
characterized by distinct rostrocaudal patterns of activation, thus confirming the task-specific features of the
different movements. Analogous activation patterns were captured using spinal cord fMRI. Finally, an additional
fMRI dataset was acquired from a subset of the participants (n¼ 6) to deploy a multivoxel pattern analysis, which
allowed successful decoding of movements. These combined results suggest that spinal cord fMRI can be used to
image rostrocaudal activation patterns reflecting the underlying activity of the motoneuron pools innervating the
task-related muscles. Spinal cord fMRI offers the prospect of a novel tool to study motor processes and potentially
their modification following neurological motor disorders.
1. Introduction

More than a simple relay, the spinal cord plays a crucial role in
movement generation and control (Alstermark and Isa, 2012; Giszter
et al., 2012; Vahdat et al., 2015) and can be functionally affected in
neurological motor disorders, such as spinal cord injury or multiple
sclerosis. Yet, tools to directly and non-invasively investigate the nature
and function of the underlying spinal mechanisms in humans are still
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lacking.
To date, studies assessing spinal cord function in humans have mainly

relied on indirect peripheral measurements (muscle activity or force,
reflexes, sensory tests, etc.). Notably, muscle recordings have been used
to indirectly infer spinal activity during movements by reconstructing
theoretical spatiotemporal motoneural activation maps (i.e., ‘spinal
maps’), using a combination of the acquired electromyographic (EMG)
signals with anatomical knowledge of muscle innervation (Yakovenko
neering, Center for Neuroprosthetics, Institute of Bioengineering, �Ecole Poly-
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Fig. 1. j Protocols j A. Overview of the experimental recordings B. Schematic
presentation of the structure of the runs.
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et al., 2002). These spinal maps have been extensively used to explore
spinal motor output in healthy humans (e.g., Cappellini et al., 2010;
Ivanenko et al., 2006, 2013, during locomotion, Pirondini et al., 2016,
during reaching movements), or also to illustrate disrupted motor path-
ways (e.g., Grasso et al., 2004, in spinal cord injured patients, Coscia
et al., 2015, in stroke patients). Nevertheless, this technique relies solely
on anatomy-based mapping of muscle outputs. For that reason, it is
merely an indirect estimation of the spinal cord activity and it does not
fully elucidate the underlying mechanisms.

In this context, functional magnetic resonance imaging (fMRI) of the
spinal cord stands as a promising tool to directly and non-invasively
investigate spinal processes involved in voluntary movements (Wheel-
er-Kingshott et al., 2014). In the brain, this technique is already widely
deployed, to understand motor control as well as to capture neural sig-
natures of clinical conditions. Relying on the same principle (i.e., the
blood oxygenation level dependent – BOLD – signal), spinal cord fMRI
measures signal changes reflecting spinal neural activity, in spite of
additional technical difficulties inherent to the region of interest (e.g.,
small structure, field inhomogeneities, physiological noise) (Giove et al.,
2004). Since the seminal work of Yoshizawa in 1996 (Yoshizawa et al.,
1996), several studies have indeed confirmed the potential of spinal cord
fMRI to monitor task-related activity, mainly with tasks involving the
upper extremities (e.g., Backes et al., 2001; Bouwman et al., 2008; Govers
et al., 2007; Madi et al., 2001; Maieron et al., 2007; Ng et al., 2008;
Stroman and Ryner, 2001), but also during active and passive ankle
movements (Kornelsen and Stroman, 2004, 2007).

However, technological limitations in the formerly available acqui-
sition and processing methods (e.g., low field strength, no correction of
physiological noise, no registration to a common template) have initially
hindered the development of this approach. As a matter of fact, most
early studies were mainly qualitative reports, hence limiting their po-
tential applications, notably to clinical investigations (Kornelsen and
Mackey, 2010). In comparison, a few recent works have leveraged novel
advanced acquisition and processing paradigms to systematically assess
spinal cord activity recorded with fMRI. For instance, these advances
allowed confirmation of the robust lateralization of the cervical signal
during unimanual isometric contractions (Weber et al., 2016b).

Here, we aim at further investigating the organization of spinal cord
activity during voluntary movements, so as to better apprehend the po-
tentials and limitations of the current spinal cord fMRI techniques. We
believe that these evaluations represent a pivotal step to further develop
spinal cord fMRI and potentially extend it to clinical investigations.
Specifically, we want to systematically analyze cervical activations dur-
ing different movements as regards to their distribution in the ros-
trocaudal direction. Indeed, during movement generation, spinal
motoneurons (i.e., lower motoneurons), which are distributed over
different spinal levels, act as an interface between upper motoneurons
located in the motor cortex and skeletal muscles (Marieb and Hoehn,
2014). Thus, movements requiring activations of different muscles
should be characterized by distinct spinal activation patterns.

So far, only one early study has investigated the potential of fMRI to
reveal these distinct rostrocaudal activation patterns associated with
different movements (Madi et al., 2001). In their study, Madi et al.
probed BOLD signal changes, in three to six subjects, during three upper
limb movements (elbow flexion, wrist extension and finger abduction,
thus involving different myotomes) and observed activity at the site of
muscle innervation, despite unexpected signal in other spinal segments.
Notwithstanding the qualitative nature of the obtained results, this study
provided a valuable insight into the potential of fMRI to capture the
complexity of spinal cord functional activity in humans.

In our study, we extended this preliminary investigation to a more
systematic analysis of rostrocaudal functional activity, in a larger cohort
of subjects, during distal upper limb movements (wrist extension, wrist
adduction and finger abduction). Those movements were selected to
include different myotomes, whose rostro-caudal locations vary from C5
to T1. To systematically explore these activation patterns, we capitalized
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on advances in fMRI acquisition (e.g., higher field strength and selective
field-of-view imaging (Finsterbusch, 2013)) and processing (e.g.,
slice-wise motion correction (Cohen-Adad et al., 2009; De Leener et al.,
2017), physiological noise correction (Eippert et al., 2017) and normal-
ization to a common template (De Leener et al., 2018)). Prior to fMRI
acquisitions, muscular activity was also recorded to characterize the
motoneuron output by means of EMG-derived spinal maps, so as to
obtain theoretical estimations of the rostrocaudal activations, further
compared to the acquired fMRI-derived spinal maps. Finally, we com-
plemented our analysis pipeline with a multivariate statistical approach
(i.e., multivoxel pattern analysis – MVPA), so as to fully exploit the in-
formation content of distributed patterns of spinal activity as well as to
probe their precision and stability (Pereira et al., 2009).

Our results show that BOLD activity presented a distinct rostrocaudal
cervical organization associated to the different upper limb movements,
similar to the one inferred by anatomy-based mapping. Moreover, the
subject-specific maps allowed decoding of performed motor tasks with
high accuracy, confirming the task-specificity of BOLD spinal signals.
These combined results allow highlighting the potential of spinal cord
fMRI, and pave the way towards localized observation of human spinal
cord function during disparate motor actions. We foresee that such
straight measures of spinal neural activity could shed light on mecha-
nisms disrupting motor pathways in neurological conditions. This could
eventually lead to the development of new spinal biomarkers, hence
complementing current peripheral and anatomical approaches.

2. Methods

2.1. Participants

Nineteen right-handed healthy subjects (11 females, 26.9� 3.4 years
old) were enrolled in the study. Two participants had to be excluded from
further analyses (see 3.1). All participants gave their written informed
consent to participate, and the study had been approved by the Com-
mission Cantonale d’Ethique de la Recherche Gen�eve (CCER, Geneva,
Switzerland, 2016-01566). All volunteers had normal or corrected-to-
normal vision and no history of neurological disorders.

2.2. Experimental protocols

EMG and fMRI data were acquired during the same experimental ses-
sion, whichwas divided into two phases (Fig. 1A): (1) Phase 1, in themock
scanner, serving both as training and to record EMGactivity; (2) Phase 2, in
the MRI scanner, to record spinal functional activity using fMRI.

Six of the subjects (3 females, 28� 1.7 years old) participated in an
additional experimental session (i.e., Phase 3), during which only fMRI
was performed, with a protocol adapted for Multivoxel Pattern Analysis
(MVPA) (Coutanche and Thompson-Schill, 2012).
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2.2.1. Phase 1: EMG experiment
At the beginning of the first experimental session, the different

bilateral movements were presented to the participants: wrist extension
(i.e., wrist towards the top), wrist adduction (i.e., wrist towards the
outside, with an ulnar deviation) and finger abduction (i.e., fingers
spreading with thumb adducted). These movements were selected to
include different myotomes, in order to potentially elicit activations in
different spinal segments (Kendall et al., 2005). Subjects were asked to
keep their fingers as relaxed as possible during the wrist movements, and
to focus on their muscle activations throughout the experiment.

After appropriate training (i.e., when all movements were performed
consistently by the subjects), subjects were installed in a mock scanner (a
realistic magnet-free model of the actual MRI scanner) in supine position,
with their hands relaxed on their thighs and the palm facing downwards.
Phase 1 was subdivided into two parts during which the subjects were
asked to perform the movements bilaterally following two paradigms
(Fig. 1A – Phase 1). The first paradigm was designed as a block experiment
with 8 blocks of movement alternated with 9 blocks of rest (Fig. 1B). Each
block lasted 15 s, with an entire run lasting 4 min and 15 s. Instructions
were displayed on a screen (fixation cross ‘þ’ during the rest blocks and
text indicating ‘movement repetitions’ during the task blocks). Auditory
cues were provided to inform the subjects of the different blocks. During
the task blocks, subjects executed dynamic repetitions of the movements,
prompted by the auditory cues (i.e., tones at a rate of ~0.5 Hz, so that 8
movements were performed per task block). Subjects were instructed to
remain as still as possible during the rest blocks. One run was done for
each movement type (i.e., three runs in total, with only one movement
type performed during each run) and the order of the runs was ran-
domized across participants. The second paradigm, instead, was a single
movement experiment where movements were executed with only one
repetition at a time (e.g., one bilateral wrist extension and back to the
resting position) lasting approximately 2 s. For each repetition (i.e., each
single movement), an auditory instruction was given by the experimenter
to indicate the movement type to be performed. In total, each movement
was repeated ten times, in a pseudo-randomized manner. This second
paradigm was specific to the EMG experiment and not used in the MRI
scanner (see 2.2.2).

2.2.2. Phase 2: fMRI characterization experiment
During functional acquisitions, the participants were installed in the

MRI scanner in supine position. The experimental setup was identical to
the one used in the mock scanner (visual and auditory cues) and the
paradigm was the same as the block experiment in Phase 1. Each subject
executed two runs of each movement, in a randomized manner (i.e., six
runs in total, with only one movement type performed during each run,
in blocks, see Fig. 1A – Phase 2). A task-free run (i.e., without any overt
task) of the same duration as a task run was acquired at the beginning of
the experiment (Fig. 1B). All runs (task and task-free) lasted 4min and
15 s. Throughout the recordings, subjects were instructed to relax,
breathe normally and minimize motion of the neck, head and shoulders.
Movement execution was monitored using a camera. The goal of this
monitoring was to ensure that subjects were performing the requested
movement type for each run or block. In the event of an error, the fMRI
acquisition was stopped and started again with the right movement type.

2.2.3. Phase 3: fMRI multivoxel pattern analysis experiment
In order to confirm the reliability of the fMRI activations elicited

during Phase 2 and to further emphasize the task-specific characteristics
of the spinal activation maps, an additional dataset was obtained (Fig. 1A
– Phase 3). The experimental design was optimized for MVPA (i.e., many
short runs including all three movements (Coutanche and
Thompson-Schill, 2012)). Six of the initial subjects participated in this
additional phase in the MRI scanner, where the same three movements
had to be performed. The experiment was divided into ten runs, each
including nine blocks alternated with rest, with each movement repeated
three times in a randomized manner (Fig. 1B). Similarly to the previous
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session, movements were performed in blocks of 15 s and with 8 move-
ment repetitions within each block (i.e., ~0.5 Hz). Each run lasted 4min
and 45 s.

2.3. EMG acquisition and preprocessing

During Phase 1, EMG recordings were performed on 15 arm and hand
muscles (biceps brachii long head, BICL, triceps brachii long head, TRIC,
brachialis, BRA, brachioradialis, BRAD, pronator teres, PRO, extensor
carpi radialis, EXCR, extensor carpi ulnaris, EXCU, extensor digitorum
communis, EXDC, flexor carpi radialis, FLCR, flexor carpi ulnaris, FLCU,
flexor digitorum superficialis, FLDS, abductor digiti minimi, ABDM,
extensor pollicis brevis, EXPB, adductor pollicis transversus, ADPT,
abductor pollicis brevis, ABPB). EMG signals were acquired using a
Noraxon Desktop DTS wireless system and superficial Ag–AgCl elec-
trodes (Kendall H124SG, ECG electrodes 30� 24mm) placed on the
above-mentioned muscles of the right upper limb, after appropriate skin
preparation. EMG signals were sampled at 1500Hz. The quality of the
EMG signals was visually assessed throughout the recordings (e.g., noise,
cross-talk between muscles, etc.). Before the beginning of the experi-
ment, a Maximum Voluntary Contraction (MVC) test was performed for
each muscle. This test consists in isometric contractions against resis-
tance, repeated three times for each muscle and alternated with breaks to
prevent muscle fatigue.

All raw EMG signals were first detrended and high-pass filtered at a
frequency of 50 Hz (Butterworth filter, 7th order). Signals were then
rectified and low-pass filtered at a frequency of 10 Hz (Butterworth filter,
7th order). Finally, they were normalized to the MVC value of each
muscle (obtained after preprocessing of the related EMG signals), to
allow comparison between subjects and movements. All processing steps
were performed using Matlab (versions 2016a and 2017b, MathWorks,
Natick MA).

2.4. EMG analysis

2.4.1. EMG-based estimation of spinal activity
EMG-derived spinal maps provide an anatomy-based estimation of

the spatiotemporal activation of lower motoneurons in the spinal cord
(Yakovenko et al., 2002). They are based on a combination of EMG re-
cordings with knowledge of the rostrocaudal location of motoneurons
pools innervating different muscles, hence providing the theoretical
spinal cord output, without relying on direct imaging. For each spinal
segment, we used a weighted summation of the preprocessed EMG en-
velopes (Fig. 2A), based on the weight coefficients summarized by Ken-
dall et al. (2005), derived from empirical human studies, for the spinal
levels C5 to T1 (Table S1). For the block experiment, EMG data were first
segmented into individual repetitions (i.e., 8 repetitions for each block,
thus 64 repetitions per movement type). For each movement,
EMG-derived spinal maps were then computed for each repetition and
averaged. Group spinal maps were obtained for each movement type by
averaging over participants. In addition, the stability of the EMG-derived
spinal maps across movements was estimated for each participant by
computing the average Pearson's correlation coefficients between the 64
repetitions. In order to relate EMG-derived and fMRI-derived activation
maps, the group-level EMG-derived spinal maps obtained from the block
experiment were averaged over time and interpolated (spline interpola-
tion) to generate one-dimensional projections along the z dimension (i.e.,
spinal levels). These projections were then compared to the fMRI-derived
projections using Pearson's correlation coefficients.

2.4.2. Subject-wise classification of estimated spinal maps
In order to confirm the task-specific characteristics of the ros-

trocaudal activations patterns derived using EMG, a classifier (Linear
Discriminant Analysis, LDA) was designed for each subject to discrimi-
nate across the three movements using the EMG-derived spinal maps
from the single movement experiment (i.e., ten repetitions). For the single



Fig. 2. j Characterization of rostrocaudal spinal activation patterns (EMG) j A. EMG-derived spinal maps are used to estimate the spatiotemporal activation of
lower motoneurons in the spinal cord (Yakovenko et al., 2002). The motor-pool output patterns are computed using a weighted summation of the EMG signals from
the 15 recorded muscles, based on knowledge about the rostrocaudal locations of the motoneuron pools innervating those muscles (see Table S1). B. Group
EMG-derived spinal maps for the different movements (WE¼wrist extension, WA¼wrist adduction, FA¼ finger abduction). Spinal maps were averaged over subjects
and repetitions (64 repetitions of each movement for each subject). The color bars, displayed at the right of each map, represent the a priori expected peaks of
activation. Spinal levels are displayed on the y-axis, and x-axis corresponds to the duration of the movement (~2 s). C. Correlation between the time-averaged
EMG-derived spinal maps of the different movement repetitions. Data are presented as mean over subjects� SE.

N. Kinany et al. NeuroImage 200 (2019) 590–600
movement experiment, EMG-derived spinal maps were computed as above,
independently for each repetition. We used as features the activity of the
EMG-derived spinal maps from C5 to T1 averaged over time. The average
discards the temporal component of the EMG-derived spinal maps, but
allows comparison with the fMRI-MVPA results, where beta images are
used as inputs. A three-class LDA classifier was employed (same covari-
ance matrix for each class), with leave-one-movement-out cross valida-
tion, within each subject (for the sake of comparison, only the six subjects
who performed the MVPA experiment were considered). Confusion
matrices were computed considering all cross validation folds, to sum-
marize the accuracy of the classification. In order to assess the statistical
significance of those results, we performed non-parametric permutation
tests. Specifically, we built 1000 classifiers for each subject, with
randomly assigned labels at each permutation fold (i.e., same labels for
all subjects within the same permutation), and computed confusion
matrices for each permutation and subject. For each permutation, the
mean overall accuracy over subjects was calculated and the 99th
percentile of this null distribution was defined to obtain the threshold for
significance (p¼ 0.01).
2.5. fMRI acquisition and preprocessing

2.5.1. Imaging protocol
Imaging data were acquired with a 3.0 T S Prisma scanner (Erlangen,

Germany), equipped with a 64-channel head (only inferior element, HC7,
was used) and neck coil (both anterior and posterior elements, NC1 and
NC2, were used – i.e., 24 channels). For the MVPA recordings, a soft
cervical collar was employed to stabilize the neck. All functional acqui-
sitions were performed with a gradient-echo echo-planar sequence, with
ZOOMit selective field-of-view imaging (Repetition Time (TR)¼ 2.5 s,
Echo Time (TE)¼ 34ms, FOV¼ 48� 144mm, flip angle¼ 80�, in-plane
resolution¼ 1� 1mm, slice thickness¼ 3mm). A similar sequence was
used by Weber and colleagues (Weber et al., 2016b) and allowed to
efficiently observe spinal activation during isometric wrist movements.
32 axial slices were acquired for each volume, covering the cervical
enlargement. Before acquisition, shimming adjustments focused on the
spinal cord were carried out to optimize the magnetic field homogeneity.
In Session 1, 102 vol were acquired (scan duration of 4min and 15 s),
while 114 vol were acquired for Session 2 (scan duration of 4min and
45 s). A high-resolution T2-weighted anatomical image, covering C1 to
T6 vertebra, was also acquired with a SPACE sequence (single slab 3D
turbo spin echo sequence with a slab selective, variable excitation pulse,
TR¼ 1500ms, TE¼ 135ms, echo train length¼ 74, flip angle¼ 140�,
resolution¼ 0.4� 0.4� 0.8mm, sagittal orientation).

All preprocessing steps were performed using the Oxford Center for
fMRI of the Brain's (FMRIB) Software Library (FSL, version 5.0) (Jen-
kinson et al., 2012) and the Spinal Cord Toolbox (SCT, version 3.2.1) (De
Leener et al., 2017).
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2.5.2. Motion correction
As the spinal cord is a very small structure, motion correction is a

crucial step to increase the temporal signal-to-noise ratio (tSNR). Motion
correction was performed in two steps: i) slice-wise realignment, to ac-
count for the articulated structure of the spine (Cohen-Adad et al., 2009;
De Leener et al., 2017); and ii) motion scrubbing (Power et al., 2014). For
the slice realignment, all images were visually inspected to rule out the
presence of artifacts and cropped to remove bottom slices with insuffi-
cient signal (the number of removed slices ranges from 3 to 8 across
subjects and runs). Then, the volumes of each functional run were
averaged and the centerline of the spinal cord was automatically
extracted from the resulting image. A cylindrical mask with a diameter of
30mm along this centerline was drawn and further used to exclude re-
gions outside the spinal cord from the motion correction procedure, as
those regions may move independently from the cord. Slice-wise
realignment was performed using the mean functional image as the
target image. The amount of motion was assessed by computing the
average absolute value of the framewise displacement (FD), as well as the
Pearson's correlation coefficients between the movement parameters and
the task paradigm. Finally, all runs were aligned to the task-free run with
FLIRT (FMRIB's Linear Image Registration Tool), using six
degrees-of-freedom rigid-body transformations with spline interpolation
and a normalized correlation cost function (Jenkinson et al., 2002).
Motion scrubbing was subsequently performed by including outlier vol-
umes as noise regressors during the GLM analysis (see 2.6.1). Outliers
were detected with FSL's dedicated tool and using DVARS (i.e., the root
mean square intensity difference of volume N to volume Nþ1) with a
box-plot cutoff (75th percentile þ 1.5 � the interquartile range) (Power
et al., 2014). This metric was computed within the spinal cord mask (see
2.5.5). On average, two volumes per run were considered as outliers.

2.5.3. Physiological noise correction
The close proximity of the lungs, the heart and other visceral organs is

an important source of motion when performing spinal cord fMRI
(Brooks et al., 2008; Eippert et al., 2017; Pich�e et al., 2009). Moreover,
cardiac activity generates a pulsatile flow in the cerebrospinal fluid (CSF)
around the spinal cord, hence urging the need for physiological noise
correction. Therefore, we recorded physiological signals during the
functional acquisitions using a photoplethysmograph and a respiratory
belt (Biopac MP150 system, California, USA). In order to ensure proper
synchronization, the scanner triggers were simultaneously recorded. The
physiological recordings were used to build slice-wise nuisance re-
gressors, with a model-based approach derived from the RETROspective
Image CORrection (RETROICOR) procedure (Glover et al., 2000). This
method assumes the physiological processes to be quasi-periodic, which
means that cardiac and respiratory phases can be uniquely assigned for
each image. The signals are then modeled using a low-order Fourier
expansion subsampled at the time of image acquisition. This technique
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has been shown to be efficient for brainstem (Harvey et al., 2008) and
spinal cord imaging (Brooks et al., 2008; Kong et al., 2012), where the
inclusion of higher order terms was found to be beneficial. Note that 32
regressors are most commonly used to correct for physiological noise in
the spinal cord (Kong et al., 2012). Considering the relatively low
number of volumes of each run (102 vol), a solution requiring less re-
gressors was favored, so as to limit the number of degrees-of-freedom,
while still accounting for respiratory and cardiac terms as well as for
the interaction between those processes, which was demonstrated to be a
significant source of noise (Brooks et al., 2008). As such, we used the
optimized model presented by Harvey et al. (2008) and previously
employed in the spinal cord by Tinnermann et al. (2017). Specifically, the
physiological noise modelling (PNM) tool from FSL was used to yield 18
voxelwise noise regressors. Finally, the signal from the CSF (mean signal
in the 10% of CSF voxels whose signal varies the most) was also included
as an additional physiological noise regressor, as recommended by Kong
et al. (2012).

2.5.4. Normalization
To allow comparison between the different movements and subjects,

a two-step registration procedure was used to register the images to a
template space (i.e., PAM50 template, De Leener et al., 2018), using the
Spinal Cord Toolbox (De Leener et al., 2017); i) Anatomical-to-template:
a binary mask of the spinal cord was automatically created based on the
T2-weighted anatomical image. Subsequently, vertebrae were automat-
ically labelled after manual initialization of the C2–C3 vertebral disk. The
spinal cord was straightened along its centerline using the anatomical
labels and non-rigid registration to the PAM50 template was performed.
This step generates an anatomical image warped into the template space,
a template image warped into the anatomical space, as well as the cor-
responding warping fields; ii) Functional-to-anatomical: the functional
images were registered to the template in anatomical space with
non-rigid transformations, generating the corresponding warping fields.
The warping fields from steps i) and ii) were finally concatenated to
obtain the functional-to-template transformation. Mean normalized
anatomical and functional images are presented in Fig. S2B.

2.5.5. Segmentation
Segmentation of the T2-weighted anatomical image was automati-

cally performed using the Spinal Cord Toolbox (De Leener et al., 2017),
generating binary masks of the spinal cord and CSF. As for functional
images, binary masks of the spinal cord and CSF were manually drawn.

2.6. fMRI analysis

2.6.1. fMRI-based estimation of spinal activity
FMRI data analysis was carried out using FSL's fMRI Expert Analysis

Tool (FEAT). At the subject-level, the preprocessed images of each run (in
the native space, after motion correction) were spatially smoothed and
highpass temporal filtering (sigma¼ 45.0 s) was applied. In order to
preserve anatomical consistency, spatial smoothing was performed along
the centerline of the spinal cord, using a 3D Gaussian kernel with a full
width half maximum (FWHM) of 2� 2� 6mm3. Using these pre-
processed time-series, a first-level statistical analysis (intra-subject –

within run) was carried out using FMRIB's Improved LinearModel (FILM)
with local autocorrelation correction (Woolrich et al., 2001). The design
matrix included the explanatory variables, the physiological noise re-
gressors as well as the outlier volumes for motion scrubbing (see 2.5.2).
Specifically, the explanatory variables were defined based on the tem-
poral dynamics of the task (block design), which was convolved with
three optimal basis functions using FMRIB's Linear Optimal Basis Set
(FLOBS) (Woolrich et al., 2004b), in order to account for differences of
hemodynamic response function (HRF) between regions and subjects.
The second and third waveforms (i.e., the temporal and dispersion de-
rivatives, respectively) were orthogonalized to the first waveform. For
each subject and movement, the parameter estimates corresponding to
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the first FLOBS waveform (i.e., task against rest), obtained independently
for the two runs, were combined by passing them up to a second level
analysis (intra-subject – across runs), in which task-specific subject level
activation maps were obtained using a fixed-effects model.

Parameter estimates obtained during the second level analyses (i.e.,
subject-level)were thennormalized to thePAM50template (i.e., functional-
to-template transformation) and passed up to a third level analysis (inter-
subjects) to obtain average group activation maps using FMRIB's Local
Analysis of Mixed Effects (FLAME) stages 1 and 2 with outlier detection
(Woolrich et al., 2004a; 2008). Z statistic images were thresholded using
clusters determined by Z> 2 and a cluster-defining threshold of p< 0.01 to
account for multiple comparisons. Recent discussions have highlighted
concerns regarding the use of parametric testing with a cluster-defining
threshold larger than p¼ 0.001 for whole brain fMRI (Eklund et al.,
2016). However, our approach is in agreement with recent spinal cord
literature (e.g., Tinnermann et al., 2017; Weber et al., 2016a), where the
smaller number of voxels curtails the impact of the multiple comparison
problem. Furthermore, the use of FSL's FILM to correct for autocorrelation
minimizes inflation in the false positive rate (Faull et al., 2015). Besides, we
also assessed the presence of false positives using a control analysis (see
2.6.2). Dice coefficients (Dice, 1945) between the individual
movement-related activation patterns were also computed (values ranging
from 0 – no similarity – to 1 – equal), so as to assess to what extent the
thresholded maps were spatially similar for the different movement types.

In order to relate EMG- and fMRI-derived activation maps, the group-
level parameter estimates (i.e., beta maps from the third-level analysis)
were masked in order to isolate the motor and sensory components of the
signal (i.e., the anterior or posterior hemicords) and summed over the x
and y dimensions to generate one-dimensional projections along the z
dimension. These projections were smoothed (moving average filter,
window length of about one spinal level) to summarize the trends of the
distributions and compared to the EMG-derived projections using Pear-
son's correlation coefficients.

2.6.2. Control analysis
In order to evaluate the presence of false positives, an additional

control analysis was performed, similarly to Weber et al. (Weber et al.,
2016a, 2016b). The preprocessed timeseries of the task-free run recorded
at the beginning of the experiment were analyzed following the same
procedure as the task runs (i.e., GLM where the explanatory variable was
computed using the temporal dynamics – onsets and durations – of an
actual task run). Equivalently to the task runs, we computed a group
average activation map (thresholded using clusters determined by Z> 2
and a cluster-defining threshold of p< 0.01). For each subject indepen-
dently, we also calculated the percentage of spatial extent (number of
active voxels divided by the number of voxels in the region of interest; i.e.,
the C5 to C8 spinal levels) and the average Z-score of the active voxels.
This was done in the template space to allow comparison between sub-
jects. Z statistic images were thresholded at Z> 2 (p¼ 0.01, uncorrected).
In order to compare task-free runs with task runs, we also computed those
metrics for all runs of the experiment and averaged results over movement
type, independently for each subject. Task-free and task results across
subjects were then compared using two-tailed paired t-tests.

2.6.3. Multivoxel pattern analysis
For each subject, MVPA was performed to confirm the task-specific

characteristics of the rostrocaudal activations patterns derived using
fMRI activity. Images were processed as presented in 2.5. Due to the
small number of subjects, group activation maps were obtained using a
fixed-effects model. Z statistic images were thresholded using clusters
determined by Z> 2 and a cluster-defining threshold of p< 0.001 to
account for multiple comparisons. In order to preserve the information
content before deploying MVPA, the dataset was also smoothed using a
3D Gaussian kernel with a full width half maximum (FWHM) of
1� 1� 3mm3. Parameter estimates were obtained for each run using the
same GLM as presented above (see 2.6.1) but where the explanatory
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variables were the task dynamics of the three movements. We defined
three contrasts, one for each movement type against rest. The resulting
parameter estimates (in the native space) were masked to include the C5
to T1 spinal levels. All voxels were used as inputs (no feature selection)
and a three-class LDA classifier similar to the EMG-classifier was
employed, with leave-one-run-out cross validation. In order to compare
the information content of different regions-of-interest, classification was
also performedwithin specific masks (superior and inferior levels, as well
as anterior and posterior hemicords). Confusion matrices were computed
considering all cross validation folds, to summarize the accuracy of the
classification. Statistical significance was computed following the same
procedure as the EMG-based classification (see 2.4.2). Finally, we also
assessed the stability of the LDA weight maps, by computing the Pear-
son's correlation coefficients between the LDA weights of each fold.

3. Results

3.1. Data quality assessment

All subjects completed Phase 1 (EMG experiment) and Phase 2 (fMRI
experiment), and 6 of them completed Phase 3 (MVPA experiment). Sub-
jects’ performancewasmonitored during each phase and the quality of the
preprocessing stepswas visually assessed. As for EMG, datawere inspected
to rule out the presence of movement artifacts. The assessment of the fMRI
data prompted the exclusion of two subjects from further analyses (fMRI
and related EMG), as their functional scans did not include the C8 spinal
level. A region spanning C5 to C8 spinal levels was imaged in all the
remaining subjects (Fig. 3A). In order to assess the impact of the different
processing steps, we computed the tSNR on the task-free time-series, by
dividing the average signal over time by the standard deviation. The effi-
ciency of the motion correction procedure was confirmed by a significant
increase (p< 0.001, two-tailed paired t-test) of the average tSNR (�SE)
from 5.15� 0.16 before motion correction to 7.92� 0.15 after motion
correction (Fig. S2A). The tSNR further increased to 28.22� 0.67
(p< 0.001) thanks to temporal filtering and spatial smoothing. Overall,
the motion of the spinal cord was limited, as highlighted by the average
absolute value of the framewise displacement (�SE)
(FDx¼ 0.106� 0.002mmandFDy¼ 0.143� 0.002mm), and onlyweakly
correlated with the task (ρx¼ 0.063� 0.005 and ρy¼ 0.124� 0.004).
3.2. Rostrocaudal activation patterns captured using EMG and fMRI

3.2.1. EMG-derived spinal maps
In order to estimate task-related spinal activity, we first computed
Fig. 3. j Characterization of rostrocaudal spinal activation patterns (fMRI) j A. I
The color bar indicates the number of subjects with the corresponding region include
reference. The vertebral bodies are labelled, as well as the corresponding probabilis
modelling) for the contrast task VS baseline (WE¼wrist extension, WA¼wrist ad
ter-defining threshold of p< 0.01) and normalized to the PAM50 template. Only a re
are presented, with the same slice (y¼ 70) shown for all movements. C. Three axial
overlaid on the PAM50 template. For sagittal slices, see Fig. S4. S¼ superior, I¼ inf
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EMG-derived spinal maps. These maps are based on anatomical mapping
(Fig. 2A) and they, therefore, represent the theoretical spinal activation
patterns. As hypothesized, the spinal activation patterns elicited by the
three motor tasks (wrist extension or WE, wrist adduction or WA and
finger abduction or FA) exhibited distinct rostrocaudal organizations
(Fig. 2B). Notably, the activity shifted from higher cervical segments
during wrist extension to lower spinal regions during wrist adduction and
finger abduction. Specifically, the activity elicited by wrist extension was
relatively spread out and mainly distributed over the C5–C7 spinal levels.
This pattern is associated with EMG activity in the wrist extensor muscles
as well as in more proximal muscles, such as the brachioradialis (Fig. S3,
Table S1). For the wrist adduction, instead, the activity was mainly
focused in C7 and C8, coinciding with EMG activity in the flexor and
extensor carpi ulnaris. Finally, finger abduction presented an activation
pattern similar to the one of wrist adduction, but with an activity peak
more focalized over C8, explained by EMG activity in the finger extensor
muscles, as well as in distal muscles such as the abductor digiti minimi
(Fig. S3).

We evaluated the stability of the rostrocaudal patterns over repeti-
tions (Fig. 2C), which highlightedmore variability for the maps related to
wrist extension (r¼ 0.78� 0.07, mean over subjects� SE) compared to
the patterns of wrist adduction (r¼ 0.92� 0.04) and finger abduction
(r¼ 0.97� 0.01).

This characterization of the estimated spinal activity confirmed that
the selected movements required distinct rostrocaudal cervical activa-
tions, and they were, thus, apt to explore the potential of fMRI in
capturing the complexity of human spinal cord functional activity.

3.2.2. fMRI-derived spinal maps
In order to elucidate whether spinal cord BOLD activity also displayed

a similar task-specific rostrocaudal organization, we computed fMRI-
derived spinal maps. After preprocessing, we assessed group level spi-
nal activity using a GLM with mixed-effects modelling. For all move-
ments, a larger portion of the active voxels was observed in the anterior
(i.e., motor) part of the spinal cord (56.44� 2%, mean over move-
ments� SD, see sagittal slices in Fig. S4), while the activity was roughly
distributed evenly between left and right hemicords (47.65� 17.8% in
the right hemicord), as expected for bimanual motor tasks. Activity was
also spread out between the grey and white matter (33.84� 8.5% in the
grey matter), in accordance with reports from Weber and colleagues
(Weber et al., 2017). Similarly to the EMG-derived spinal maps, wrist
extension resulted in more rostral activity than wrist adduction and
finger abduction (Fig. 3B and C, Table S2). Specifically, the activity
related to wrist extension was mainly located in the C6 spinal level
maged regions map, normalized to the PAM50 template (De Leener et al., 2018).
d in the functional maps. A sagittal view of the PAM50 template is presented for
tic spinal levels (Cadotte et al., 2015). B. Group activation maps (mixed-effects
duction, FA¼ finger abduction). Maps are thresholded at a Z-score > 2 (clus-
gion from C5 to C8 is considered (imaged in all subjects). Central coronal views
slices (z¼ 765, z¼ 795 and z¼ 825, see left panel) are presented (right panel),
erior, L¼ left, R¼ right, A¼ anterior, P¼ posterior.
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(81.8% of the active voxels), while it was also the only movement elic-
iting activity in the C5 spinal level (12.9% of the active voxels). The main
activity peak during wrist adduction and finger abduction, instead, was
focused in C8 (respectively 68.7% and 55.4% of the active voxels), while
the remaining activations were only found in the C7 spinal level. The
difference between these activation patterns was also illustrated by the
low Dice coefficients between them (D¼ 0 between WE and WA,
D¼ 0.04 between WE and FA and D¼ 0.36 between WA and FA).

These results highlight that the BOLD activity reveals a distinct ros-
trocaudal cervical organization associated with different upper limb
movements, consistent with the one inferred using anatomy-based
mapping.

3.2.3. The activation patterns are specific to task runs
In order to control for false positives, we employed a control analysis

in which the same procedure as the one used to detect task-related ac-
tivity was applied to task-free runs. At the group level, no voxel exceeded
the significance threshold when combining the task-free activation maps
from all subjects (Fig. 4A), emphasizing that task-free activity was not
localized in a particular spinal level.

We then further assessed the significance of fMRI activation during
task runs by comparing both the extent and amplitude of the activity
linked to task and task-free runs at the subject-level, similarly to Weber
et al. (Weber et al., 2016b, 2016a). The spatial extent of the activity (i.e.,
percentage of activated spinal cord) identified during the task runs
(Figs. 4B and 8.44� 1.16%, mean over subjects� SE) was significantly
larger (p< 0.001) than during the task-free runs (2.97� 0.47%). Simi-
larly, the intensity of the activity, as illustrated by the average Z-score
over the active voxels, was significantly higher (p< 0.01) during the task
runs (Figs. 4B and 2.56� 0.04) than during the task-free runs
(2.38� 0.03).

These combined results indicate that the cervical rostrocaudal acti-
vation patterns imaged during task runs are likely not artefactual and
reflect motoneuron activity.

3.2.4. EMG- and fMRI-derived spinal maps present similar rostrocaudal
distributions

To further examine the similarities between the rostrocaudal distri-
butions of spinal activity extracted using EMG and fMRI and, thus, to
confirm the specificity of spinal BOLD signal, we compared the obtained
activation patterns using their respective projections along the z direc-
tion. When focusing on the anterior (i.e., motor) profiles (Fig. 5), similar
distributions were observed for both modalities, with task-related pro-
files shifted towards rostral or caudal spinal levels, depending on the
Fig. 4. j Control analyses j A. Group activation maps (mixed-effects modelling)
for the control analysis (task-free runs). Maps are thresholded at a Z-score > 2
(cluster-defining threshold of p< 0.01) and normalized to the PAM50 template
(coronal view). n.s. indicates that no significant activity was detected. B.
Comparison of the percentage spatial extent of the activity, relative to the C5 to
C8 region of the spinal cord (left panel), and average Z-score (right panel)
during the task-free and task runs. Each colored line corresponds to one subject.
The black line corresponds to the mean � SE. * corresponds to p < 0.01 and **
to p < 0.001 (two-tailed paired t-test).
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motor task. During wrist extension, the spread of activity was stronger at
the rostral part of the cord, while the activity during wrist adduction and
finger abduction was more localized in the caudal region. The projections
of activity derived from the two modalities were significantly correlated
(p< 0.001), as stressed by the correlation coefficients ρ between the
EMG- and fMRI-derived trends: 0.32 for wrist extension, 0.90 for wrist
adduction, and 0.70 for finger abduction. These moderate to high cor-
relations indicate similar rostrocaudal distributions, inferred either
peripherally from the EMG activity or directly from functional imaging of
the spinal activity, and it supports the use of fMRI to directly image spinal
cord involvement during upper limb movements. In addition, the profiles
of WA and FA, both shifted towards the caudal side of the cord, also
exhibited a high correlation between their related EMG- and fMRI-
derived profiles (e.g., ρ¼ 0.96 between the fMRI-derived profile of WA
and the EMG-derived profile of FA, see full correlation matrix in
Fig. S5A). This is, however, in accordance with the high correlation of
0.98 between the EMG-derived profiles of those two movement types
(see Fig. S5C). Interestingly, the fMRI-derived projections, when
considering only the posterior (i.e., sensory) component of the spinal
activity, were also highly correlated (p< 0.001) with the EMG-derived
projections (ρWE¼ 0.73, ρWA¼ 0.87 and ρFA¼ 0.43) (Fig. S5B).

3.3. Imaged rostrocaudal organization is task-specific

Both EMG- and fMRI-derived spinal maps suggest task-specific ros-
trocaudal distributions of the cervical spinal cord activity. In order to
verify this hypothesis, we used a machine learning approach that exploits
the information content of each motor task in the spinal maps derived
from both modalities.

When using EMG-derived projections (i.e., time-averaged) of the
estimated spinal activity as features (i.e., one feature for each spinal
level), the classifier was able to differentiate the three classes with a high
accuracy, as emphasized by the diagonal confusion matrix (Fig. 6A). The
overall accuracy (95%) was significantly higher than chance (p< 0.01,
permutation testing, chance level at ~33%), highlighting the specificity
of the estimated spinal activation patterns.

Furthermore, we deployed MVPA to decode the executed task based
on the voxelwise spinal BOLD activity. When using information from the
whole spinal cord, rostrocaudal activation patterns allowed to decode
movements for all three classes with an overall accuracy of 54.5%
(Fig. 6B), significantly better than chance (p< 0.01). The stability of the
LDA weight maps over cross-validation folds was also assessed by
computing their average Pearson's correlation coefficients. This analysis
showed a high correlation between folds (0.87� 0.01, mean over
subjects� SE).

In order to investigate the relative contribution of different sub-
regions of the cord, we performed the classification independently: i)
for inferior and superior spinal levels and ii) for each hemicord (i.e.,
anterior and posterior) (Fig. S6). Although wrist adduction and finger
abduction could still be decoded using both rostral and caudal segments,
wrist extension failed to be detected using the inferior region of the cord
(38.4%), emphasizing the rostral character of the related activation.
Interestingly, movements could be classified efficiently using both
anterior and posterior hemicords (average classifications of 48,4% and
51.1%, respectively), highlighting the shared influence of motor and
sensory processes.

Finally, to validate the rostrocaudal cervical patterns presented in
3.2.2, we assessed the group level activity elicited by the three move-
ments during the MVPA experiment (Fig. 6C, Table S3). This analysis
uncovered activation maps consistent with those imaged during the first
experimental session (Fig. 3B). Similarly, the three different task-related
patterns presented distinct spatial distributions (D¼ 0.33 between WE
and WA, D¼ 0.15 between WE and FA and D¼ 0.19 between WA and
FA). More specifically, activation patterns related to wrist extension were
located in higher spinal levels (8.3% of the active voxels in C6, and 65.4%
in C7) than the ones elicited by wrist adduction (45.1% in C7, 29.4% in



Fig. 5. j Rostrocaudal distributions of activations j For each movement type (WE¼wrist extension, WA¼wrist adduction, FA¼ finger abduction), distributions of
the EMG- (dark line) and fMRI- (light line) derived spinal maps along the z direction are presented. Time-averaged-map values are used for the projections of EMG-
derived spinal map while group parameter estimates (anterior, or motor, hemicord), summed over the x and y dimensions, are used for the projection of fMRI-derived
spinal maps. Spinal levels are displayed on the x-axis, and y-axis corresponds to the projected map-values (EMG) or betas (fMRI). Pearson's correlation coefficients
between the two modalities are respectively 0.32 (p< 0.001), 0.90 (p< 0.001) and 0.70 (p< 0.001).
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C8 and 23.4% in T1) or finger abduction (50% in C8 and 50% in T1).
These results further demonstrate the robustness of the task-specific
rostrocaudal organization.

These combined results corroborate the hypothesis that the measured
BOLD signal actually reflects the spinal processes underlying movement.
They, therefore, support the potential of fMRI to image task-specific
rostrocaudal organization, offering as such the prospect of a novel tool
to study spinal function and its disruption in neurological conditions.

4. Discussion

Here, we hypothesized that spinal cord fMRI could be used to reliably
image task-specific activity in different cervical segments during distinct
upper limb movements. To address this question, we combined spinal
functional imaging with EMG recordings, as advised in previous studies
(Madi et al., 2001; Weber et al., 2016b). Specifically, we exploited
anatomical knowledge of muscle innervation to infer the contribution of
each muscle to the spinal activity in the different segments. Notwith-
standing the limitations inherent to the imaging of spinal cord function,
we acquired distinct task-specific rostrocaudal activation patterns using
fMRI, consistent with the theoretical maps derived from the muscular
recordings. These task-specific spinal maps allowed for a successful
decoding of motor tasks. Here we discuss our results with an emphasis on
acquisition and processing precautions for reliable spinal fMRI BOLD
signal.
Fig. 6. j Average decoding accuracy j A. Each subject performed 10 repetitions of e
averaged over time to keep only the spatial information (i.e., five features per sample,
Classification was performed in each subject using an LDA classifier (leave-one-move
(here, only the six subjects who participated in the MVPA experiment were considere
above the chance level (p< 0.01, permutation testing, chance level at ~33%). All
performed in each subject, using data from the C5 to T1 spinal levels and a LDA classi
subjects. The average accuracy over subjects and conditions was 54.5% and significa
maps (of the six subjects who participated in the MVPA experiment) for the contrast
analysis) and are thresholded at a Z-score> 2 (cluster-defining threshold of p< 0.0
Coronal views are presented, with the same slice shown for all movements. A sagitta
probabilistic spinal level. WE¼wrist extension, WA¼wrist adduction, FA¼ finger a
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4.1. Imaged cervical activation patterns have a task-specific rostrocaudal
organization

To characterize the specificity of the activation in the rostrocaudal
direction, we selected movements that allowed capitalizing on the
different locations of the motoneuron pools innervating the employed
muscles. Wrist extension, if performed with no radial or ulnar deviation,
should mainly be linked to motoneuron activity in the C6–C7 spinal
levels, while wrist adduction and finger abduction were expected to elicit
lower activity, in the C7–C8 and C8-T1 segments, respectively (Table S1).
These task-specific rostrocaudal activations were first confirmed using
EMG recordings (Fig. 2). Muscular activity was mapped back onto the
spinal cord using anatomical knowledge of muscle innervation. As ex-
pected, the activity shifted from rostral levels for wrist extension to
caudal regions for wrist adduction and finger abduction. However, these
maps, derived from indirect peripheral recordings, are solely based on
anatomical considerations and, thus, do not fully inform on the actual
spinal cord function. Conversely, fMRI enables localized observation of
spinal cord activity. Using this technique, we showed that spinal BOLD
signal also reflected these task-specific activations patterns (Fig. 3). In
line with the findings of Madi et al. (2001), we observed higher activa-
tions for wrist extension than for finger abduction. Nonetheless, the
detected activity was more focal in our study, possibly due to the
increased field strength, the choice of sequence (selective field-of-view
imaging), and to the ad hoc noise correction steps applied to the
signal. Wrist adduction, which was not performed in the study of Madi
ach movement. EMG-derived spinal maps were computed for each repetition and
corresponding to the mean activity over time in the spinal levels from C5 to T1).
ment-out cross validation). Confusion matrices were then averaged over subjects
d). The average accuracy over subjects and conditions was 95% and significantly
values are reported in percentage. B. Multivoxel pattern analysis (MVPA) was
fier (leave-one-run-out cross validation). Confusion matrices were averaged over
ntly above the chance level (p< 0.01, permutation testing). C. Group activation
task VS baseline. Maps represent the mean activity over the group (fixed-effects
01). All maps are normalized to the PAM50 template (De Leener et al., 2018).
l view of the PAM50 template is shown as a reference, with the corresponding
bduction. S¼ superior, I¼ inferior, L¼ left, R¼ right.
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et al., also elicited the expected activity, with an activation profile shifted
towards caudal segments. For the three movements, the activity was
equally distributed between the left and right hemicords and mainly
located in the anterior (i.e., ventral) hemicord. This is in agreement with
anatomical knowledge, as movements were performed bilaterally and
motoneurons are found in the ventral horns. Despite the larger anterior
activity, significant activity was also found in the posterior (i.e., dorsal)
hemicord. As the task consisted in performing dynamic repetitions of the
movements, this is likely resulting from sensory processes and proprio-
ception. In parallel, a control analysis where we applied our analysis
pipeline to task-free runs emphasized that the imaged cervical patterns
were likely not of artefactual origin (Fig. 4).

In a subsequent step, we quantified the relationship between the
EMG- and fMRI-derived spinal maps by using their respective projections
on the z dimension (i.e., spinal levels) and demonstrated analogous
rostrocaudal distributions of activity between the two modalities (Fig. 5).
This suggests that both activation maps stem from the same motor-
related spinal processes, hence supporting the use of fMRI to reliably
and directly image task-related rostrocaudal cervical activity.

In order to further confirm the identified task-specific activation
patterns, we employed a machine learning paradigm on a subset of
participants, so as to decode motor tasks based on spinal activation maps.
FMRI-derived patterns presented significant decoding performances
(54.5%), highlighting the task-specific information contained in the ac-
quired BOLD signal. Wrist extension, however, presented a lower clas-
sification accuracy (46.7%), potentially related to higher movement
variability when executing this task. This hypothesis is supported by the
theoretical EMG-derived spinal maps, where a lower correlation was
observed between the activation patterns of the different repetitions of
this movement (Fig. 2), possibly indicating that the wrist was not
consistently moved in the expected neutral ulnoradial deviation.
Nevertheless, it should be emphasized that wrist extension and adduc-
tion, although involving the same joint, could be distinguished with a
significant accuracy. Interestingly, when using only the inferior portion
of the spinal cord, wrist extension tended to be mistaken for wrist
adduction (Fig. S6A), further supporting the rostral character of the un-
derlying activation.

Another compelling finding concerned the high decoding perfor-
mances obtained when using the anterior or posterior hemicord only
(48.4% and 51.1%, respectively, see Figs. S6C–D). This suggests that both
motor and sensory processes were reliably captured by spinal cord fMRI
and were both task-specific. The task-specificity of sensory information
parallels recent findings from Yeganegi et al. (2018). In that study, the
authors showed for the first time that electrophysiological recordings of
dorsal grey matter activity in anesthetized cats allowed for successful
decoding of hind limb movements. Indeed, movements not only elicit
efferent signals travelling from the ventral horns of the spinal cord to the
muscles, they also involve afferent feedback provided by sensory re-
ceptors (e.g., muscles spindles, tendons or mechanoreceptors) and going
to the central nervous system, through the dorsal horns of the spinal cord
(Enoka, 2008). Consequently, observing task-specific sensory activity is
not unexpected, as also reflected by the significant correlations obtained
between the EMG- and fMRI-derived profiles, when considering the
sensory component only (see 3.2.4).

Importantly, the group activation maps resulting from this additional
imaging session presented similar rostrocaudal patterns as the ones
derived from the initial experiment, confirming the robustness of the
captured rostrocaudal activation patterns. Altogether, these results un-
derscore the broad potential of spinal cord fMRI, not only to image spinal
motoneuron activity, but also to explore sensory and proprioceptive
mechanisms, one aspect that cannot be probed with peripheral re-
cordings, such as EMG acquisitions. To our knowledge, our study is the
first report of MVPA in the spinal cord during different types of move-
ments (note, however, that Weber and colleagues previously used MVPA
to decode left and right wrist flexions (Weber et al., 2016b)).
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4.2. Methodological challenges of spinal cord fMRI and possible solutions

Although spinal cord fMRI relies on the same principles as brain fMRI,
it presents additional challenges (Giove et al., 2004) and has therefore
not yet received as much interest. First, the small cross-sectional di-
mensions of the spinal cord prompt the need for high resolution imaging
to avoid partial volume effects and to unravel the details of the structure
of interest. Second, the spinal cord is surrounded by different tissue types,
whose disparate magnetic susceptibilities affect the static magnetic field.
This can lead to image artifacts, such as distortions or signal dropouts,
when standard T2*-weighted fMRI protocols are employed. Advance-
ments in terms of hardware (Cohen-Adad et al., 2011) and sequences
(Finsterbusch et al., 2012) are currently being proposed in order to
obviate these constraints. Finally, another prominent issue is related to
the close proximity of the lungs, the heart and other visceral organs,
which are important sources of motion (Pich�e et al., 2009). Notably,
cardiac activity generates a pulsatile flow in the cerebrospinal fluid (CSF)
around the spinal cord.

In our study, we employed different approaches, from data acquisi-
tion to (pre-)processing, to overcome these limitations and get a reliable
signal. Specifically, prior to acquisition, shimming adjustments focused
on the cervical spinal cord were carried out to optimize the field ho-
mogeneity in the region of interest. The acquisition was performed using
selective field-of-view imaging, hence increasing imaging speed while
allowing for high spatial resolution (1� 1� 3mm). In order to curtail the
detrimental effect of motion, we applied several processing steps.
Realignment was first conducted using a slice-wise procedure, account-
ing for the articulated structure of the spinal cord (Cohen-Adad et al.,
2009; De Leener et al., 2017). Outlier volumes were then identified and
included as confounds during the GLM analysis. Finally, we used the
physiological recordings acquired throughout the experiment to model
additional nuisance regressors, based on the RETROICOR procedure
(Glover et al., 2000), and a CSF regressor was also included. Both ap-
proaches have been demonstrated to improve activation statistics
(Brooks et al., 2008), and their impact was reflected by the increase in
tSNR observed consecutive to these processing steps (see 3.1 and Fig. S2).
In addition, the GLM analysis was also adapted to account for potential
variations of the HRF, compared to the canonical HRF commonly
employed. Indeed, the temporal properties of the spinal HRF are still
unclear (Giulietti et al., 2008) and no solution to tackle this limitation has
so far been proposed in the context of spinal cord fMRI. Therefore, we
opted for an approach previously used in brainstem fMRI (e.g., Faull
et al., 2015), a field facing similar challenges in this regard (Devonshire
et al., 2012) and employed a FLOBS-generated basis set instead of the
canonical HRF (Woolrich et al., 2004b), so as to be less sensitive to he-
modynamic variability (e.g., dispersion, delay or shape).

Following this advanced pipeline, we were able to image robust
rostrocaudal patterns. Nevertheless, some limitations need to be
acknowledged. Regardless of the consistent sequence of motoneuron
pools across subjects (e.g., distal arm muscles innervated by lower spinal
levels than proximal muscles), individual differences in the location of
spinal levels with respect to the corresponding vertebral bodies have
previously been reported (Cadotte et al., 2015). When registering subject
data to a common template, these differences are not taken into account
with current normalization algorithms, an issue which was already raised
by Weber et al. (2016a, 2016b). This could hinder our ability to detect
activation patterns along the rostrocaudal direction, due to potential
mismatches between subjects. Although less prevalent, similar issues
exist in brain fMRI (Dubois and Adolphs, 2016) and progresses in both
fields (e.g., advanced algorithms or functionally-informed alignment)
could gradually overcome these difficulties.

4.3. Experimental limitations and considerations

Our paper aimed to relate EMG and fMRI activity in order to highlight
the neural origin of the signal recorded with spinal cord fMRI. This
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represents a first step in showing that this technique can shed light on
spinal motor responses. We believe that future studies could deploy
similar motor-based paradigms, to infer general principles regarding
human spinal cord functional organization. We propose hereafter a
number of experimental and technical recommendations. While the
structure of our experiment (i.e., two complementary sessions to record
EMG and fMRI) imposed certain timing constraints to prevent subjects’
fatigue, future studies focusing solely on fMRI recordings could poten-
tially limit the number of conditions, so as to increase the scan duration,
or the number of runs, to further explore the properties of the underlying
spinal signals. An additional aspect that may be of interest is the vari-
ability of movement execution. Indeed, as muscle activations were not
performed at a specific percentage of the Maximum Voluntary Contrac-
tion, the exact output of the muscles during the fMRI scans was not
controlled. Performing isometric tasks could help in this regard, although
it may require the use of custom splints, which need to be adapted to the
movements of interest. Finally, we recommend the use of a soft cervical
collar for the functional recordings, as this helps stabilize and straighten
the neck, hence participating to improve image quality.

4.4. Conclusion

Despite technological challenges, we captured variations in spinal
activity and revealed task-specific rostrocaudal patterns in agreement
with the anatomical arrangement of motoneuron pools. These results
contribute to advance our understanding of the potential of spinal cord
fMRI. They demonstrate its prospects as a reliable tool to investigate
spinal cord function and to further understand mechanisms involved in
motor control and neurological motor disorders, such as spinal cord
injury or multiple sclerosis. For instance, spinal cord fMRI could allow
exploiting information on spinal sensorimotor function, rather than
theoretical estimations such as EMG-based maps. Eventually, we foresee
that such advances in our knowledge of the spinal cord could support
clinical decision-process and help inform intervention procedures.
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