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Abstract

For individuals withmotor complete spinal cord injury (SCI), previous works have shown that sparedmotor neurons below the injury
level can still be voluntarily controlled. In this study, we investigated the behavior of these neurons after SCI by analyzing neural
and spatial properties of individual motor units using high-density surface electromyography (HDsEMG) and ultrasound imaging.
The dataset for this study is based onmotor unit data from our previous work (Oliveira et al. Brain 147: 3583–3595, 2024). Eight par-
ticipants with chronic motor complete SCI and twelve uninjured controls attempted multiple hand movements, guided by a virtual
hand, while we recorded forearm muscle activity. We analyzed the common synaptic input to motor neurons with a factorization
method and found two dominant motor unit modes in both the SCI and control groups. Each mode was strongly correlated with the
virtual hand’s flexion or extension movements. The delay between flexion and extension movements and the motor unit modes
was similar between groups, suggesting preserved common input to motor neurons after SCI. We classified motor units into task-
modulated or nonmodulated (i.e., tonic or irregularly firing) based on their discharge patterns and phase difference with virtual
hand kinematics and found a higher proportion of nonmodulated motor units in the SCI group. At the motor unit action potential
level, we found larger motor unit territories after SCI. Finally, we observed distinct movements of paralyzed muscles with concur-
rent HDsEMG and ultrasound imaging, indicating the presence of highly functional motor units with distinct spared territories after
SCI.

NEW & NOTEWORTHY Here, we observed a similar pattern of motor unit activation during attempted handmovements in individuals
with complete SCI, who cannotmove their fingers, and in a control group, who performed the prescribedmovements. Despite differen-
ces in individual motor unit behavior between these groups, such as a higher proportion of nonmodulated motor units in SCI, move-
ment intention can still be decoded fromparalyzedmuscles.

high-density surface electromyography; motor neuron; motor unit; spinal cord injury

INTRODUCTION

Following a spinal cord injury (SCI), a cascade of events
occurs leading to the loss of synapses in spinal motor neu-
rons (1), muscle fiber denervation (2), and motor neuron
degeneration (3, 4). All of these events cause substantial
changes to the afferent inputs and efferent outputs of spinal
motor neurons (5). There has been evidence of corticospinal

and spinal circuitry adaptation, with changes in synaptic
strength and the formation of new cortical, subcortical, or
spinal circuits (2, 6–8).

However, the mechanisms the nervous system uses to com-
pensate for thedamage fromthe injuryarenotwellunderstood.
Corticospinal reorganization can result as a function of natural
recovery but can also result inmaladaptation, and lead to spas-
ticity, impaired muscle control, or the deterioration of other
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neural functions (3, 4, 6, 9, 10). Due to the diversity of injuries,
intervention time, and subject-specific factors, individuals
recover differently, evenwhen the injuries have similar lev-
els and classifications (11–13). Also, the loss of muscle func-
tion can vary according to the distance between motor
neuron pools and the lesion site (14). Although animalmod-
els clarify some of these adaptation mechanisms (1, 15),
there are still insufficient motor unit studies in humans to
understand how motor unit properties are altered after SCI
(16–19). This is because the type of injuries induced in ani-
mals (transection, contusion, compression) and the restric-
tions imposed by a laboratory environment can affect their
recovery (5).

Recent (20–22) and past evidence (23–26) in humans sug-
gest that somespinalmotorneurons below the level of the SCI
are still functional and that they can be voluntarily con-
trolled, even when no voluntary movement can be observed.
Despite the first evidence of residual muscle activity after
complete SCI appearing over four decades ago (26), notmuch
is known about neural or spatial properties of the spared
motor units after SCI. Therefore, it is relevant to understand
whether these neurons adapt after the injury andwhich prop-
erties make them functional. Few studies have used surface
and intramuscular electromyography (16–19, 21), but many
aspects have not been investigated in the spared motor unit
population. Particularly, very little is known about how these
motor units are modulated during controlled dynamic tasks
and the peripheral rearrangements of motor units that may
bedetectedwith electromyography.

We aimed to use high-density surface electromyography
(HDsEMG) and blind source separation to directly investigate
the properties of spared spinal motor neurons in individuals
with chronic motor complete SCI while they attempted fine
hand movements. We applied the same techniques to a con-
trol groupofuninjured individuals, performing the same tasks
to understand possible motor neuron differences in individu-
als with and without SCI. The data included in this work are
derived from our previous study (22). In the present work, we
focused on the analysis of neural and peripheral motor unit
properties of the SCI group and the comparison with the con-
trol group. The analysis of motor unit activity allows us to
have a direct representation of the potential rearrangements
of the neural output from the spinal cord and might provide
insights into underlying recovery mechanisms. We extracted
the patterns of activation of the spared motor neuron pools,
common synaptic inputs, and motor unit territories within
multiple forearm muscles. Moreover, we associated motor
unit activity with localized muscle displacements in the fore-
arm cross-section through concurrent recordings of HDsEMG
andultrasound in twoparticipantswithSCI.

We found clear patterns ofmotor unit activitywith distinct
muscular territories that encoded specific movements of the
hand. In addition, we found that these motor neuron activa-
tion patterns were similar between the groups, even though
there were clearly fewer task-modulated motor units after
SCI. This suggests that highly functional common inputs are
preserved after SCI and that control algorithms can benefit
from the identification of the modulated motor units to de-
velop high-performance brain-machine interface systems for
assistivedevices.

MATERIALS AND METHODS

Participants and Ethical Approval

In this study, eight participants (3 women) with chronic cer-
vical spinal cord injury were recruited in the SCI group. The
inclusion criteria were ages between 18 and 60 yr, chronic
injury (>1 year), absence of voluntarymovement in one or both
hands and an SCI level between C4 and C6. Table 1 describes
the data set and participants’ characteristics. In addition, 12
younguninjuredadults (2women)were recruited in thecontrol
group (age 27.1±3.4yr). Participants fromboth groups signed a
written informed consent approved by the ethics committee
of the Friedrich-Alexander-Universit€at Erlangen-N€urnberg,
under the numbers 21-150B and 22-138Bm. The procedures
were in agreementwith theDeclaration ofHelsinki, except for
database registration.

Experimental Protocol

The results presented in this study were collected dur-
ing one main laboratory visit. During this visit, we placed
four or five electrode grids over the forearm muscles of
the participants’ dominant arm. After that, prerecorded
videos of a moving virtual hand were shown to the partici-
pants, and eight tasks were attempted by them. Five tasks
included extension and flexion of each finger (thumb,
index, middle, ring, and pinkie finger), and the three other
tasks were opening and closing of the fingers, and two-
and three-finger pinches with a movement frequency of
0.5 Hz (2 s period, total duration of 42 s). Periodic tasks
were chosen to investigate patterned motor unit activity
and assess whether motor units can sustain this pattern
over time. The participants were instructed to attempt the
task shown on the monitor in front of them and follow the
movement in the video as best as they could. We recorded
each participant’s muscle activity while they attempted
each task. The familiarization period with the tasks was
not different between groups and lasted 5–10 s per task.
The virtual hand videos (8 tasks, 0.5 Hz, 42 s duration
each) were based on a 3-D virtual hand model generated
with Blender software (Blender 3.0, Blender Foundation).

SCI Group

Four or five electrode grids (64 electrodes per grid, in
total either 256 or 320 electrodes) were placed over the fore-
arm muscles of the participants. Whether four of five grids
were used depended on the participant’s arm circumfer-
ence. The participants sat in a comfortable position in their
own wheelchairs and performed each task 1–2 times. If the
task was performed more than once, then the recording
with more decomposed motor units was subsequently an-
alyzed. It is important to note that the participants of the
SCI group were not executing the movements, but only
attempting the tasks, as they are not able to move their
fingers (Supplemental Video S1).

Control Group

We placed five electrode grids (320 electrodes) over the
forearmmuscles of all participants of this group. The partici-
pants were then instructed to perform the same hand tasks
with the same frequency and duration as in the SCI group
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according to the virtual hand videos. Most tasks were per-
formed once in this group. The kinematics of the hand were
also captured with a set of cameras (model DFK-37BUX287,
The Imaging Source, Bremen, Germany), which was not pos-
sible in the SCI group due to complete hand paralysis. The
setupwas similar to the one already described in [Cakici et al.,
(27)]. The participantswere standingwith their hands inside a
frameworkwith the camera setup.

HDsEMG Recordings

We recorded theHDsEMG signals inmonopolarmodewith a
multichannel amplifier, 16-bit A/D, bandpass filter of 10–500
Hz, and sampling frequency of 2,048 Hz (Quattrocento, OT
Bioelettronica, Turin, Italy). Before applying the electrode grids,
we shaved the forearm skin of the participants and cleaned it
with 70% ethyl alcohol. The electrode grids were placed on the
surface of the forearm over the skin, with two or three grids
around the forearm aligned to the ulna bone [8 rows � 8 col-
umns, interelectrode distance (IED) 10 mm, OT Bioelettronica,
Turin, Italy] and twogridsaround thewrist, above thewrist joint
(13 � 5, IED ¼ 8 mm). We attached the electrode grids to the
skin using bi-adhesive foam, conductive paste (SpesMedica,
Battipaglia, Italy), and tape. The ground electrode was damp-
ened with water and placed over the styloid process of the
ulna, and the reference electrode was placed on the elbow
joint, over theolecranon.Weuseda trigger signal fromamicro-
controller to start the virtual hand videos and later used this
signal to synchronize theEMGrecordingswith thevideos.

Combined HDsEMG and Muscle Ultrasound Recordings

In a second session, we simultaneously recorded HDsEMG
signals and B-mode ultrasonography from the forearm cross-
section of participants S2 and S4 from the SCI group. The par-
ticipants performed the same tasks as in the first session, as
well as awristmovement since these participants couldmove
their wrists. Concurrently, an ultrasound transducer was
handheld in the transverse plane either on top of a transpar-
entHDsEMGgrid (S4) (28) or next to aHDsEMGgrid (S2) over
the forearm extensor muscles. For the measures of S4, we
used a system of electrodes transparent to ultrasound (8 � 4
electrodes, IED¼ 10mm inboth directions). This systemena-
bles simultaneous recordings of HDsEMG and ultrasonogra-
phy from the same muscle region and has been used to study
neuromechanical muscle properties, both at the global level
and singlemotor unit level (29, 30). The grid of electrodes was
aligned to the ulna bone, similar to previous recordings, and
the ultrasound transducer was placed on the top of the grid to
obtain cross-sectional images of the forearm extensormuscles
(Fig. 3A). Ultrasound images were captured using B-mode
ultrasonography with a flat linear-array transducer (6 MHz,
�170 frames/s, 60 mm field of view; LV8-5N60-A2, Telemed,
Vilnius, Lithuania) controlled by the PC-based ArtUs EXT-1H
scanner (Telemed). HDsEMG signals were recorded with a
wireless wearable amplifier (MEACS - LISiN, Politecnico di
Torino and ReC Bioengineering Laboratories, Torino) (31). A
synchronization pulse generated by the ultrasound system at
the start of the acquisition was recorded by the HDsEMG sys-
tem to synchronize the recordings. The monopolar HDsEMG
signals were decomposed into individual motor unit spike
trainswith theapproachdescribed in thenext subsection.T
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HDsEMG Decomposition

First, the monopolar HDsEMG signals were bandpass fil-
tered (20-500Hz)with a second-orderButterworthfilter and a
50 Hz notch filter was applied. We rearranged the signals
from all electrode grids into a single matrix (13 rows� 26 col-
umns, Fig. 5A). To decompose the HDsEMG signals into indi-
vidual motor units, we applied a convolutive blind source
separation algorithm through the DEMUSE software (v. 4.5;
The University of Maribor, Slovenia) (32), which automati-
cally identified the motor unit spike trains of multiple motor
units. We directly removedmotor units with a pulse-to-noise
ratio < 26 dB and after visual inspection and manual editing
of the motor unit spike trains, we kept motor units with a
pulse-to-noise ratio� 30 dB only as described in the study by
DelVecchio et al. (33).

Data Analysis

Common drive and latent factor analysis.
For each of the eight tasks performed, we applied a nonnega-
tive matrix factorization (NNMF) method to the detrended
smoothed motor unit spike trains (1 s Hanning window, con-
sidering the period of our tasks) of all decomposedmotor units
(34, 35), except when the number of motor units was less than
two. We used the NNMF function in MATLAB (R2022b, The
MathWorks, Inc, Natick,MA) and allowed 1,000 iterations and
aconstraint offive factors/modes.Thismethod is adimension-
ality reduction technique used to extract underlying features
of a data set and was applied due to its ability to extract inter-
pretable, nonnegative components. This function thus esti-
mated the common motor unit modes associated with the
observed data, i.e., the filtered motor unit spike times (36). As
NNMF identified twomotor unitmodes that explainedmost of
the data variance, we performed a cross-correlation between
each factor/mode and the resampled reference kinematics
according to the signal sampling rate (2,048Hz). The reference
kinematics corresponded to themovement of the virtual hand.
Weperformed this cross-correlation step to testwhether differ-
ences in thecommondrivebetween theSCIandcontrol groups
existed, and if themodes corresponded to flexion or extension
of the individual fingers based on their similarity to the refer-
ence kinematics. We obtained the cross-correlation value and
time delay between the signals (i.e., lag) for each of the eight
tasks. We limited the lag to a maximum of 2 s, which was the
period of the reference kinematics. We assumed that our data
would be explained by a linear combination of the common
factors associated with most of the data variance. We calcu-
lated the percentage of the total variance explained by these
factors for each task from each participant and later averaged
this varianceacross all tasks for oneparticipant.

Motor unit classification based on NNMF.
TheNNMFapproximates themotor unit data set for each task
as V � WH, where W contains the motor unit modes, and H
contains the weight coefficients representing the contribu-
tion of eachmotor unit to thesemodes, with values from0–1.
Sincewe considered twomodes, eachmotor unit is associated
with two weight coefficients, one related to the extension
mode (ext coefficient) and the other to the flexion mode (flex
coefficient). To classify motor units according to their associ-
ation with these modes, we sorted the values of theH-matrix

for each task, based on the cross-correlation between each
mode and the reference kinematics described in the previous
subsection.A classification thresholdwasdefinedbyobserva-
tion asHi> 2Hj andHi > 0.25, whereHi andHj can represent
either ext orflex coefficients. Depending on theweight coeffi-
cients,motor unitswere associatedwithone (flexionor exten-
sion) or twomodes (referred toasnonmodulated).

Phase analysis.
Given that we successfully extracted twomodes for each task
using NNMF, we decided to investigate the behavior of the
motor units in each task. For that, we assessed the phase dif-
ference between the smoothed spike trains of each individual
motor unit (1 s Hanning window) and the reference kinemat-
ics. We used this phase difference to compare the perform-
ance of each group in following the reference kinematics. We
chose a period of 18–40 s for this comparison after consider-
ing the familiarization timewith the tasks. First, we applied a
Hilbert transform toconvert the signals (referencekinematics
and smoothedmotor unit spike trains) into complex numbers
and extracted their amplitude and phase angles. We then
computed the phase difference by subtracting the reference
kinematics phase angles from the motor unit phase angles,
generating aphasehistogram for eachmotor unit.

To understand if the behavior of the motor units was task-
modulated (i.e., associated with flexion or extension move-
ments) ornonmodulated,we computed the circular variance of
the phase difference histogram, which has a scale from 0–1.
Circular variance is used here as ameasure of phase difference
consistency and is mathematically equivalent to the inverse of
thephase-lockingvalue (i.e., 1–phase-lockingvalue).A lowvar-
iance (i.e., low dispersion of the data) indicates that the phase
difference angles point mainly in the same direction, with a
consistent phasedelay. Ahigh variance value indicates that the
phase difference angles are very spread (multidirectional).
While the variance does not necessarily separate modulated
and tonicmotor units, it indicates if amotor unit isfiringwith a
consistentphasedifference throughout the recording.Toquan-
tify the proportion ofmotor units consistently alignedwith the
reference kinematics and those with more variable firing pat-
terns,we classified allmotor units of eachparticipant into task-
modulated (low variance, var < 0.3) and nonmodulated (high
variance, var > 0.7). We then computed the percentage of
modulated and nonmodulated motor units for each partici-
pant. The variance threshold was defined to account for differ-
ences between the groups based on the variance of the phase
difference histograms (Fig. 2B). We also calculated the total
number ofmodulated and nonmodulatedmotor units for both
groups.

In addition, we calculated the circular kurtosis of the phase
difference distributions to assess their tailedness, which indi-
cates whether the distributions’ tails are light or heavy. This
analysiswas included to verify if the results fromcircular var-
iance were consistent with the kurtosis, as the variance does
not provide information about the shape of the phase differ-
ence distribution. A low kurtosis indicates a more uniform
and flatter distribution, while a high kurtosis value suggests a
sharper peak around the mean phase difference, possibly
reflecting amore consistentfiring pattern ofmotor units. The
kurtosis was calculated using a circular statistics toolbox for
MATLAB (37).
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Estimation of muscle tissue displacement with
ultrasound.
Ultrasound videos were processed in MATLAB to detect mus-
cle tissue displacement. The velocity of the muscle tissue dis-
placementwas estimated by computing the opticalflowusing
theHorn-Schunckmethod, which is a global differential tech-
nique (38). This method required a smoothing parameter,
whichwas set to 1 because limited displacementwas expected
in the cross-sectional images of the forearm extensormuscles,
and a parameter of maximum iterations set to 10, which is a
default value to estimate the optical flow of objects with rela-
tive medium-low velocity. This procedure provides the mag-
nitude of the tissue velocity for each pixel of each image. Each
imagewas thenfilteredwith a 2-DGaussian smoothing kernel
with sigma equal to 20 to reduce the speckle noise and to
obtain a smoother spatiotemporal representation of the mus-
cle tissuedisplacement.

To obtain a spatial and temporal representation of themus-
cle motion, singular value decomposition was applied to the
image sequence. The first principal component was retained
and transformed into one eigen-image (hereafter referred to as
the tissue displacement image), which identified the muscle
region where the primary displacement occurred, and one ei-
gen-time course (hereafter referred toas the tissuedisplacement
time course), which described how the tissue displacement
imageevolvedover time.

Analysis of combined HDsEMG and ultrasound
recordings.
The spatial agreement between tissue displacement regions
andEMGamplitude distributionswas assessed for both global
[root-mean-square (RMS)maps] and singlemotor unit signals.
Moreover, the correlation between the temporal evolution of
tissue displacement and the neural input to the muscle was
performed. The following procedure was adopted: 1) individ-
ualmotorunits spike trainswere summedto generatea cumu-
lative spike train (CST); 2) the CST was convoluted with a 1 s
Hanning window; 3) the convoluted CST and the tissue dis-
placement time course were lowpass filtered (4th-order
zero-phase Butterworth, 2 Hz) and then high-pass filtered
(4th-order zero-phase Butterworth, 0.75 Hz); 4) the cross-
correlation between these filtered signals was computed in
5-s segments with 50% overlap (30). Finally, the average
cross-correlation coefficient and the delay were computed
across segments.

Spike-triggered average and motor unit amplitude.
Weapplied anotchfilter at 50Hzanda bandpass Butterworth
filter (second-order, zero lag, 20 and 500 Hz cut-off frequen-
cies) to the monopolar HDsEMG signals as a preprocessing
step. We discarded data from electrodes that deviated by
more than three standard deviations (SD) from the average
RMS values (lV) across all electrodes. Through the spike
times obtained after the decomposition process, we obtained
the motor unit action potential waveforms from the pre-
processed HDsEMG signal by applying the spike-triggered
average method. A centered 100-ms window was used on
each spike time and averaged across all spike times of the
respectivemotor unit, for each electrode. After that, we cal-
culated the peak-to-peak amplitude of the motor unit
action potentials, identified the three highest peak-to-peak

values, and calculated their average for each motor unit in
each task.We analyzed themotor unit amplitude because it can
be representativeof reinnervation (16).

Motor unit spatial properties.
Based on the RMS values of the motor unit action potentials,
a spatial map was created to represent the amplitude distri-
bution of each motor unit. Therefore, the individual grids
from each task recording were combined to match the grid
placement on the forearm (Fig. 5). Using the image process-
ing toolbox of MATLAB, we normalized the scale of each
map (from 0 to 1, where 1 indicates maximum activity) and
calculated themotor units’ total area of activity. We summed
the number of pixels with intensity values higher than a
threshold of 0.7 andmultiplied it by the electrode area, area¼
64 mm2 (IED ¼ 8 mm) or area ¼ 100 mm2 (IED ¼ 10 mm). We
obtained the total area by considering in which electrode grid
themotor unit activity was identified.

To evaluate each identified motor unit’s size and relative
depth, we decided to correlate its maximum peak-to-peak
amplitude and area. This is because peak-to-peak amplitude
alone is not an adequate estimator ofmotor unit size (39).

Reconstructed EMG signals.
Wewanted to investigate if anydifferences in area and ampli-
tude values between the groups could be explained by their
amount of undecomposed motor units. Therefore, we recon-
structed the EMG signals to compare the number of active
motor units we could decompose in both SCI and control
groups. The sum of the motor unit action potential shapes
obtained with the spike-triggered average was convolved
with themotor unit firings to reconstruct the EMG signal. We
used the rootmean square error (RMSE) between the original
(O) and reconstructed EMG signals (R) to indicate the relative
amount ofundecomposedmotor units.

We calculated the RMSE for the individual electrodes,
with N as the number of samples, and for each task, we aver-
aged these values across all electrodes:

RMSE ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiXN

i¼1
Ri � Oið Þ2
N

s
:

Statistical Analysis

Due to our small number of participants and the possibility
of outliers biasing the mean, we opted for a nonparametric
approach. The results are presented as median [interquartile
range (IQR)] when the data did not follow a normal distribu-
tion. To assess the statistical differences between the groups,
we used a generalized linear mixed-effects model (glmer,
MATLAB) according to the equation: variable of interest �
task� group þ (1 j participant), group and tasks were consid-
ered as fixed-effects, and the participants as a random effect.
For the explained variance comparison across fivemodes, we
used the equation: explained_variance�mode� group þ (1 j
participant). For the variables phase difference variance, kur-
tosis, and motor unit spatial distribution, we used only: vari-
able of interest � group þ (1 j participant). Based on the
variable of interest and considering themodelwith the lowest
Akaike Information Criterion (AIC), we chose an appropriate
data distribution (normal, inverse Gaussian, or gamma). For
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coefficient estimation, we used the maximum pseudo-likeli-
hood (MPL) or Laplace methods, also according to the model
with the lowest AIC.We reported the group estimate (b), t sta-
tistic (degrees of freedom) � t(df), and P value (significance
level or a value < 0.05). This approach accounts for the non-
normality of the data and the differences in number ofmotor
units across tasks, participants, andgroups.

To analyze thedifferences in the number ofmodulated and
nonmodulated motor units between SCI and control groups,
we appliedWelch’s t test (unequal variances). For the correla-
tion between kurtosis and variance of phase difference, as
well as area and peak-to-peak amplitude, we chose Spearman
correlation, as we expected a nonlinear, but monotonic rela-
tionshipbetween these variables.

RESULTS
In this study, we compared motor unit neural and spatial

properties between two groups [SCI: n ¼ 8, age 40.7 yr (SD ¼
7.3); control: n ¼ 12, age 27.1 yr (3.4)]. Moreover, we analyzed
themotor unit discharge patterns across all attemptedmove-
ments of the SCI group to directly demonstrate the amount
of common synaptic inputs received by the population of
motor units. Figure 1A shows an overview of the experimen-
tal setup. In total, 622 motor units were identified in the SCI
group [9.72 (6.11) motor units per task/participant] and 766 in
the control group [7.98 (4.08) motor units per task/partici-
pant]. We found no significant difference in the number of
detected motor units between groups [P ¼ 0.27, t(144) ¼ 1.10,
b ¼ 0.007]. A detailed description of the SCI data set can be

Figure 1. A: one participant from the spinal cord injury (SCI) group following virtual hand video instructions with grids of electrodes over their forearm.
Note that the participants in the SCI group were only attempting the movements, as they were unable to move their fingers. B: on the left and right,
motor unit firings identified during the ring finger task from participant S4 and participant C10 are shown, respectively. Examples of motor units encoding
flexion (flex, in green), extension (ext, in blue), or nonmodulated motor units (nonmod, in purple) are shown. The dashed grey curve corresponds to the
reference kinematics of the virtual hand. C: two main motor unit modes were extracted with nonnegative matrix factorization (NNMF) from the tasks in B,
flex (in green), and ext (in blue). The reference kinematics are shown in dashed gray. D: cross-correlation results between reference kinematics and the
motor unit modes extracted for each task (8 tasks per participant). The modes were distinguished according to positive (ext) and negative (flex) cross-
correlation, or ext> flex values in cases where both values were positive or negative. E: lag values between each motor unit mode and the reference ki-
nematics. The maximum lag was limited to the period of the movement (2 s). F: explained variance for both groups according to the number of modes
extracted. The variance was averaged across tasks and participants for SCI (pink) and control (blue) groups. G: example of weight coefficients obtained
from the NNMF results for the motor units shown in B, SCI (pink) and control (blue). Each motor unit is associated with two values, ext and flex coeffi-
cients, representing the motor unit’s contribution to each mode. H: classification of motor units based on the weight coefficients for both the SCI and
control groups. Motor units are color-coded according to their classification as flexion, extension, or nonmodulated, as shown in A.
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found in Table 1, which was first presented in our previous
publication (22).

Motor Unit Modes during the Attempted Hand
Movements

Basedon thesmoothedmotorunit spike trains,weobtained
two main motor unit modes (i.e., the latent factors extracted
using the factorization algorithm) from each participant task
(Fig. 1C). Only two modes explained nearly all the variance of
themotor unit discharge characteristics and the kinematics of
the virtual hand. Specifically, both motor unit modes closely
matched the flexion and extension movements of the control
virtual hand based on the cross-correlation between the kine-
matics of the virtual hand and the latent factors. The latent
factors represent the combined activity of the smoothed dis-
charge ratesofmotorunitswithineachmode.

We associated eachmodewith the individualfingers’flexion
(flex), or extension (ext) based on the cross-correlation sign,
negative or positive, respectively. In the case of both negative
or both positive values, we adopted ext > flex (e.g., ext ¼ 0.9
and flex¼ 0.6; ext¼�0.6, flex¼�0.9). The positive and nega-
tive values were sorted according to the reference kinematics;
extensionwaspositively correlatedwith the reference, andflex-
ionwasnegatively correlatedwith the reference. Theactivation
of motor units during extension was aligned with the peaks in
the reference kinematics, and motor unit activation during
flexion was aligned with the troughs in the reference kinemat-
ics (Fig. 1B). Overall, our analysis revealed less similarity
between themotor unitmodes and the reference kinematics of
the SCI group (Fig. 1D). This group showed lower cross-correla-
tion values [median (IQR): flex ¼ �0.53 (�0.84, �0.35); ext ¼
0.50 (0.21, 0.78)] in comparison with the control group [flex ¼
�0.82 (�0.89,�0.42); ext¼ 0.84 (0.55,0.91)]. These results indi-
cate thatmotor units in the control groupweremore correlated
with the movements of the virtual hand in comparison to the
SCI group. The distribution of cross-correlation values was sig-
nificantly different between SCI and control groups [Pflex ¼
0.0391, t(151)¼�2.080, b¼�0.337; Pext¼ 0.0113, t(151)¼ 2.562,
b¼ 0.412]. Despite this difference, and considering that the SCI
group was only attempting the tasks without being able to
move theirfingers,we foundthatbothmodes representedadis-
tinctdistributionof themotorunitdischargepatterns encoding
flexionandextension forbothgroups (Fig. 1,BandC).

In contrast,weobservedno significant difference in lag val-
ues [SCI: flex ¼ 253 ms (�50, 413); ext ¼ 202 ms (�186, 438);
control: flex ¼ 116 ms (�115, 491); ext ¼ 70 ms (�62, 443)]
between SCI and control groups [Pflex ¼ 0.641, t(151) ¼ 0.467,
b¼ 65.757;Pext¼0.971, t(151)¼�0.0366, b¼�5.5078]. The lag
values correspond to the time difference between the virtual
hand kinematics (as displayed on the monitor) and the
smoothed motor unit discharge patterns extracted by NNMF
(Fig. 1E). These comparable lag values indicate that motor
units were still being timely recruited after SCI to match the
reference kinematics, which indicates a preserved common
input tomotor neurons.

The explained variance (Fig. 1F) was similar between groups
when considering the two modes that explained most of the
variance, 78.1% (SD ¼ 9.5) and 74.0% (13.7) for SCI and control
groups, respectively [Pmod ¼ 2 ¼0.211, t(153) ¼ 1.256, b ¼
0.0745]. For all five modes extracted, we found a significant

difference between the groups [Pmod ¼ 1-5 ¼0.000508, t(721) ¼
�3.492, b ¼ �0.121], with the first mode being the most dis-
crepant [SCI: 49.4% (17.1); control: 37.4% (20.3)]. These results
reveal that, despite the injury, the motor neurons detected in
SCI still received common input, similar to the control group,
and this motor unit activity was mainly controlled by two
modes.

As we foundmainly twomotor unit modes associated with
the active motor units, we attempted to classify the motor
units based on these modes using the weight coefficients (ext
and flex coefficients) extracted from the NNMF analysis
(Fig. 1, G and H). We observed more motor units with low
weight values (less than0.25) in the SCI group.A greater num-
ber of motor units was classified as nonmodulated for both
groups (SCI: 53.4%, control: 46.2% of the total ofmotor units),
compared with task-modulated motor units for flexion (SCI:
20.8%, control: 26.2%) and extension (SCI: 25.8%, control:
27.5%).

Motor Unit Discharge Patterns during the Attempted
Hand Movements

Since the classification based on NNMF approximates the
motor unit data set, we then investigated the motor unit dis-
charge characteristics at the individual motor unit level. By
using the phasedifference between themotor unit discharges
and reference kinematics, and their variance values, we could
identifymotor units with a consistent phase difference (task-
modulated) and varying phase (nonmodulated) during the
analyzed section of the recording (Fig. 2A). Within the task-
modulated motor units, we observed distinct patterns of ac-
tivity characterizing flexion and extension motor units,
including spatial differences (Fig. 2A).We found a significant
difference between the phase difference variance across
groups [P ¼ 7.463e-10, t(1,386) ¼ �6.20, b ¼ �0.212]. For SCI,
mostmotor units presented a high phase difference variance,
above 0.7, while the opposite was observed for the control
group, inwhichmanymotor units had a phasedifference var-
iance below 0.3 (Fig. 2B). To verify whether the results of the
phase difference variance were consistent, we analyzed the
kurtosis (Fig. 2C).Weobserveda correlationbetweenvariance
and kurtosis of phase difference for both groups [SCI: r ¼
�0.82, P < 0.0001, control: r ¼ �0.95, P < 0.0001). These
results suggest that motor units with low phase difference
variance are associated with high kurtosis, which indicates a
peaked distribution. This association implies that the firing
patterns of thesemotor units aremore consistent and aligned
with the reference kinematics. A histogram of the kurtosis
values is also presented, showing thatmoremotor units from
the control groupexhibitedhighkurtosis values,witha signif-
icant difference between SCI and control groups [P ¼ 1.006e-
09, t(1,386)¼ 6.151, b¼0.182].

Considering the phase difference variance (Fig. 2D), we
observed a lower number of modulated motor units in the
SCI group, though not statistically significant [SCI ¼ 12.5
motor units/participant (8, 18); control¼ 28 motor units/par-
ticipant (21.5, 35); Welch’s t test, t(10.61) ¼ �1.667, P ¼ 0.125
two-tailed]. In contrast, the number of nonmodulated motor
units was significantly higher for the SCI group [SCI ¼ 28
motor units/participant (20.5, 39); control: 10 motor units/
participant (6.5, 13.5); Welch’s t test, t(7.97) ¼ 3.550, P ¼
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Figure 2. A: circular histograms representing the phase differences between the smoothed spike trains of a motor unit and the reference kinematics.
Examples of flexion and extension-modulated motor units are shown in green and blue, respectively. Nonmodulated motor units that discharge irregu-
larly are shown in purple. These motor unit examples are the same as presented in Fig. 1B. For each histogram, the spike trains of the corresponding
motor unit and the smoothed spike trains compared with the reference kinematics are shown, along with the variance (var) and kurtosis of phase differ-
ence (K). The spatial map of motor unit action potential activity based on their root mean square (RMS) values is also displayed. B: histogram of the phase
difference variance across all motor units from both groups, with spinal cord injury (SCI) in pink and control in blue. A phase variance near zero corre-
sponds to modulated motor units (consistent phase, var < 0.3), and a phase variance near one corresponds to nonmodulated motor units (var > 0.7).
Here, the contrast between the number of modulated units in both groups can be seen. C: correlation between variance and kurtosis of phase differ-
ence across all motor units for both groups. A kurtosis near zero or negative indicates a “flat” phase difference distribution, while a kurtosis near one rep-
resents a “peaked” distribution. This metric is correlated with the variance, complementing our analysis and showing that low variance is associated
with high kurtosis. The histogram on the right displays the phase difference kurtosis across all motor units from both groups, with SCI in pink and control
in blue. D: number of modulated (mod) and nonmodulated (nonmod) motor units per group based on the phase difference variance, with dots represent-
ing each participant. E: percentage of modulated (pink and blue, var < 0.3) and nonmodulated motor units (light pink and light blue, var > 0.7) for each
participant. S6 and S8 are the only participants from the SCI group with more modulated units than nonmodulated ones, similar to the control group.
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0.00755 two-tailed]. When observing the differences across
participants in Fig. 2E, only S6 and S8 from the SCI group
presented a higher ratio of modulated/nonmodulated motor
units, similar to the control group.

Muscle Ultrasound Recordings

From the analysis of the ultrasound recordings, we identi-
fied different regions of displacement within the forearm
muscles for different hand movements, according to the tis-
sue displacement images. Figure 3B shows the results of three
illustrative tasks ofparticipantS4wherein the tissuedisplace-
ment region spatially agreed with the global RMS maps and
the motor unit action potentials distribution of a representa-
tive motor unit. Figure 3C expands the middle finger move-
ment example of Fig. 3B and shows that all three decomposed
motor units locally corresponded with the ultrasound image
displacement region. Figure 3D shows the fluctuations of the
tissue displacement time course and the convoluted CST of
the three decomposed motor units. Moderate cross-correla-
tion between these signals (Fig. 3E) was observed (peak of
mean cross-correlation ¼ 0.4, delay ¼ 118 ms), which indi-
cates that the displacement of the muscle was in accordance
with the firings of the motor units. It is worth noting that the

tissue displacement time course in Fig. 3D refers to the mag-
nitude of the velocity, and thus it depicts the phases of con-
traction (extension) and relaxation (flexion) of tissuewith the
samesign (bothpositive) despite being oppositedirections.

Motor Unit Amplitude

The maximum peak-to-peak amplitudes of motor unit
action potentials are shown in Fig. 4 across tasks, participants,
andgroups. Figure4B shows that a fewparticipants hadhigher
amplitudes, S1 and S8,with the highest amplitude of 2724.4 lV
from S1, in contrast to the control group, with the highest am-
plitude of 1778.3 lV from C9. Nonetheless, the amplitudes
between groups did not differ significantly (Fig. 4C), and there
was higher variability in the SCI group [SCI: 162.3 lV (108.8,
227.9); control: 151.9lV (114.9, 187.6);P¼0.456, t(1384)¼0.745,
b¼ 16.06].

Motor Unit Territory

Themotor unit territory is represented by the area, indicat-
ing the spread of individual motor unit activity (Fig. 5A). We
found, overall, a larger and more variable motor unit area in
SCI compared with the control group [SCI ¼ 560.0 mm2

(405.7, 1082.5); control ¼ 448.0 mm2 (318.5, 564.9)]. These

A B

C D E

Figure 3. A: experimental setup showing the combined high-density surface electromyography (HDsEMG) and ultrasound measurements from the right
forearm. The transducer was placed in the center of the ultrasound-transparent grid over the extensor muscles in the transverse plane. B: examples
from three tasks (middle finger, little finger, and wrist flexion and extension) of the 3-D spatial agreement between the EMG signals and the principal tis-
sue motion detected by B-mode ultrasound imaging. The top panels show the spatial activation maps determined from RMS values of single differential
signals along the proximodistal direction. Themiddle panels show an example of the action potentials of decomposed motor units in monopolar deriva-
tion. In the bottom panels, the eigen-images of the first principal components (tissue displacement image) identified from the magnitude of the velocities
computed from the ultrasound videos are overlapped on the B-mode images. C: eigen-image of the principal component and all three decomposed
motor units of the middle finger task. The red transparent boxes show the location of the ultrasound transducer in the center of the grid. D: common fluc-
tuations of the two generated signals of the middle finger task: ultrasound tissue displacement time course (red) and convoluted cumulative spike train
of all three decomposed motor units (green). E: cross-correlation and lag (delay, ms) results between filtered signals of panel d. Gray lines represent the
cross-correlation of 5-s overlapped segments (50% overlap) and the black line is the average cross-correlation of all segments.
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area distributions (Fig. 5B) were significantly different bet-
ween groups, P ¼ 1.996e-06, t(1384) ¼ 4.774, b ¼ 0.0502. At a
participant-specific level, we observed that S4, S5, and S7 pre-
sented the largest areas in comparisonwith the other SCI and
control participants (Fig. 5C).

Motor Unit Relative Depth

We decided to investigate the association between motor
unit area and motor unit amplitude since this could provide

information about the relative depth of the motor units in
the volume conductor (Fig. 6A). We found a weak negative
correlation between peak-to-peak amplitude and area val-
ues for the SCI group (r ¼ �0.084, P ¼ 0.037). Motor units
with very high areas presented lower peak-to-peak ampli-
tudes, whereas motor units with very high peak-to-peak
amplitudes presented low area values. For the control
group, we also observed a weak negative correlation (r ¼
�0.135, P ¼ 1.736e-04).

Figure 4. Motor unit maximum peak-to-peak amplitude. A: example of obtained motor unit action potential shapes after spike-triggered averaging. The
three action potentials with higher amplitudes are highlighted (red rectangle), and their peak-to-peak values are shown, together with their mean value.
B: peak-to-peak amplitude distributions across all participants and tasks for each group, spinal cord injury (SCI; red gradient) and control (blue gradient),
with the median values as the black dashed line. The dots are the peak-to-peak amplitudes of each motor unit. The bars correspond to the median am-
plitude for each hand movement task and their color represents the tasks, in the following order, left to right: thumb, index, middle, ring, pinkie, two and
three-finger pinches, and opening and closing of the fingers. C: distributions of peak-to-peak amplitudes averaged for each task and participant, SCI
(pink) and control (blue), with violin plots normalized by area.

Figure 5.Motor unit area. A: after applying
a spike-triggered average method, a spa-
tial map of root-mean-square (RMS) values
for eachmotor unit was obtained. The spa-
tial map values were normalized between
0 and 1, according to the motor unit maxi-
mum and minimum RMS values. The area
of activity was defined based on a thresh-
old of 0.7 of normalized RMS values. This
area was calculated based on the number
of electrodes or pixels above the threshold
and multiplied by the area of the corre-
sponding electrode grid (100 mm2 for an
8� 8 grid and 64mm2 for a 13� 5 grid). B:
distribution of areas per group, averaged
for each task and participant, spinal cord
injury (SCI; pink) and control (blue), with vio-
lin plots normalized by area. C: distribution
of motor unit areas across all participants
and tasks for each group, SCI (red gradi-
ent) and control (blue gradient), with the
median value for each group shown as
the black dashed line. The dots represent
the area of each motor unit. The plots are
shown using a semi-log scale (y axis) for
better visualization. A: image created with
a licensed versionof BioRender.org.
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Reconstructed EMG Signals

We also assessed the error (RMSE) values between the
acquired and reconstructed EMG signals (Fig. 6, B and C).
With this analysis, we aimed to determine whether a smaller
number of undecomposed motor units (low error) in one
group could explain the differences we observed in the area
and peak-to-peak amplitude values. Overall, we observed
lower RMSEvalues in SCI – 14.55 μV (10.80, 22.78) in compari-
son with the control group – 36.64 μV (29.64, 45.01), (P ¼
1.65e-5, b ¼ �33.733, t(144) ¼ �4.458). These lower values
demonstrate that we decomposed a higher proportion of
motor units fromHDsEMGsignals fromthe SCI group.

DISCUSSION
In this study,weanalyzedmotorunitdata fromSCIandcon-

trol groups, and we were able to decode the same motor unit
modes corresponding to flexion and extension of individual
fingers from participants in both groups, despite between-
group differences in motor unit control. Interestingly, the
SCI group hadmore nonmodulated motor units than the con-
trol group. This could be because of maladaptive changes due
to inactivity after SCI, spasticity, and tonic motor unit firing
(40, 41), and/or a reduction in their ability to voluntarily con-
trol motor units. It is difficult to rule out any of these possibil-
ities as SCI participants spent years without attempting hand

movements and were unable to move their fingers. Based on
the subjective feedbackof theseparticipantsduringour experi-
ments, they required considerable focus and effort to attempt
the tasks.

Nonetheless, the latent factor analysis revealed that two
modes explained most of the motor unit firings variance for
the SCI group as well as the control group. These two modes
represent common inputs tomotor units. As common fluctu-
ations in motor unit discharge activity represent inherent
characteristics of voluntary motor control (42, 43), this dem-
onstrates that after SCI, we can decode voluntary movement
intent and common input from paralyzed muscles. When
analyzing the cross-correlation values between the modes
and reference kinematics, we found strong associations
between these modes and flexion and extensionmovements.
The differences between the cross-correlation values from
SCI and control groups indicate a greater difficulty in main-
taining patterned motor unit activity after SCI. However, the
similar lag values between the groups suggest that motor
units were properly recruited in response to the visual feed-
back from the virtual hand and that common input to motor
neurons is preserved, even after SCI. This couldmean that, as
in stroke (44), residual neural pathways can recruit motor
units, but thedischarge ratemodulation is impaired.

The high percentage of nonmodulated motor units for
each participant with SCI provides evidence that there
are motor units potentially not responding to modulatory

Figure 6. A: relationship between peak-to-peak amplitude (lV) and motor unit area per group, together with Spearman correlation values [spinal cord
injury (SCI) in pink, control in blue]. Dots correspond to the individual motor units; the different colors represent the participants. Note that the plots are
presented in different scales, SCI (y axis: 0–3,000 lV; x axis: 0–25,000 mm2) and control (0–2,000 lV; 0–3,200 mm2). B: example of original (in black)
and reconstructed EMG signals for one electrode channel (SCI in pink, control in blue), 200-ms window. C, left: root mean square error (RMSE) between
original and reconstructed EMG for each task across participants for both SCI and control groups. The dots represent the RMSE values for each task and
the dashed line shows the median across groups (SCI in pink and control in blue). Right: box plot summarizing the distribution of RMSE for both groups.
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voluntary inputs. These motor units likely lowered the
cross-correlation values between the flexion and exten-
sionmotor unitmodes and reference kinematics in the SCI
group. Our results are in line with a previous study for the
thenar muscles in chronic cervical SCI, in which regular
and irregular firing motor units were observed (18). Future
neural interfacing algorithms should consider removing
nonmodulated motor unit activity to improve the per-
formance of motor neuron-computer interfaces. These non-
modulated motor units are probably related to involuntary
muscle contractions present in SCI and other maladaptive
changes after the injury. Only S6 and S8 presented a higher
number of modulated motor units compared with the other
SCI participants. When analyzing the characteristics of each
participant, we found that S6 and S8 had the shortest time
since injury, reduced spasticity, and the lowest levelwithnor-
mal sensory functionatT1 andT3, respectively. Themain rea-
son for the improved voluntary motor unit control is still
unclear, as other participants have at least one of the above
characteristics, for example, S1 and S7. We speculate that this
might be due to an intact sensory pathway at the C5/C6 injury
level, and some degree of spasticity, which has been reported
to indicate residual descending connectivity (45).

It is important to note that motor units with a high var-
iance of phase difference, classified as nonmodulated, may
still be active during both the flexor and extensor phases of
the movement. Although these motor units exhibit some
degree of modulation, their activity does not appear to be
directly associated with task execution.We believe that these
motor units are related to unintentional movement of fin-
gers not directly involved in the task or encoding tonic/spas-
tic potentials. This tonic activity may be encoding the
posture of the wrist, as similar patterns were observed in the
control group [see Oßwald et al. (46) for more details]. Future
studies that directly examine this are needed.

When comparing the motor unit classification based on
the weight coefficients from the NNMF results and phase
difference variance, we observed that more motor units
are classified as nonmodulated in the SCI group for both
analyses. However, the NNMF-based classification relies
on the quality of the motor unit modes extracted, corre-
sponding to an approximation of the motor unit data set.
In contrast, the variance of phase difference provides a
direct analysis of the motor unit firing patterns compared
to the reference kinematics, with the defined threshold
representing a more conservative approach.

The ultrasound recordings of the forearm extensor muscles
during the instructed hand movements showed local dis-
placements within these muscles after SCI, even though no
actual hand movement was observed. The tissue displace-
ment was muscle region-specific and was dependent on the
attempted task and the spatial location of the decomposed
motor units. The moderate cross-correlation between the
magnitudes of the velocities computed from the ultrasound
recordings and the smoothedmotor unit spike trains provides
additional evidence that the forearm extensor muscles were
being voluntarily controlled. We also found clear differences
in muscle activities between movements that could actually
be voluntarily performed by the participant (wrist flexion and
extension) and another task that involved no movement
because it was performed by the paralyzed digits. Further

evidence of the association between muscle movement and
EMG activity is provided by the observed delays between
neural activity recorded by HDsEMG and tissue displace-
ment recorded by ultrasound, which are comparable to those
described in the literature in abled-body participants (30).
Overall, the muscle ultrasound was able to detect comple-
mentary aspects related tomotor unit activation.

We investigated several other aspects related to motor
unit activation, including motor unit action potential am-
plitude. Previous literature suggests that high amplitudes
might indicate reinnervation by collateral sprouting after
SCI, although this is not observed in all individuals (7,
16). In our study, most of the SCI group participants pre-
sented motor unit peak-to-peak amplitudes in the same
range as those from the control group, consistent with the
findings of Yang et al. (7). We found abnormal peak-to-
peak amplitudes in only one participant from the SCI
group (S1).

To better understand the spatial territory of motor unit ac-
tivity, we computed the area of individual motor units. We
found an enlarged area for the SCI group, which could be
due to sprouting and other anatomical changes after injury
(6). Since the area represents the surface within the forearm
muscle in which the muscle fibers of individual motor units
could be distributed, a more dispersed activity of an individ-
ual motor unit could mean that muscle fiber reinnervation
occurred by motor neuron axons in different areas of the
muscles. However, it is important to note the very high
motor unit areas from the SCI group could also be caused by
crosstalk from neighboring muscles. Different area values
between the groups might also be the result of muscle atro-
phy and corresponding muscle architectural and geometri-
cal changes (47–49). Future studies involving high-density
intramuscular recordings are needed to help characterize
the geometrical relations between neural and spatial proper-
ties of the motor units.

We also examined the relative depth of the active motor
units, which is related to the motor unit action potential am-
plitude and area, and we found a weak negative correlation
between motor unit amplitude and area in both the SCI and
control groups. We found motor units with a very large area
and low amplitude, which we consider as deep motor units,
as well as motor units with a small area and high amplitude,
which we consider as superficial motor units. Based on these
assumptions, we speculate that the motor units we detected
from SCI participants were relatively deep in comparison to
those from the control participants, despite evidence that
EMG is biased towards large and superficial motor units (50,
51). We believe that relatively deeper motor units were
detected from SCI participants because they have fewer
functional motor units left after the injury. Therefore, these
participants voluntarily recruit fewer motor units, which
facilitates the detection of these motor units by decomposi-
tion algorithms.

To investigate whether this detection of relatively deeper
motor units is related to the recruitment of fewer motor
units in SCI, we analyzed the RMSE values between the
original and reconstructed EMG, which indicate the
amount of undecomposed motor units. In the SCI group,
we observed lower RMSE values compared with the con-
trol group, suggesting that the EMG signals from SCI
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participants were reconstructed more accurately based on
the decomposed motor unit spike trains. The only excep-
tion was participant S1, who showed motor units with very
high peak-to-peak amplitudes. We then considered the
correlation between the RMSE values and both amplitude
and area of the motor units but did not find a significant
association. These results should be interpreted with cau-
tion, as they do not imply we detected more deep (or less
superficial) motor units from SCI participants.

The absence of many active motor units from participants
with SCI and possibly different anatomical characteristics
might have allowed us to detect a larger range of motor
units with different properties from the HDsEMG signals in
this group. Nevertheless, our analysis of EMG reconstruction
strongly suggests that the EMG signals from the SCI group
reflect less motor unit recruitment. The firings from these
recruited motor units can be decomposed with high accu-
racy because a lower number of recruited motor units
increases the quality of the decomposition (33). The decom-
position is further facilitated by the fact that participants
with SCI were only attempting the hand movements with no
force or not enough force to move the fingers, as they were
unable to do so due to the injury. In contrast, the control
group performed dynamic movements, which are known to
present challenges for decomposition due tomuscle shorten-
ing upon activation and muscle length changes during
movement (52). This finding might explain the similar num-
ber of motor units detected in the SCI and control groups,
given that identifying most of the active motor units for the
control group is more challenging.

A few limitationsmight have influenced our results. These
were the limited number of SCI participants, and the rela-
tively short-duration familiarization period (20–30 s). The
results from this study were obtained after one main labora-
tory visit, only with one type of task (flexion and extension
of the digits at 0.5 Hz), and without any real-time and
closed-loop training. Using motor unit feedback training in a
closed loop with the participant and incorporating different
tasks might improve these results (53). In addition, including
data from other stages of the injury, such as subacute SCI,
could provide further insights into motor unit changes after
SCI. Our main limitations are due to the reduced number of
motor units identified from HDsEMG, which is restricted to
recording electrical activity from superficial regions of the
muscles, as well as the physiological differences among the
participants i.e., volume conductor differences. Hence, our
estimation of spatial properties might be influenced by
muscle size, fat infiltration, subcutaneous fat tissue, and
other tissues interposed between the electrodes and
muscles beneath the electrodes (51, 54). In conclusion,
even though we found differences in the number of modu-
lated motor units between the SCI and control groups, we
could still decode the same two motor unit modes, which
appear to encode flexion and extension of the fingers. This
clarifies that muscle activity can be used for real-time
decoding of movement intention after SCI in paralyzed
muscles, as we have previously shown (22). In addition,
the number of nonmodulated motor units, either tonically
or irregularly firing, must be considered when developing con-
trol algorithms. Overall, we observed that SCIs are very diverse
among individuals, even at the same level of injury, and that

this is reflected by variablemotor unit behavior and properties
that can be assessed after SCI with HDsEMG noninvasively.
Characterizing motor unit behavior and property changes
after SCI is essential to obtain a proper assessment of injury
severity and the natural recovery phase, and could aid in pro-
viding adequate therapy and treatments by taking plasticity
and residual activity into account.
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