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Abstract

Background This research aims to improve the control of assistive devices for individuals with hemiparesis after
stroke by providing intuitive and proportional motor control. Stroke is the leading cause of disability in the United
States, with 80% of stroke-related disability coming in the form of hemiparesis, presented as weakness or paresis on
half of the body. Current assistive exoskeletonscontrolled via electromyography do not allow for fine force regulation.
Current control strategies provide only binary, all-or-nothing control based on a linear threshold of muscle activity.

Methods In this study, we demonstrate the ability of participants with hemiparesis to finely regulate their muscle
activity to proportionally control the position of a virtual bionic arm. Ten stroke survivors and ten healthy, aged-
matched controls completed a target-touching task with the virtual bionic arm. We compared the signal-to-noise
ratio (SNR) of the recorded electromyography (EMG) signals used to train the control algorithms and the task
performance using root mean square error, percent time in target, and maximum hold time within the target window.
Additionally, we looked at the correlation between EMG SNR, task performance, and clinical spasticity scores.

Results All stroke survivors were able to achieve proportional EMG control despite limited or no physical movement
(i.e, modified Ashworth scale of 3). EMG SNR was significantly lower for the paretic arm than the contralateral
nonparetic arm and healthy control arms, but proportional EMG control was similar across conditions for hand grasp.
In contrast, proportional EMG control for hand extension was significantly worse for paretic arms than healthy control
arms. The participants’age, time since their stroke, clinical spasticity rate, and history of botulinum toxin injections had
no impact on proportional EMG control.

Conclusions It is possible to provide proportional EMG control of assistive devices from a stroke survivor’s paretic
arm. Importantly, information regulating fine force output is still present in muscle activity, even in extreme cases of
spasticity where there is no visible movement. Future work should incorporate proportional EMG control into upper-
limb exoskeletons to enhance the dexterity of stroke survivors.
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Introduction

Stroke is the leading cause of disability in the United
States, with more than 795,000 people suffering a stroke
each year [1]. 80% of stroke-related motor deficits are in
the form of upper-limb hemiparesis [1, 2]. Hemipare-
sis presents as a one-sided weakness or paralysis and is
caused by damage to the central nervous system from
the stroke. This damage to the central nervous system
interrupts descending motor control, dissociates motor
responses and sensory inputs, and can lead to hyperexcit-
ability of the muscles, causing spasticity [3, 4].

After a stroke, residual muscle activity in the hemipa-
retic arm can be recorded using surface electromyogra-
phy (EMG), even in patients with no detectable muscle
activity as measured by traditional clinical assessments
[5]. Even in the chronic phase, muscle activity persists
and can be improved over time [6, 7]. However, the abil-
ity to modulate muscle activity is diminished in chronic
stroke patients [8], which can lead to abnormal muscle
activations and task difficulty [9]. Motor deficits have also
been found in the nonparetic arm after a stroke [10].

Ultimately, hemiparesis makes it difficult to complete
activities of daily living, reducing the quality of life and
autonomy [11]. Assistive devices, like powered ortho-
ses [12, 13] and functional electrical stimulation (FES)
[14], have been used to restore hand function to stroke
patients with hemiparesis, thereby restoring indepen-
dence and increasing quality of life [13, 15, 16]. Because
muscle activity still persists in hemiparetic stroke
patients [5], EMG can serve as an intuitive control signal
for FES [17, 18] and powered orthoses [13, 19]. However,
one challenge when using paretic EMG for control is the
presence of involuntary EMG increases when the indi-
vidual moves another part of their arm [20]; this has been
shown to decrease the accuracy of EMG-based control
algorithms [21].

Due to the complexities of EMG and the abnormali-
ties of paretic EMG [8, 20, 22-25], current EMG control
algorithms most often employ a binary, “all-or-nothing”
approach that simply detects if the muscle is active or
inactive. When this binary control is used to control the
position of a hand exoskeleton, individuals are limited
to maximally closing or maximally opening their hand.
Because there is a fixed force output from the exoskel-
eton, binary control makes it difficult, if not impossible,
to perform fine motor actions. Variable force output is
critical in tasks like manipulating fragile objects [26], pre-
venting slips [27], and grasping under uncertain condi-
tions [28].

Pattern recognition has been used to extract more pre-
cise control from EMG activity for research applications
with exoskeletons [29-31] and commercial applications
with prostheses [32—34]. However, pattern recognition
systems still provide only discrete class predictions and
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do not inherently provide proportional position control
or fine force regulation. Proportional control of upper-
limb exoskeletons has been shown with proportional
force [35-37], torque [38, 39], velocity [40, 41], and posi-
tion control [41, 42]. The proportional control demon-
strated in these studies mainly focuses on the arm from
the wrist up to the shoulder; those that do look at con-
trol of the hand use force [37], torque [39], and velocity
control [40], and not position control. The joint from the
wrist to the shoulder collectively supports gross motor
function (i.e., positioning of the hand in space) and lever-
ages large, anatomically distinct muscles for control (e.g.,
the biceps and triceps). In contrast, fine motor control
of the hand involves the coordination of multiple small
muscles densely packed in the forearm. In the adjacent
field of upper-limb prosthetic control, proportional posi-
tion control is common [42-47] and has been shown to
increase performance relative to velocity control for a
prosthetic hand [48]. Proportional position control is also
more closely aligned with the natural encoding for hand
control, which is in terms of joint position [49-51].

A key challenge in realizing proportional position
control for upper-limb exoskeletons is that the primary
patient population, stroke patients, often has severe mus-
cle spasticity [52, 53]. Muscle spasticity often manifests
as lower EMG SNR [54], excessive co-contractions [55,
56], and delayed muscle activation/relaxation [22-25,
56]. Due to these signal challenges, proportional position
control of exoskeletons has often been performed using
EMG from the nonparetic, contralateral limb [31, 57, 58]
rather than the affected paretic limb, which limits the
ability to perform bilateral tasks. Others have only tested
exoskeleton control with healthy participants rather than
the target patient population of stroke survivors [30, 59].

Using high-density EMG in conjunction with machine
learning can be a solution to obtain more robust and dex-
terous control from paretic EMG. High-density EMG
gathers data from most, if not all, the muscles, and avoids
the need to meticulously identify isolated EMG from
desired muscles. Machine learning is then used to iden-
tify and exploit even the smallest differences among the
ensemble of muscle activity when attempting different
movements. Indeed, high-density EMG has already been
used to classify hand gestures with high accuracy with
paretic EMG from stroke survivors [29, 60]. Building on
these works, here we propose high-density EMG in con-
junction with machine learning to provide proportional
control of the hand. To do this, we leverage a modified
Kalman filter, which has been demonstrated to provide
robust proportional position control with healthy indi-
viduals and with upper-limb amputees [46].

In this study, we specifically investigated the ability to
extract proportional position control from the extrinsic
hand muscles of stroke survivors with hemiparesis. We



Thomson et al. Journal of NeuroEngineering and Rehabilitation

Table 1 Stroke participant demographics

Participant  Age Sex MAS Stroke Years
typeand since
location  stroke

1 44 M3 Unknown  4.13
right

2 52 F 2 Ischemic 141
Left MCA

3 24 F 1 Hemor- 540
rhagic
right fron-
tal lobe

4 56 F 3 Periopera- 12.20
tive stroke

5 45 M 2.5 Ischemic  1.21
Right MCA

6 32 M 1 Pediatric ~ 30.66
Hemor-
rhagic

7 57 M 1 Ischemic ~ 0.15
right MCA

8 47 F 3 Ischemic ~ 7.09
Right ICA

9 22 F 2 In utero 22.51
Hemor-
rhagic

10 27 F 3 Abscess 3.20
caused
stroke left

Average 406+13.28 60% 2.15+0.88 40% Isch- 880+10.18

F emic, 40%
hemor-
rhagic,
20%
unknown

show that all participants were able to achieve propor-
tional EMG control, regardless of their age, time since
their stroke, clinical spasticity rate, and history of botuli-
num toxin injections. We also show that EMG signal-to-
noise ratio and proportional control are better for hand
grasp than hand extension, consistent with the neuro-
physiology of post-stroke spasticity [61]. These results
can help guide the implementation and patient inclusion
criteria for future assistive hand exoskeletons with pro-
portional EMG control.

Methods

Participant information

Ten stroke survivors with hemiparesis were recruited for
this study (Table 1). Additionally, ten healthy individu-
als with no neuromuscular impairments were recruited
to serve as approximately age-matched controls (i.e.,
the ages were not matched exactly but the average age
of both groups was similar) (Table 3). Informed consent
and experimental protocols were carried out in accor-
dance with the University of Utah Institutional Review
Board and the Declaration of Helsinki guidelines. Table 1
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Table 2 Botulinum toxin injection information for participants
who received injections

Participant Injection Days since Muscles injected
frequency injection at
time of study
5 3 months 52 Left FCR, Left FCU,
Left FDS, Left, FDP
6 months 37 Left FDS
8 3 months 56 Left FDS, Left FDP,
Left DI
10 3 months 100 Right Deltoid, Right

FDS, Right FDP

Muscle abbreviations: FCR- Flexor carpi radialis, FCU- Flexor carpi ulnaris, FDS-
Flexor digitorum superficialis, FDP - Flexor digitorum profundus, DI - Dorsal
interossei

Table 3 Healthy control demographics

Control participant Age Sex Handedness
1 74 F L

2 32 M R

3 27 M L

4 45 F R

5 64 M R

6 35 F R

7 54 F R

8 23 F R

9 26 F L

10 28 F L
Average 408+17.74 60% F 60% R

lists the demographics of the stroke survivors, including
age, sex, Modified Ashworth Scale score, type and loca-
tion of stroke, and years post-stroke. Table 2 has botuli-
num injection information for the four participants who
received injections. The age, sex, and handedness of the
control group are found in Table 3.

EMG sleeve and signal acquisition

Surface EMG from the participants was collected using
custom EMG sleeves [62]. The EMG sleeve had 34
electrodes that make physical contact with the skin to
record an electrical voltage. One electrode served as
a permanent ground, and another served as a perma-
nent reference. The remaining 32 electrodes produced
a single-ended channel of EMG each using the perma-
nent ground and reference. EMG was sampled at 1 kHz
and filtered using the Summit Neural Interface Proces-
sor (Ripple Neuro, LLC, Salt Lake City, UT, USA). The
recorded EMG was band-pass filtered with cutoff fre-
quencies of 15 Hz (sixth-order high-pass Butterworth
filter) and 375 Hz (second-order, low-pass Butterworth
filter). Notch filters were applied at 60, 120, and 180 Hz
to remove 60 Hz power-line interference and its second
and third harmonics. Differential EMG signals were then
calculated for all possible pairs of the 32 single-ended
EMG channels, resulting in 496 (32 choose 2) differential
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recordings [46]. The mean absolute value (MAV) over a
sliding 300-ms window was calculated at 30 Hz for all the
single-ended channels and differential pairs. The result-
ing EMG feature set consisted of the 300-ms smoothed
MAYV on 528 EMG channels (32 channels from the 32
electrodes, and 496 channels from the differential pairs),
calculated at 30 Hz, as has been done in prior work with
upper-limb amputees [63].

Training datasets

The participants were instructed to mimic the pro-
grammed movements of a virtual bionic hand to corre-
late EMG activity to intended hand movements (Fig. 1).
As the participants attempted to mimic the virtual hand
with their paretic hand, we recorded, in synchrony, the
kinematics (joint positions) of the virtual hand and EMG
activity. The participants with hemiparesis completed
two training sessions with each arm (four total), and the
healthy controls completed two training sessions with
their right arm only. Each training session consisted of
grasping or extending all the digits of the hand ten times.
Each movement was 4.4 s in duration, consisting of 0.7 s
of grasp/extension away from the resting hand position,
a 3-s hold-time at the maximum distance away from the
resting hand position, and a 0.7-second relaxation return-
ing to the resting hand position as described in [46]. The
participants were given 2 s of rest between movements

a) Setup b) Training
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for the nonparetic arm and healthy arm, and 3 s of rest
between movements for the paretic arm.

Control algorithm

We used a Kalman Filter (KF) defined in prior work with
upper-limb amputees [45, 46, 63—68] to estimate and
predict motor intent from the continuous EMG signals.
Ad-hoc modifications to this KF have been described in
prior work [46], leading to the modified KF (MKF) used
in this study. Briefly, the output is modified by a threshold
such that the modified output will remain at zero until
the absolute value of the nonmodified output is greater
than the threshold. As in prior publications [63, 64], we
used a default threshold value of 0.2. The MKF has been
used previously for myoelectric control for upper limb
prostheses [46, 63, 64, 69-71], and the detailed math-
ematical justification, construction, and parameters of
the KF have been outlined in [65]. The baseline EMG
MAV was subtracted from the EMG features before
training and testing the KF. We assumed that the EMG
features were normally distributed and relied on the
KF covariance matrix to inherently address differences
among them. The EMG feature set of 528 channels was
reduced to 48 channels using a stepwise Gram-Schmidt
channel-selection algorithm [72, 73]. At a high level, the
Gram-Schmidt algorithm is an orthonormalization chan-
nel selection process that first maximizes correlation and
then adds additional channels that contribute the most

c) Testing

Target Touching
Task

Rest k

Targets
Move

Failure

Kinematics
Participant Computer
Mimics Predicts
EMG

Feature /N

Fig. 1 Experimental overview. (A) Participants who had hemiparesis due to a stroke completed the task with both their paretic and nonparetic arms.
High-density EMG was recorded from the extrinsic hand muscles in the forearm using a custom EMG sleeve [62]. (B) The participants attempted to mimic
preprogrammed kinematics of a bionic hand displayed on a computer screen during the training phase. EMG was recorded in synchrony, and a modified
Kalman filter was trained to regress proportional position control from the ensemble of EMG activity [46]. (C) During the testing phase, the participants
were given control of the bionic hand to complete a virtual target-touching task in real-time. The participants received visual cues for when each trial
began and ended with circles indicating the targets would move from rest to the target location. Additionally, the color of the circles provided feedback
to the participants if they were within the target window; red meant they were outside the target, and green meant they were inside the target window
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unique information. Briefly, during each iteration, esti-
mates of each movement residual are made by projecting
each feature residual onto the movement residual, and
features are selected by finding the feature residuals that
improve the RMSE between the movement residual and
its estimate the most. The selected feature is added to a
list and the process is iterated until a prescribed number
of features is selected, in this case 48 (largest number of
channels supported by the system for real-time infer-
ence). A single MKF was used to predict the position of
the virtual hand. We limited outputs of the MKF between
—1 and 1, where —1 corresponded to maximum exten-
sion, +1 corresponded to maximum grasp, and 0 cor-
responded to when the hand was at rest [45]. We used
100% of the training data to train each MKF.

Signal-to-noise ratio analysis

EMG signal-to-noise ratio (SNR) was calculated as the
MAV of the EMG signal during movement divided by the
MAV of the EMG signal during rest. EMG SNR was cal-
culated for the 32 single-ended channels (e.g., one SNR
value per electrode from each sleeve). EMG SNR was
calculated separately for grasping (closing the hand) and
extension (opening the hand). The median SNR from the
32 single-ended channels was used from each participant
in the analysis. Additionally, further analysis was com-
pleted to explore the SNR for subsets of electrodes that
would most likely be placed over a flexor or extensor
muscle. To do this, the five highest correlated electrodes
were selected using Pearson’s correlation coefficient for
each movement, and the median SNR was reported for
each participant. Similarly, the five channels with the
highest SNR were also selected, and the median SNR was
reported for each participant.

SNR was also calculated for the MKF and simple linear
regression using one channel of EMG input. The linear
regressor followed the format of y = m * x + b where y
was the kinematic position and x was the value of the sin-
gle EMG channel. The slope (m) was calculated by divid-
ing the covariance of x and y by the variance of x. The
intercept was calculated by subtracting the slope times
the average of x from the average of y. For both algo-
rithms, 50% of the data was used to train and 50% was
used for testing. The same training and testing trials were
used for both algorithms. The EMG channel selected
for the linear regressor was the channel with the high-
est Pearson’s correlation coefficient with the kinematic
position.

Real-time target touching task

We used a virtual target-touching task (TTT) to quan-
tify user and algorithm performance. This task involves
controlling a virtual bionic arm (MSMS; John Hopkins
Applied Physics Lab, Baltimore, MD, USA), where the
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participant is provided real-time visual feedback. In this
task, the participant actively controlled the virtual hand
and attempted to move it to a target location and keep
it there. Target locations were at 50% of the maximum
grasp/extension possible to evaluate proportional control
for the selected DOF. The participant was instructed to
hold the hand in the target position for the trial duration.
Visual feedback was provided to the participant to con-
firm that the hand was within +15% of the target location.
Each test trial lasted 5 s, with a 2-s wait time between tri-
als (10-s wait time for the paretic limb). A total of 20 tri-
als were collected for both grasp and extension in groups
of 10 trials to avoid participant fatigue. The participants
completed the TTT for grasp and extension separately,
and each participant was assigned pseudo randomly to
begin with either grasp or extension.

We compared the performance of the paretic, nonpa-
retic, and healthy controls using three metrics: (1) root
mean square error (RMSE), (2) percent time in the tar-
get 15%-error window, and (3) the mean longest continu-
ous-hold duration (i.e., hold duration) within the desired
15%-error window around the target location [64]. RMSE
captures the ability to finely control the virtual hand.
The percent time in target determines the overall per-
formance on the task, and the mean longest continuous
hold duration extrapolates performance to a more func-
tional metric (such as the ability to hold an object with-
out dropping it).

To calculate RMSE devoid of the participants’ reaction
time, we delayed the recorded kinematics by a lag deter-
mined by cross-correlating the kinematic predictions and
the target location signals. This alignment was applied
across all experimental conditions for a given session
so that no bias would affect one experimental condition
more than another [46]. Additionally, the RMSE was cal-
culated from the 15%-error window, such that the RMSE
was zero if the hand was anywhere within the 15%-error
window (consistent with the visual feedback the partici-
pants received) [74].

Statistical analysis

All statistical analyses were completed using the Statis-
tics and Machine Learning Toolbox in MATLAB 2021b
(MathWorks, Natick, MA, USA).

The collapsed SNR data (i.e., N=10) were determined
to be nonparametric through the Anderson-Darling test
(p<0.05); therefore, nonparametric statistical tests were
used. A one-way nonparametric analysis of variance
(ANOVA; Kruskal-Wallis) was used to compare the EMG
SNR for both grasping and extension of the hand for the
three groups (paretic, nonparetic, healthy). If any signifi-
cance was found, subsequent pairwise comparisons (Wil-
coxon rank-sum tests) were made using Tukey’s honestly
significant difference criterion correction for multiple
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comparisons. Additionally, the paretic SNR was split post
hoc based on whether the participant received botulinum
toxin injections (N=4 with and N=6 without). These data
were also determined to be nonparametric, and nonpara-
metric statistical tests were used. A Wilcoxon rank-sum
test was used to compare the EMG SNR between partici-
pants receiving botulinum toxin injections and the SNR
of participants who were not.

The collapsed TTT results for each outcome metric
(i.e., N=10) were determined to be parametric through
the Anderson-Darling test (p>0.05), so parametric sta-
tistical analyses were performed. A two-way analysis of
variance (ANOVA) was used to compare task perfor-
mance for the three groups (healthy controls, nonparetic,
and paretic) and two movements (grasp and extension).
The two factors were EMG source (healthy, nonparetic,
and paretic) and movement type. If any significance was
found, subsequent pairwise comparisons (two-sample
t-test). Additionally, the variance was compared using
population F-tests. As with the SNR data, the paretic
TTT data was split post hoc by whether the participant
received botulinum toxin injections (N=4 with and N=6
without). These data were also determined to be para-
metric, and parametric statistical tests were used. A two-
sample ¢-test was used to compare the task performance
between participants who had and had not received bot-
ulinum toxin injections.

The Pearson correlation coefficient was calculated
between paretic and nonparetic performance metrics
and demographic metrics of Modified Ashworth Scale
score, age, time post-stroke, and sex.

Results

Paretic EMG SNR is significantly worse for hand extension,
but not hand grasp

We first compared the SNR of the EMG from healthy
participants and the paretic and nonparetic arms of
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stroke participants performing hand grasps and exten-
sions. Detectable EMG was present for all participants
(Fig. 2). This was true even for the four participants with
considerably increased tone, no visible active movement,
and minimal passive movement (i.e., MAS score of 3).

We found that in grasp movements, the SNR was not
significantly different between the groups (control vs.
nonparetic p=0.9926, control vs. paretic p=0.9994,
nonparetic vs. paretic p=0.941; pairwise rank-sum tests
with correction for multiple comparisons; Fig. 3A). How-
ever, in extension movements, the paretic SNR was sig-
nificantly lower than both nonparetic and control SNR
(p’s<0.05, pairwise rank-sum tests with correction for
multiple comparisons).

Importantly, these differences in SNR were observed
with an ensemble of 32 EMG channels where some chan-
nels are not placed directly over a flexor or extensor.
To explore the impact of electrode placement on SNR,
we next looked at the SNR from only the top five EMG
channels correlated to either flexion or extension, as
these channels would most likely be placed over a flexor
or extensor, respectively. Using this approach, we found
a similar trend (Fig. 3B), although no significant differ-
ences were present among any of the groups (p’s>0.05,
pairwise rank-sum tests with correction for multiple
comparisons).

Another approach to explore the impact of electrode
placement on SNR is to simply look at the subset of
channels with the best SNR for flexion or extension, as
these would also likely be placed over a flexor or extensor
respectively. To this end, we also looked at the SNR from
the top five EMG channels with the best SNR for flexion
and extension. A similar trend was found (Fig. 3C), and
paretic extension SNR was lower than control extension
(p=0.0475) but not lower than nonparetic extension
(p=0.0676, pairwise rank-sum tests with correction for
multiple comparisons).

[ Icontrol
_ Nonparetic
:I Paretic

Extension Cue

Time

Time

Fig. 2 Normalized EMG activity from the extrinsic hand muscles during instructed hand grasp (a) and hand extension (b). Data show the EMG feature
(300-ms smoothed mean absolute value) from one healthy control (green) and one stroke participant's nonparetic (blue) and paretic (red) arms. Data

show the mean and standard deviation from the 32 surface electrodes
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Fig. 3 EMG SNR during hand grasp and hand extension using all 32 EMG channels (a), the top five most correlated EMG channels (b), and top five EMG
channels with the highest SNR (c). (a) Across all 32 EMG channels, the SNR of the paretic EMG was significantly lower than the SNR of the nonparetic EMG
and healthy EMG for hand extension. In contrast, no differences were observed among groups for hand grasp. Similarly, no within-group differences were
found between hand grasp and hand extension. (b) When using only the top five most correlated EMG channels as a proxy for recording directly from
the respective flexors or extensors, a similar trend is seen, although the difference in paretic extension is no longer significant. (c) When using only the
top five EMG channels with the highest SNR as another proxy for recording directly from the respective flexors or extensors, the trend is still present, and
extension is significantly worse for the paretic hand than the healthy control group. Box plots show the median, interquartile range, and most extreme
non-outlier values. Circles denote outliers. Asterisk (*) denotes p <0.05, pairwise rank-sum tests with correction for multiple comparisons. N=10 control

participants and 10 stroke participants (nonparetic and paretic)

We also separated the paretic SNR by whether the
participants received botulinum toxin injections in their
affected arms. Although our sample size was limited, we
found no significant difference between the calculated
SNR between the two groups for grasping movements
(Supplemental Fig. S1; p=0.48 Wilcoxon rank sum test)
or extension movements (Supplemental Fig. S1; p=0.76
Wilcoxon rank sum test).

High-density EMG and modified Kalman filter improves
SNR

As a first-order approach to extracting control from
paretic EMG, we quantified the SNR of the output pro-
duced by the MKF. The MKEF resulted in significantly
greater SNR for grasping and extension in both the con-
trol and non-paretic groups (p’s <0.05, pairwise rank-sum
tests with correction for multiple comparisons). A similar

trend was present for the paretic group, although this
was not significant (Supplemental Fig. S2).

Using aggregate data from all patient groups and
both flexion and extension motions, the MKF resulted
in significantly higher SNR than the EMG signal alone
(p<0.001, pairwise rank-sum tests with correction for
multiple comparisons; Fig. 4). The SNR of the MKF was
also significantly higher than the SNR of a simple lin-
ear regressor using the most correlated EMG channel
(p<0.001, pairwise rank-sum tests with correction for
multiple comparisons; Fig. 4). Thus, simple linear regres-
sion from one EMG channel placed directly over the flex-
ors or extensors, as is typical for commercial myoelectric
prostheses, may not be sufficient for proportional control
alone.
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Fig. 4 SNR of EMG, linear regression, and MKF output. The MKF had sig-
nificantly higher SNR than EMG alone and the linear regressor. Data are
aggregated across all patient groups (control, nonparetic, and paretic) as
well as both motions (flexion and extension). Data are shown on a loga-
rithmic y-axis. Box plots show the median, interquartile range, and most
extreme non-outlier values. Circles denote outliers. Triple asterisk (***) de-
notes p<0.001, pairwise rank-sum tests with correction for multiple com-
parisons. N=10 control participants and 10 stroke participants (nonparetic
and paretic)

Stroke survivors retain the ability to finely regulate muscle
activity even in extreme cases of spasticity where the hand
is completely immobile

Next, we tasked stroke survivors with spastic hemipa-
resis to complete a proportional target-touching task
using EMG-based control. All 10 stroke survivors suc-
cessfully completed the task, demonstrating their abil-
ity to finely regulate their muscle activity to stay within
the error window (Fig. 5). This was true for both hand
grasp and for hand extension, despite there being signifi-
cantly worse EMG SNR for extension on the paretic side

a) b)

Max Flexion

Rest

Max Extension
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(Fig. 3). Furthermore, the four participants with consid-
erably increased tone, no visible active movement, and
minimal passive movement (i.e., MAS score of 3) were
also able to successfully achieve proportional EMG con-
trol. Indeed, Fig. 5 shows representative performance on
the task from a stroke survivor at the mean performance
level, who coincidentally had an MAS score of 3.

Proportional EMG control from paretic arms is similar to
nonparetic and healthy arms for grasping

Having shown that stroke survivors could reliably achieve
proportional EMG control with their paretic arm, we
next quantified task performance relative to their nonpa-
retic arm and healthy controls. We found no significant
difference in task performance between paretic, non-
paretic, and healthy arms when performing hand grasp
(Fig. 6). This was true for all three performance met-
rics; there was no significant difference among RMSE
(p=0.4157, ANOVA), the percent time within the tar-
get (p=0.1713, ANOVA), or the maximum hold time
(p=0.6009, ANOVA).

In contrast, for proportional hand extension, we
observed significantly worse performance with the
paretic arm compared to healthy controls. This was true
for both RMSE (p<0.05) and the percent time within the
target (p<0.01, pairwise unpaired ¢-tests with correction
for multiple comparisons). No significant difference was
observed between the paretic and nonparetic arm, or
between any of the groups for the maximum hold time.

We also quantified each participant’s variance among
their attempts at the task (Supplemental Fig. S3). A
smaller variance would indicate more precise and consis-
tent control. We found no significant differences among
the patient populations; paretic, non-paretic, and healthy
hands had similar precision at the task. However, we
did see a significant difference between grasping and

c) d)

[ JParetc [ Nonparetic [ | Control

Fig. 5 Performance of the virtual target-touching task for one of the stroke participant’s paretic arm (a; red) and nonparetic arm (b; blue). Data from a
representative control is shown separately (c; green) and overlaid with the stroke participant’s data (d) for comparison. The task was achievable under all
conditions, as indicated by the bold lines staying within the target window. Data show the kinematic position of a virtual bionic hand while attempting to
perform a partial hand grasp (50% output), followed by a brief period of rest, and then a partial hand extension (50% output). The dotted lines represent
the target window the participants attempted to remain within. Data show the mean and standard deviation of the kinematic position across the 20
trials of the task. The healthy participant and stroke participant shown were at the mean performance level of their respective groups. Notably, the stroke
participant at the mean performance level, for which the data is shown, had an MAS score of 3, indicating minimal hand motion
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Fig.6 Proportional EMG control of hand grasp and extension for paretic, nonparetic, and healthy arm. Participants completed a target-touching task with
a virtual bionic arm controlled by surface EMG from the extrinsic hand muscles. Performance on the task was measured using the RMSE between the
participant’s kinematic position and the target position (a), the percent time within the target window (b), and the maximum continuous duration within
the target window (c). Lower RMSE indicates better performance. A higher percent time within the target window and a longer maximum hold time indi-
cate better performance. Across all three metrics, no significant differences were observed for grasping among the paretic, nonparetic, and healthy arms.
In contrast, the paretic arm had significantly worse RMSE and percent time within the target window for hand extension. Asterisk (*) denotes p <0.05,
double asterisk (**) denotes p<0.01, pairwise comparisons with correction for multiple comparisons. N=10 healthy controls and 10 stroke participants

(nonparetic and paretic). Data show mean + standard error of the mean

extension for RMSE and percent time in target at the
aggregate level (p<0.05 and p<0.01 respectively, pairwise
comparisons with correction for multiple comparisons).
That is, all participants had less precision with grasp-
ing than with extension. For the paretic hand of stroke
patients, this implies extension has worse accuracy but
grasping has worse precision.

Importantly, despite the heterogeneity of stroke, we
found no significant difference among the variance of
the patient groups. In other words, the relative perfor-
mance among stroke patients with their paretic limb was
no different than the relative performance among stroke
patients with their nonparetic limb or among healthy
controls (p’s>0.15 for all metrics, F-tests with correction
for multiple comparisons).

Post-hoc analyses regarding the use of botulinum toxin
injections also suggest no significant impact on pro-
portional EMG control. No significant differences were
observed in any of the metrics for both grasping and
extension (p’s>0.3, unpaired ¢-tests; Supplemental Fig.
S4).

Proportional EMG control is not correlated with spasticity,
age, or time since stroke

We also calculated the Pearson correlation coefficients
between paretic EMG SNR, task performance met-
rics, and participant demographics (Fig. 7). We found
no meaningful correlation among participant demo-
graphics, suggesting that, at least for these participants,
proportional EMG control was not dependent on spas-
ticity, age, or time since the stroke. Some moderate cor-
relations (absolute values of 0.4 to 0.6) were observed
among EMG SNR and task performance metrics. Some
strong correlations (absolute values of 0.6 to 0.8) were
observed between grasping and extension metrics. A few
extremely strong correlations (absolute values of 0.8 to 1)
were observed among performance metrics for a given
condition (e.g., grasping RMSE vs. grasping PTT).

Given that some effects, such as age and sex would
likely impact both the paretic and nonparetic arm equally,
we furthered this analysis by calculating the Pearson cor-
relation coefficients between nonparetic EMG SNR, task
performance metrics, and participant demographics
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Fig. 7 Paretic EMG SNR and task performance were not correlated with spasticity, age, or time since stroke. The heatmap shows pairwise Pearson cor-

relation coefficients

(Supplemental Fig. S5). We found similar trends between
the paretic and non-paretic side. However, on the paretic
side SNR was correlated to task performance, and this
was not true for the non-paretic side.

Discussion

Prior work has shown it is possible to classify multiple
discrete hand gestures from paretic EMG after a stroke
[29, 60]. In contrast, here we show that it is also possible
to proportionally regress kinematic position from paretic
EMG after a stroke. Importantly, all participants, regard-
less of the severity of their post-stroke spasticity, were
able to achieve proportional position control. This was
true even for patients with MAS scores of 3 who were
unable to physically move their hand. Together, these
findings suggest that it is feasible to provide more dexter-
ous EMG control of assistive devices for stroke patients,
as proportional control could also be extended to veloc-
ity, force, or torque control. These findings are particu-
larly impactful and timely given the increasing prevalence
of stroke [75], the growing popularity of powered orthot-
ics [76, 77], and the new reimbursement pathway for
powered upper-limb orthotics [78].

Prior work has shown that impaired movement is cor-
related with higher spasticity and MAS scores [79]. In
contrast, here, we show that proportional EMG control is
not correlated with MAS scores. In other words, patients
can still selectively modulate EMG activity even in severe

cases of spasticity where there is no overt hand move-
ment. These patients with severe spasticity are typically
ineligible for assistive powered hand orthoses due to the
excessive torque necessary to overcome their spasticity
[80]. However, the use of assistive EMG-controlled exo-
skeletons has been shown to improve arm function [40,
81, 82]. Thus, an unfortunate reality is that the patients
who could benefit the most from an exoskeleton are par-
adoxically unqualified to receive them. The fact that pro-
portional EMG control is possible with extreme spasticity
supports the use of EMG-based virtual reality [83] and/
or biofeedback [84, 85] therapy to improve arm function,
thereby helping patients qualify for assistive powered
hand exoskeletons.

The use of novel EMG therapies for spasticity is further
supported by the fact that EMG control was not hindered
by routine clinical management of spasticity via botuli-
num toxin injections. This finding is consistent with prior
showing that botulinum toxin injections improve volun-
tary motor control [86], have no impact on the motor
performance of the spastic muscles [87], and can improve
EMG pattern-recognition control [88]. Botulinum toxin
has also been shown to reduce muscle activity overall
[86, 87, 89, 90], but muscle activity recovers within a few
weeks [89]. This finding, however, is limited by our small
sample size; lack of a statistical difference does not imply
equivalence. Future work should investigate the impact
of botulinum toxin on EMG control in a larger cohort
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of patients within the first few hours and days after
injection.

Although we show that proportional EMG control
is possible for both hand grasp and hand extension, we
also show that proportional EMG control for the paretic
hand was more accurate, but less precise for grasping
relative to extension. These results are consistent with
the underlying neurophysiology of post-stroke spasticity.
After a stroke, there is an increase in inappropriate mus-
cle coactivation [61], and hand extension is often more
impacted than hand grasp [61, 91]. Future implementa-
tions of proportional EMG control for assistive devices
should leverage this knowledge to design EMG control
algorithms around hand grasp instead of hand extension,
akin to a voluntary-close prosthesis [92] or orthosis [40,
93, 94].

In this study, we used high-density EMG and a modi-
fied Kalman filter to extract proportional position control
from paretic EMG. An important question is whether or
not proportional position control could be achieved using
fewer EMG channels. Preliminary analyses suggest that,
at least for hand grasping and extension, fewer channels
may actually be preferential for the paretic arm (Supple-
mental Fig. S6). Indeed, we observed that the RMSE of
the MKF initially decreased and then plateaued as more
channels were added for the healthy and non-paretic
arms. In contrast, performance degraded as the num-
ber of channels increased for the paretic arm. Although
it is uncertain how these offline measures of RMSE will
translate to real-world human-in-the-loop control, future
work should explore the optimal number and placement
of EMG channels.

This study focused exclusively on hand grasping and
hand extension as these motions are fundamental to
activities of daily living, enable grip force regulation, and
are readily supported by existing assistive hand ortho-
ses. Future work should explore the ability to provide
proportional position control over multiple motions
simultaneously. The MKF used in this study has been
used to provide simultaneous and proportional control
of six degrees of freedom of the hand in real-time for
healthy and amputee populations [46]. RMSE of the MKF
increases as the number of degrees of freedom increases
[95]. In our preliminary analyses, we found the rate of
decline may be accelerated for the paretic arm (Supple-
mental Fig. S7). Future work should consider more
advanced non-linear control algorithms, as these have
already shown the capacity to classify multiple hand ges-
tures with high accuracy from the paretic EMG of stroke
survivors [29, 60].

(2024) 21:222
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Conclusion

Here, we show that stroke survivors can achieve propor-
tional EMG control, regardless of their age, time since
their stroke, clinical spasticity rate, and history of botu-
linum toxin injections. We also show that EMG signal-
to-noise ratio and proportional control are better for
grasping motions than extension motions. This work
constitutes an important step towards the advancement
of more intuitive and dexterous hand exoskeletons with
proportional position control. More dexterous upper-
limb assistive powered orthoses may ultimately improve
the quality of life of stroke survivors.

Abbreviations

EMG Electromyography

SNR Signal-to-noise ratio
MAS Modified Ashworth Scale
MKF Modified Kalman Filter
RMSE  Root-mean-square error
TTT Target-touching task

Supplementary Information
The online version contains supplementary material available at https://doi.or
9/10.1186/512984-024-01529-0.

[ Supplementary Material 1 J

Acknowledgements

The authors would like to thank all the participants who completed this study.
The development of advanced rehabilitation and assistive devices would not
happen as effectively without their assistance.

Author contributions

CJ.T. conducted the experiments, performed analysis, prepared the figures,
and wrote the manuscript. FR.M. and D.R.L. assisted in conducting the
experiments and analyzing the collected data. PPM. and S.RE. assisted in
participant recruitment among individuals who had experienced a stroke.
J.AG. supervised and guided the study. All authors reviewed and edited the
manuscript.

Funding

Research reported in this publication was supported by the Office of The
Director (OD), Eunice Kennedy Shriver National Institute Of Child Health &
Human Development (NICHD), and National Institute Of Dental & Craniofacial
Research (NIDCR) of the National Institutes of Health (NIH) under Award
Number DP50D029571 awarded to J.A.G. This work was also sponsored by
Meta Reality Labs, Engineering Approaches to Responsible Neural Interface
Design Research Award #2990450277899571 awarded to J.A.G. Additional
sponsorship was provided by the NSF Graduate Research Fellowship Program
Award No. 2139322 awarded to CJT.The content is solely the responsibility
of the authors and does not necessarily represent the official views of their
employers or the aforementioned funding agencies.

Data availability
The data supporting this study’s findings are available upon reasonable
request to the authors.

Declarations

Ethics approval and consent to participate

All participants provided written informed consent before participating in
the study per the Declaration of Helsinki. Informed consent and experimental
protocols were carried out in accordance with the University of Utah
Institutional Review Board.


https://doi.org/10.1186/s12984-024-01529-0
https://doi.org/10.1186/s12984-024-01529-0

Thomson et al. Journal of NeuroEngineering and Rehabilitation

Consent for publication
Consent was obtained from participants for publication of these data.

Competing interests
The authors declare no competing interests.

Author details

'Department of Biomedical Engineering, University of Utah, Salt Lake City,
UT, USA

’Department of Electrical and Computer Engineering, University of Utah,
Salt Lake City, UT, USA

3Interdepar‘[men‘[al Neuroscience Program, University of Utah, Salt Lake
City, UT, USA

4Depar‘[ment of Physical Medicine and Rehabilitation, University of Utah,
Salt Lake City, UT, USA

°Department of Mechanical Engineering, University of Utah, Salt Lake
City, UT, USA

Received: 31 May 2024 / Accepted: 9 December 2024
Published online: 21 December 2024

References

1. Virani SS, Alonso A, Aparicio HJ, Benjamin EJ, Bittencourt MS, Callaway
CW, et al. Heart Disease Stroke Statistics—2021 Update Circulation.
2021;143:e254-743.

2. Hatem SM, Saussez G, della Faille M, Prist V, Zhang X, Dispa D, et al. Rehabilita-
tion of motor function after stroke: a multiple systematic review focused
on techniques to stimulate upper extremity recovery. Front Hum Neurosci.
2016;10. https://www.frontiersin.org/journals/human-neuroscience/articles/1
0.3389/fnhum.2016.00442/full#B43

3. Thibaut A, Chatelle C, Ziegler E, Bruno M-A, Laureys S, Gosseries O.
Spasticity after stroke: physiology, assessment and treatment. Brain Inj.
2013;27:1093-105.

4. Li§S, Spasticity. Motor Recovery, and neural plasticity after Stroke. Front Neu-
rol. 2017,8.

5. Steele KM, Papazian C, Feldner HA. Muscle activity after stroke: perspec-
tives on deploying Surface Electromyography in Acute Care. Front Neurol.
2020;11:576757.

6. Muellbacher W, Richards C, Ziemann U, Wittenberg G, Weltz D, Boroojerdi
B, et al. Improving hand function in chronic stroke. Arch Neurol.
2002;59:1278-82.

7. Hallett M. Plasticity of the human motor cortex and recovery from stroke.
Brain Res Rev. 2001;36:169-74.

8. Triandafilou KM, Fischer HC, Towles JD, Kamper DG, Rymer WZ. Diminished
capacity to modulate motor activation patterns according to task contributes
to thumb deficits following stroke. J Neurophysiol. 2011;106:1644-51.

9. ChenY,HuH,MaC, ZhanY,Chen N, LiL, et al. Stroke-related changes in
the complexity of muscle activation during obstacle crossing using fuzzy
approximate Entropy Analysis. Front Neurol. 2018;9:131.

10.  Stoeckmann TM, Sullivan KJ, Scheidt RA. Elastic, Viscous, and Mass load
effects on Poststroke Muscle Recruitment and co-contraction during reach-
ing: a pilot study. Phys Ther. 2009;89:665-78.

11, Martins dos Santos H, Pereira GS, de Oliveira LC, Da Silva PK, Gongalves Lima
M, Faria CDCDM, et al. Biopsychosocial factors associated with the state
of disability after hemiparesis in the chronic phase of stroke: exploratory
analysis based on the International Classification of Functioning, disability
and health. Disabil Rehabil. 2024;46:1366-73.

12. Kim GJ, Rivera L, Stein J. Combined Clinic-Home Approach for Upper
Limb robotic therapy after stroke: a pilot study. Arch Phys Med Rehabil.
2015;96:2243-8.

13.  Peters HT, Page SJ, Persch A. Giving them a hand: wearing a myoelectric
elbow-wrist-hand Orthosis reduces Upper Extremity Impairment in Chronic
Stroke. Arch Phys Med Rehabil. 2017;98:1821-7.

14.  Hasse BA, Sheets DEG, Holly NL, Gothard KM, Fuglevand AJ. Restora-
tion of complex movement in the paralyzed upper limb. J Neural Eng.
2022;19:046002.

15. ChenW, Li G, Li N, Wang W, Yu P, Wang R, et al. Restoring Voluntary
Bimanual activities of patients with chronic hemiparesis through a foot-
controlled Hand/Forearm exoskeleton. IEEE Trans Neural Syst Rehabil Eng.
2023;31:769-78.

(2024) 21:222

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32

33.

34.

35.

36.

37.

Page 12 of 14

LiN,YangT,Yu P, Chang J, Zhao L, Zhao X, et al. Bio-inspired upper limb soft
exoskeleton to reduce stroke-induced complications. Bioinspir Biomim.
2018;13:066001.

Popovi¢ Maneski L, Topalovi¢ I, Jovici¢ N, Dedijer S, Konstantinovi¢ L, Popovi¢
DB. Stimulation map for control of functional grasp based on multi-channel
EMG recordings. Med Eng Phys. 2016;38:1251-9.

Popovic DB, Popovic MB, Sinkjeer T. Neurorehabilitation of Upper extremi-
ties in humans with sensory-motor impairment. Neuromodulation Technol
Neural Interface. 2002;5:54-67.

Stein J, Narendran K, McBean J, Krebs K, Hughes R. Electromyography-Con-
trolled Exoskeletal Upper-Limb-Powered Orthosis for Exercise Training after
Stroke. Am J Phys Med Rehabil. 2007;86:255-61.

Miller LC, Dewald JPA. Involuntary paretic wrist/finger flexion forces and EMG
increase with shoulder abduction load in individuals with chronic stroke. Clin
Neurophysiol. 2012;123:1216-25.

Yao J, Sheaff C, Carmona C, Dewald JPA. Impact of shoulder abduction load-
ing on Brain-Machine Interface in Predicting Hand opening and closing in
individuals with chronic stroke. Neurorehabil Neural Repair. 2016;30:363-72.
Lopez DR, Thomson CJ, Mino FR, Edgely SR, Maitre PP, Iversen MM et al.
Delayed Muscle Activity in Stroke Survivors with Upper-Limb Hemiparesis.
2023 45th Annu Int Conf IEEE Eng Med Biol Soc EMBC [Internet]. 2023 [cited
2024 Jan 2]. pp. 1-4. Available from: https://ieeexplore.ieee.org/abstract/doc
ument/10340726

Chae J,Yang G, Park BK, Labatia I. Delay in initiation and termination of
muscle contraction, motor impairment, and physical disability in upper limb
hemiparesis. Muscle Nerve. 2002;25:568-75.

Seo NJ, Rymer WZ, Kamper DG. Delays in grip initiation and termination

in persons with stroke: effects of Arm support and active muscle Stretch
Exercise. J Neurophysiol. 2009;101:3108-15.

Liu G, Chia C, Wang W, Cao Y, Tian S, Shen X et al. The Muscle Activation
Differences in Post-Stroke Upper Limb Flexion Synergy Based on Spinal Cord
Segments: A Preliminary Proof-of-Concept Study. Front Neurol [Internet].
2021 [cited 2024 Apr 1];12. Available from:https://www.frontiersin.org/journal
s/neurology/articles/https://doi.org/10.3389/fneur.2021.598554/full
Johansson RS, Flanagan JR. Coding and use of tactile signals from the finger-
tips in object manipulation tasks. Nat Rev Neurosci. 2009;10:345-59.
Johansson RS, Westling G. Coordinated isometric muscle commands
adequately and erroneously programmed for the weight during lifting task
with precision grip. Exp Brain Res. 1988;71:59-71.

Jenmalm P, Schmitz C, Forssberg H, Ehrsson HH. Lighter or heavier than
predicted: neural correlates of corrective mechanisms during erroneously
programmed lifts. J Neurosci. 2006,26:9015-21.

Meyers EC, Gabrieli D, Tacca N, Wengerd L, Darrow M, Schlink BR, et al. Decod-
ing hand and wrist movement intention from chronic stroke survivors with
hemiparesis using a user-friendly, wearable EMG-based neural interface. J
Neuroeng Rehabil. 2024;21:7.

Briouza S, Gritli H, Khraief N, Belghith S, Singh D. Classification of SEMG
Biomedical signals for Upper-Limb Rehabilitation using the Random Forest
Method. 5th Int Conf Adv Syst Emergent Technol ICASET. 2022,2022:161-6.
Li K, Li Z, Zeng H, Wei N. Control of Newly-Designed Wearable Robotic Hand
Exoskeleton Based on Surface Electromyographic signals. Front Neurorobot-
ics. 2021;15:121.

Simon AM, Turner KL, Miller LA, Potter BK, Beachler MD, Dumanian GA, et al.
User performance with a Transradial Multi-articulating Hand Prosthesis dur-
ing Pattern Recognition and Direct Control Home Use. IEEE Trans Neural Syst
Rehabil Eng. 2023;31:271-81.

Coapt LLC. - Pattern Recognition [Internet]. Coapt Myo Pattern Recognit.
[cited 2023 Dec 21]. https://coaptengineering.com/pattern-recognition
Myo Plus | Upper Limb Prosthetics. | Prosthetics | Ottobock US Shop [Inter-
net]. [cited 2024 May 17]. Available from:https://shop.ottobock.us/Prosthetics
/Upper-Limb-Prosthetics/Myo-Plus/c/2901

Lenzi T, De Rossi SMM, Vitiello N, Carrozza MC. Proportional EMG control for
upper-limb powered exoskeletons. 2011 Annu Int Conf IEEE Eng Med Biol
Soc.2011. pp. 628-31.

Song R, Tong KY, Hu XL, Zheng XJ. Myoelectrically controlled robotic system
that provide Voluntary Mechanical help for persons after stroke. 2007 IEEE
10th International Conference on Rehabilitation Robotics. 2007. pp. 246-9.
Walter J, RoBmanith P, De Oliveira DS, Reitelshofer S, Del Vecchio A, Franke J.
Proportional Control of a Soft Cable-Driven Exoskeleton via a Myoelectrical
Interface Enables Force-Controlled Finger Motions. 2022 9th IEEE RASEMBS
Int Conf Biomed Robot Biomechatronics BioRob [Internet]. 2022 [cited 2024


https://www.frontiersin.org/journals/human-neuroscience/articles/10.3389/fnhum.2016.00442/full#B43
https://www.frontiersin.org/journals/human-neuroscience/articles/10.3389/fnhum.2016.00442/full#B43
https://ieeexplore.ieee.org/abstract/document/10340726
https://ieeexplore.ieee.org/abstract/document/10340726
https://www.frontiersin.org/journals/neurology/articles/
https://www.frontiersin.org/journals/neurology/articles/
https://doi.org/10.3389/fneur.2021.598554/full
https://coaptengineering.com/pattern-recognition
https://shop.ottobock.us/Prosthetics/Upper-Limb-Prosthetics/Myo-Plus/c/2901
https://shop.ottobock.us/Prosthetics/Upper-Limb-Prosthetics/Myo-Plus/c/2901

Thomson et al. Journal of NeuroEngineering and Rehabilitation

38.

39.

40.

42.

43.

44,

45.

46.

47.

48.

49.

50.

52.

53.

54.

55.

56.

57.

58.

May 17]. pp. 1-6. Available from: https://ieeexplore.ieee.org/document/9925
334

Rahman MH, Ochoa-Luna C, Saad M. EMG based control of a robotic
exoskeleton for shoulder and elbow motion assist. J Autom Control Eng.
2015;3:270-6.

Capotorti E, Trigili E, McKinney Z, Peperoni E, Dell’Agnello F, Fantozzi M, et al.
A novel torque-controlled Hand Exoskeleton to Decode Hand Movements
combining Semg and Fingers kinematics: a feasibility study. IEEE Robot
Autom Lett. 2022;7:239-46.

Pundik S, McCabe J, Skelly M, Salameh A, Naft J, Chen Z, et al. Myoelectric arm
orthosis in Motor Learning-based therapy for chronic deficits after stroke and
traumatic brain Injury. Front Neurol. 2022;13:791144.

Moriniere B, Verney A, Abroug N, Garrec P, Perrot Y. EMY: a dual arm exoskel-
eton dedicated to the evaluation of Brain Machine Interface in clinical trials.
2015 IEEERSJ Int Conf Intell Robots Syst IROS [Internet]. 2015 [cited 2024 May
17]. pp. 5333-8. Available from:https://ieeexplore.ieee.org/document/735413
0

Rosati G, Andreolli M, Biondi A, Gallina P. Performance of cable suspended
robots for upper limb rehabilitation. 2007 IEEE 10th Int Conf Rehabil Robot
[Internet]. 2007 [cited 2024 May 17]. pp. 385-92. Available from:https://ieeex
plore.ieee.org/document/4428454

Beninati G, Sanguineti V. A dynamic model of hand movements for propor-
tional myoelectric control of a hand prosthesis. 2019 41st Annu Int Conf IEEE
Eng Med Biol Soc EMBC [Internet]. 2019 [cited 2024 May 17]. pp. 6648-51.
Available from:https://ieeexplore.ieee.org/document/8857090

Ameri A, Scheme EJ, Kamavuako EN, Englehart KB, Parker PA. Real-Time,
Simultaneous Myoelectric Control Using Force and position-based training
paradigms. IEEE Trans Biomed Eng. 2014;61:279-87.

Wendelken S, Page DM, Davis T, Wark HAC, Kluger DT, Duncan C et al.
Restoration of motor control and proprioceptive and cutaneous sensation

in humans with prior upper-limb amputation via multiple Utah slanted elec-
trode arrays (USEAs) implanted in residual peripheral arm nerves. J Neuroeng
Rehabil. 2017;14.

George JA, Davis TS, Brinton MR, Clark GA. Intuitive neuromyoelectric control
of a dexterous bionic arm using a modified Kalman filter. J Neurosci Methods.
2020;330:108462.

Smith LH, Kuiken TA, Hargrove L. Real-time simultaneous and proportional
myoelectric control using intramuscular EMG. J Neural Eng. 2014;11:066013.
George JA, Kluger DT, Davis TS, Wendelken SM, Okorokova EV, He Q et al.
Biomimetic sensory feedback through peripheral nerve stimulation improves
dexterous use of a bionic hand. Sci Robot. 2019;4.

Goodman JM, Tabot GA, Lee AS, Suresh AK, Rajan AT, Hatsopoulos NG, et al.
Postural Representations of the Hand in the Primate Sensorimotor Cortex.
Neuron. 2019;104:1000-e10097.

Sobinov AR, Bensmaia SJ. The neural mechanisms of manual dexterity. Nat
Rev Neurosci. 2021;22:741-57.

Yan'Y, Goodman JM, Moore DD, Solla SA, Bensmaia SJ. Unexpected complex-
ity of everyday manual behaviors. Nat Commun. 2020;11:3564.

Zeng H, Chen J, Guo Y, Tan S, Prevalence. and Risk Factors for Spasticity After
Stroke: A Systematic Review and Meta-Analysis. Front Neurol [Internet]. 2021
[cited 2024 May 17];11. Available from:https://www.frontiersin.org/journals/n
eurology/articles/https://doi.org/10.3389/fneur.2020.616097/full

Cheng H, Fang X, Liao L, Tao Y, Gao C. Prevalence and factors influencing the
occurrence of spasticity in stroke patients: a retrospective study. Neurol Res.
2023;45:166-72.

Hameed HK, Wan Hasan WZ, Shafie S, Ahmad SA, Jaafar H, Inche Mat LN.
Investigating the performance of an amplitude-independent algorithm for
detecting the hand muscle activity of stroke survivors. J Med Eng Technol.
2020;44:139-48.

Chalard A, Amarantini D, Tisseyre J, Marque P, Tallet J, Gasq D. Spastic
co-contraction, rather that spasticity, is associated with impaired active
function in adults with acquired brain injury: a pilot study. J Rehabil Med.
2019;51:307-11.

Ma C, Chen N, Mao Y, Huang D, Song R, Li L. Alterations of Muscle Activation
Pattern in Stroke Survivors during Obstacle Crossing. Front Neurol [Internet].
2017 [cited 2024 Apr 1];8. Available from:https.//www.frontiersin.org/journals
/neurology/articles/https://doi.org/10.3389/fneur.2017.00070/full

Leonardis D, Barsotti M, Loconsole C, Solazzi M, Troncossi M, Mazzotti C, et al.
An EMG-Controlled robotic hand exoskeleton for bilateral Rehabilitation. IEEE
Trans Haptics. 2015;8:140-51.

De la Cruz-Sanchez BA, Arias-Montiel M, Lugo-Gonzalez E. EMG-controlled
hand exoskeleton for assisted bilateral rehabilitation. Biocybern Biomed Eng

(2024) 21:222

59.

60.

61.

62.

63.

64.

65.

66.

67.

68.

69.

70.

71.

72.

73.

74.

75.

76.

77.

78.

Page 13 of 14

[Internet]. 2022 [cited 2022 May 14]; Available from:https://www.sciencedirec
t.com/science/article/pii/S020852162200033X

Trigili E, Grazi L, Crea S, Accogli A, Carpaneto J, Micera S, et al. Detection of
movement onset using EMG signals for upper-limb exoskeletons in reaching
tasks. J Neuroeng Rehabil. 2019;16:45.

Olsen CD, Hamrick WC, Lewis SR, Iverson MM, George JA, Wrist, EMG
Improves Gesture Classification for Stroke Patients. 2023 Int Conf Reha-

bil Robot ICORR [Internet]. 2023 [cited 2024 May 6]. pp. 1-6. Available
from:https://ieeexplore.ieee.org/abstract/document/10304705

Kamper Dg, Rymer W. z. Impairment of voluntary control of finger motion
following stroke: Role of inappropriate muscle coactivation. Muscle Nerve.
2001;24.673-81.

George J, Neibling A, Paskett M, Clark G. Inexpensive surface electromyog-
raphy sleeve with consistent electrode placement enables dexterous and
stable prosthetic control through deep learning. Myoelectric Controls Symp
2020 [Internet]. 2020 [cited 2021 Jul 16]. Available from:https://conferences.li
b.unb.ca/index.php/mec/article/view/36

Page DM, George JA, Kluger DT, Duncan C, Wendelken S, Davis T et al. Motor
Control and Sensory Feedback Enhance Prosthesis Embodiment and Reduce
Phantom Pain After Long-Term Hand Amputation. Front Hum Neurosci
[Internet]. 2018 [cited 2023 Mar 7];12. Available from:https://www.frontiersin.
org/articles/https://doi.org/10.3389/fnhum.2018.00352

George JA, Brinton MR, Duncan CC, Hutchinson DT, Clark GA. Improved train-
ing paradigms and motor-decode algorithms: results from Intact individuals
and a recent Transradial amputee with prior Complex Regional Pain Syn-
drome. 2018 40th Annual International Conference of the IEEE Engineering in
Medicine and Biology Society (EMBC). 2018. pp. 3782-7.

Wu W, Gao Y, Bienenstock E, Donoghue JP, Black MJ. Bayesian Population
Decoding of Motor cortical activity using a Kalman Filter. Neural Comput.
2006;18:80-118.

Wu W, Black MJ, Mumford D, Gao Y, Bienenstock E, Donoghue JP. Modeling
and decoding motor cortical activity using a switching Kalman filter. IEEE
Trans Biomed Eng. 2004;51:933-42.

Warren DJ, Kellis S, Nieveen JG, Wendelken SM, Dantas H, Davis TS, et al.
Recording and decoding for neural prostheses. Proc IEEE. 2016;104:374-91.
Davis TS, Wark HAC, Hutchinson DT, Warren DJ, O'Neill K, Scheinblum T, et al.
Restoring motor control and sensory feedback in people with upper extrem-
ity amputations using arrays of 96 microelectrodes implanted in the median
and ulnar nerves. J Neural Eng. 2016;13:036001.

Tully TN, Thomson CJ, Clark GA, George JA. User-Specific Mirror Training Can
Improve Myoelectric Prosthesis Control. Myoelectric Controls Symp 2022
[Internet]. 2022. Available from:https://conferences.lib.unb.ca/index.php/mec
/article/view/1972

Tully TN, Thomson CJ, Clark GA, George JA. Validity and impact of methods
for collecting training data for myoelectric prosthetic control algorithms. IEEE
Trans Neural Syst Rehabil Eng. 2024,32:1974-83.

Thomson CJ, Tully TN, Stone ES, Morrell CB, Scheme EJ, Warren DJ, et al.
Enhancing neuroprosthesis calibration: the advantage of integrating prior
training over exclusive use of new data. J Neural Eng. 2024;21:066020.
Nieveen JG. Algorithms to Improve Control of Myoelectric and Neural Pros-
theses. 2021.

Mao KZ. Orthogonal Forward Selection and Backward Elimination algorithms
for feature subset selection. IEEE Trans Syst Man Cybern Part B Cybern.
2004;34.629-34.

Dantas H, Hansen TC, Warren DJ, Mathews VJ. Shared Prosthetic Control
Based on Multiple Movement Intent Decoders. IEEE Trans Biomed Eng.
2021;68:1547-56.

Feigin VL, Stark BA, Johnson CO, Roth GA, Bisignano C, Abady GG, et al.
Global, regional, and national burden of stroke and its risk factors, 1990-2019:
a systematic analysis for the global burden of Disease Study 2019. Lancet
Neurol. 2021;20:795-820.

Bos RA, Haarman CJW, Stortelder T, Nizamis K, Herder JL, Stienen AHA, et al.
A structured overview of trends and technologies used in dynamic hand
orthoses. J Neuroeng Rehabil. 2016;13:62.

Bardi E, Gandolla M, Braghin F, Resta F, Pedrocchi ALG, Ambrosini E. Upper
limb soft robotic wearable devices: a systematic review. J Neuroeng Rehabil.
2022;19:87.

Centers for Medicare & Medicaid Services. Centers for Medicare & Medicaid
Services' (CMS') Healthcare Common Procedure Coding System (HCPCS) level
Il final coding, benefit category and payment determinations - second bian-
nual (B2). HCPCS Coding Cycle. 2024;67-9.


https://ieeexplore.ieee.org/document/9925334
https://ieeexplore.ieee.org/document/9925334
https://ieeexplore.ieee.org/document/7354130
https://ieeexplore.ieee.org/document/7354130
https://ieeexplore.ieee.org/document/4428454
https://ieeexplore.ieee.org/document/4428454
https://ieeexplore.ieee.org/document/8857090
https://www.frontiersin.org/journals/neurology/articles/
https://www.frontiersin.org/journals/neurology/articles/
https://doi.org/10.3389/fneur.2020.616097/full
https://www.frontiersin.org/journals/neurology/articles/
https://www.frontiersin.org/journals/neurology/articles/
https://doi.org/10.3389/fneur.2017.00070/full
https://www.sciencedirect.com/science/article/pii/S020852162200033X
https://www.sciencedirect.com/science/article/pii/S020852162200033X
https://ieeexplore.ieee.org/abstract/document/10304705
https://conferences.lib.unb.ca/index.php/mec/article/view/36
https://conferences.lib.unb.ca/index.php/mec/article/view/36
https://www.frontiersin.org/articles/
https://www.frontiersin.org/articles/
https://doi.org/10.3389/fnhum.2018.00352
https://conferences.lib.unb.ca/index.php/mec/article/view/1972
https://conferences.lib.unb.ca/index.php/mec/article/view/1972

Thomson et al. Journal of NeuroEngineering and Rehabilitation

79.

80.

82.

83.

84.

85.

86.

87.

Pundik S, McCabe J, Skelly M, Tatsuoka C, Daly JJ. Association of spastic-

ity and motor dysfunction in chronic stroke. Ann Phys Rehabil Med.
2019,62:397-402.

Myomo I. MyoPro Evaluation [Internet]. 2019. Available from:https://myomo.c
om/wp-content/uploads/2019/07/2225-Rev-012-MyoPro-Clinician-Evaluatio
n-fillable-.pdf

Chang SR, Hofland N, Chen Z, Kovelman H, Wittenberg GF, Naft J. Improved
Disabilities of the Arm, Shoulder and Hand scores after myoelectric arm
orthosis use at home in chronic stroke: A retrospective study. Prosthet Orthot
Int [Internet]. 2024 [cited 2024 May 20]; Available from:https://journals.lww.co
m/https://doi.org/10.1097/PXR.0000000000000341

Lu Z Tong K, Shin H, Li S, Zhou P. Advanced Myoelectric Control for Robotic
Hand-Assisted Training: Outcome from a Stroke Patient. Front Neurol [Inter-
net]. 2017 [cited 2024 May 20];8. Available from:https://www.frontiersin.org/j
ournals/neurology/articles/https://doi.org/10.3389/fneur.2017.00107/full
Patel J, Fluet G, Qiu Q, Yarossi M, Merians A, Tunik E, et al. Intensive virtual
reality and robotic based upper limb training compared to usual care, and
associated cortical reorganization, in the acute and early sub-acute periods
post-stroke: a feasibility study. J Neuroeng Rehabil. 2019;16:92.

Giggins OM, Persson UM, Caulfield B. Biofeedback in rehabilitation. J Neuro-
eng Rehabil. 2013;10:60.

Feng S, Tang M, Huang G, Wang J, He S, Liu D et al. EMG biofeedback
combined with rehabilitation training may be the best physical therapy for
improving upper limb motor function and relieving pain in patients with

the post-stroke shoulder-hand syndrome: A Bayesian network meta-analysis.
Front Neurol [Internet]. 2023 [cited 2024 May 20];13. Available from https://w
ww.frontiersin.org/journals/neurology/articles/10.3389/fneur.2022.1056156/f
ull

Chang S-H, Francisco GE, Li S. Botulinum toxin injection improved voluntary
motor control in selected patients with post-stroke spasticity. Neural Regen
Res. 2012;7:1436-9.

Chen Y-T, Zhang C, Liu Y, Magat E, Verduzco-Gutierrez M, Francisco GE, et al.
The effects of Botulinum Toxin injections on Spasticity and Motor Perfor-
mance in Chronic Stroke with Spastic Hemiplegia. Toxins. 2020;12:492.

(2024) 21:222

88.

89.

90.

91.

92.

93.

94.

95.

Page 14 of 14

Lu Z Zhang Y, Li S, Zhou P. Botulinum toxin treatment may improve myoelec-
tric pattern recognition in robot-assisted stroke rehabilitation. Front Neurosci.
2024;18:1364214.

Chandra S, Afsharipour B, Rymer WZ, Suresh NL. Precise quantification of the
time course of voluntary activation capacity following Botulinum toxin injec-
tions in the biceps brachii muscles of chronic stroke survivors. J Neuroeng
Rehabil. 2020;17:102.

Hesse S, Krajnik J, Luecke D, Jahnke M, t,, Gregoric M, Mauritz K. h. ankle
muscle activity before and after Botulinum Toxin Therapy for Lower Limb
Extensor Spasticity in Chronic Hemiparetic patients. Stroke. 1996;27:455-60.
Barry AJ, Kamper DG, Stoykov ME, Triandafilou K, Roth E. Characteristics of the
severely impaired hand in survivors of stroke with chronic impairments. Top
Stroke Rehabil. 2022;29:181-91.

Engdahl SM, Lee C, Gates DH. A comparison of compensatory movements
between body-powered and myoelectric prosthesis users during activities of
daily living. Clin Biomech. 2022;97:105713.

Copaci D, Cerro DSD, Guadalupe JA, Lorente LM, Rojas DB. sEMG-Con-

trolled soft Exo-Glove for Assistive Rehabilitation therapies. IEEE Access.
2024;12:43506-18.

Secciani N, Topini A, Ridolfi A, Meli E, Allotta B. A Novel Point-in-polygon-
based sEMG classifier for Hand Exoskeleton systems. IEEE Trans Neural Syst
Rehabil Eng. 2020,28:3158-66.

George JA, Radhakrishnan S, Brinton M, Clark GA. Inexpensive and portable
system for Dexterous High-Density Myoelectric Control of Multiarticulate
Prostheses. 2020 IEEE International Conference on Systems, Man, and Cyber-
netics (SMC). 2020. pp. 3441-6.

Publisher’s note
Springer Nature remains neutral with regard to jurisdictional claims in
published maps and institutional affiliations.


https://myomo.com/wp-content/uploads/2019/07/2225-Rev-012-MyoPro-Clinician-Evaluation-fillable-.pdf
https://myomo.com/wp-content/uploads/2019/07/2225-Rev-012-MyoPro-Clinician-Evaluation-fillable-.pdf
https://myomo.com/wp-content/uploads/2019/07/2225-Rev-012-MyoPro-Clinician-Evaluation-fillable-.pdf
https://journals.lww.com/
https://journals.lww.com/
https://doi.org/10.1097/PXR.0000000000000341
https://www.frontiersin.org/journals/neurology/articles/
https://www.frontiersin.org/journals/neurology/articles/
https://doi.org/10.3389/fneur.2017.00107/full
https://www.frontiersin.org/journals/neurology/articles/
https://www.frontiersin.org/journals/neurology/articles/
https://www.frontiersin.org/journals/neurology/articles/

	﻿Proportional myoelectric control of a virtual bionic arm in participants with hemiparesis, muscle spasticity, and impaired range of motion
	﻿Abstract
	﻿Introduction
	﻿Methods
	﻿Participant information
	﻿EMG sleeve and signal acquisition
	﻿Training datasets
	﻿Control algorithm
	﻿Signal-to-noise ratio analysis
	﻿Real-time target touching task
	﻿Statistical analysis

	﻿Results
	﻿Paretic EMG SNR is significantly worse for hand extension, but not hand grasp
	﻿High-density EMG and modified Kalman filter improves SNR
	﻿Stroke survivors retain the ability to finely regulate muscle activity even in extreme cases of spasticity where the hand is completely immobile
	﻿Proportional EMG control from paretic arms is similar to nonparetic and healthy arms for grasping
	﻿Proportional EMG control is not correlated with spasticity, age, or time since stroke

	﻿Discussion
	﻿Conclusion
	﻿References


