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Abstract
Objective. The central-to-peripheral voluntary motor effort (VME) in the affected limb is a
dominant force for driving the functional neuroplasticity on motor restoration post-stroke.
However, current rehabilitation robots isolated the central and peripheral involvements in the
control design, resulting in limited rehabilitation effectiveness. This study was to design a
corticomuscular coherence (CMC) and electromyography (EMG)-driven control to integrate the
central and peripheral VMEs in neuromuscular systems in stroke survivors. Approach. The
CMC-EMG-driven control was developed in a neuromuscular electrical stimulation
(NMES)-robot system, i.e. CMC-EMG-driven NMES-robot system, to instruct and assist the
wrist-hand extension and flexion in persons after stroke. A pilot single-group trial of 20 training
sessions was conducted with the developed system to assess the feasibility for wrist-hand practice
on the chronic strokes (16 subjects). The rehabilitation effectiveness was evaluated through
clinical assessments, CMC, and EMG activation levels.Main results. The trigger success rate and
laterality index of CMC were significantly increased in wrist-hand extension across training
sessions (p < 0.05). After the training, significant improvements in the target wrist-hand joints and
suppressed compensation from the proximal shoulder-elbow joints were observed through the
clinical scores and EMG activation levels (p < 0.05). The central-to-peripheral VME distribution
across upper extremity (UE) muscles was also significantly improved, as revealed by the CMC
values (p < 0.05). Significance. Precise wrist-hand rehabilitation was achieved by the developed
system, presenting suppressed cortical and muscular compensation from the contralesional
hemisphere and the proximal UE, and improved distribution of the central-and-peripheral VME
on UE muscles. ClinicalTrials.gov Register Number NCT02117089

1. Introduction

Stroke is a leading cause of long-term motor dis-
ability among adults [1]. Up to 85% of stroke sur-
vivors suffer from permanent motor impairments
in their hand and wrist joints [2], presenting the
muscle weakness, spasticity, and muscle discoordin-
ation in the upper extremity (UE) at the chronic

stage [3]. The wrist-hand joints typically experi-
enced a poorer and delayed motor recovery com-
pared to the proximal joints (shoulder and elbow)
in the paretic UE, lacking the long-term rehabilita-
tion as other joints due to the limited professional
manpower in the traditional physical therapy [4].
Therefore, alternative and effective techniques for the
wrist-hand motor restoration are needed to improve

© 2022 The Author(s). Published by IOP Publishing Ltd

https://doi.org/10.1088/1741-2552/ac5757
https://crossmark.crossref.org/dialog/?doi=10.1088/1741-2552/ac5757&domain=pdf&date_stamp=2022-3-9
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://orcid.org/0000-0003-3188-3005
mailto:xiaoling.hu@polyu.edu.hk


J. Neural Eng. 19 (2022) 026004 Z Guo et al

the independence in activities of daily living after
stroke.

The central-to-peripheral voluntary motor effort
(VME) in physical practice of the paretic limb is a
dominant force for driving the functional neuroplas-
ticity on motor restoration post-stroke [2]. It pro-
motes the descending excitation from the motor cor-
tex to the target muscle, not limited to the cortical
excitation alone in voluntary motor intention [5].
Rehabilitation robots can assist the physical prac-
tice post-stroke with the advantages of higher repe-
tition and lower costs compared with the manual
therapy [6]. The rehabilitation robots that are driven
by users’ voluntary inputs have exhibited more sig-
nificant efficacy than those with continuous pass-
ive motions (CPMs), i.e. the robots dominated
the motion without users’ voluntary inputs [7].
Among them, the central-intention-driven and the
peripheral-effort-driven are the two main strategies
of robotic control [8, 9]. Central-intention-driven
systems mainly adopted the brain computer interface
(BCI) technique [8]. It captured the cortical activ-
ity, typically via electroencephalography (EEG) over
the sensorimotor cortex, during the mental rehearsal
of movements without actual execution, i.e. motor
imagery (MI) [10]. Visual or motion rewards would
be provided by external devices, such as the computer
screen, robots, and neuromuscular electrical stimula-
tion (NMES), once recognized the required MI pat-
terns [11]. MI was found to share similar cortical
activation patterns with motor execution, e.g. activ-
ating the contralateral supplementary motor area,
in previous functional magnetic resonance imaging
(fMRI) studies [11]. Meanwhile, BCI-MI interven-
tion has been successful on severely impaired persons,
e.g. those with tetraplegia after spinal cord injury
[12], because it directly bypassed the peripheral neur-
omuscular pathways. However, BCI-MI was little
effective once the baseline voluntary physical train-
ing in routine practices, e.g. the conventionally phys-
ical and occupational therapies, was removed, and
no significant differences were observed compared
with the usual care or intensive care clinically [13].
In previous randomized control trails, compared to
the passive motion, BCI-MI failed to enhance the
motor recovery in subacute stroke persons without
the voluntary physical training during the interven-
tion, while the significantly enhanced motor recov-
ery was only observed in the chronic stroke with the
baseline voluntary physical training during the inter-
vention [14]. BCI-MI also exhibited less effectiveness
than the BCI-MI incorporated with motor attempts,
where subjects were encouraged to move the paretic
limb even if they had lost precise voluntary control
[11]. Compared to the BCI-MI with motor attempts,
the less rehabilitation effectiveness of the BCI-MI was
mainly because that the pure MI without motor exe-
cution failed to promote the descending corticospinal
excitation on target muscles [11]. Nonetheless, the

BCI-MI with motor attempts still failed to suppress
the cortical compensation, e.g. the disinhibited con-
tralesional hemisphere after the intervention to the
hand joints [15], which could lead to muscular dis-
coordination and limit the long-term restoration in
the target muscle [16]. In this regard, the motor res-
toration post-stroke requires not only the volitional
control in the central motor system, but also effective
projection of motor commands to target muscles, i.e.
central-to-peripheral VME, thereby enhancing the
desired corticomuscular pathways, based on the prin-
ciple of Hebbian plasticity [17, 18]. Consequently, the
central-intention-driven robots had limited effective-
ness on restoring the target muscle and suppressing
the cortical compensation, mainly due to the central-
to-peripheral VME being overlooked in the control
design.

In peripheral-effort-driven robots, the elec-
tromyography (EMG) in residual muscles has been
the most frequently used bio-representation of VME
from the peripheral neuromuscular system in control
design [19], with the EMG amplitude approximately
proportional to the muscular output force [4]. It has
the advantages of higher signal intensity and being
less affected by the cancellation effects due to muscu-
lar discoordination post-stroke, compared to kinet-
ic/kinematic parameters on joint/limb dynamics [7].
However, the involuntary EMG component due to
spasticity post-stroke, usually triggered by the passive
stretch in the compensatory motion or the release
difficulty in prior contractions, could misdrive the
robot by the abnormally increased EMG levels even
without VME [20]. The spasticity post-stroke was
non-cortically originated but rather related to the
disinhibited alpha motor neurons in the descend-
ing pathways mainly originating from the brainstem
[21], due to the loss of descending inputs from the
cerebral cortex and basal ganglia [22]. The spastic co-
contraction in compensatory motions post-stroke,
e.g. the proximal-to-distal UE compensation, could
lead to additional motor gains in the proximal UE
even if only the distal joint was trained [16]. However,
the proposed EMG processing methods to discrim-
inate the spastic EMG lacked the validation on the
cortical control for its accuracy [21], e.g. the sample
entropy analysis assumed that voluntary EMGs had
higher entropy than the spastic EMGs [23]. Mean-
while, reducing the compensatory motion in physical
training post-stroke has relied on human supervi-
sion and manual corrections, with disadvantages
of high labour demand and inaccuracy for subtle
compensatory motions [16, 24]. Consequently, cur-
rent peripheral-effort-driven robots have not been
successful in distinguishing the cortical-originated
VME from the involuntary spasticity in the control
design, contributing to the insignificant advantage
compared to the manual-physical therapy even with
higher repetitions [22]. In this regard, incorporating
the cortical-originated central-to-peripheral VME in
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the control design could improve the robotic rehab-
ilitation effectiveness.

The central and peripheral involvements were still
isolated in current robots for stroke rehabilitation.
Although a few EEG and EMG-driven hybrid BCI
systems have recently emerged for stroke rehabilit-
ation [25, 26], they still possessed the disadvant-
ages of both techniques stated above, e.g. misdriv-
ing the robot with involuntary EMGs in MI without
central-to-peripheral VME. Meanwhile, no signific-
antly improved rehabilitation effectiveness in the
hybrid BCI systemswas reported than either the EEG-
or EMG-driven strategy [25]. This was because the
central-to-peripheral VME was still overlooked in
these hybrid BCI systems, as the functional correla-
tion between EEG and EMG was not considered in
the decision-level fusion of the separately calculated
EEG and EMG features [25, 26]. On the other hand,
the cortical-originated peripheral VME can be veri-
fied by corticomuscular coherence (CMC) [27]. It
demonstrates the intensity of the neural synchrony
between the cortical and muscle activities during vol-
untary movements based on the spectral correlation
between EEG and EMG (i.e. EEG-EMG coherence),
with the advantage of economical computation for
real-time processing [28, 29]. CMC has been con-
ventionally applied for the evaluation of functional
connection between the cortex and muscles during
isometric muscle contractions, with the location of
the peak CMC representing the cortical centre for
the motor control to the target muscle [30]. It has
also been successfully applied for evaluation onmotor
impairments after stroke in the literature, e.g. the
decreased intensity and relocation of the peak CMC
were related to the severity of motor impairments
post-stroke [28, 29]. CMC has been adopted as a reli-
able measure of the cortical control to target muscles
with a high temporal resolution in dynamic muscu-
lar efforts [29]. For example, the peak CMC loca-
tion in voluntary movements was reported to be con-
sistent with the optimal cortical motor point of the
transcranial magnetic stimulation evoking the largest
EMG responses on target muscles in stroke persons
[28, 31]. It is possible that the cortical-originated
central-to-peripheral VME could be integrated into
the robotic control by introducing the CMC index,
so that the robotic misdrive could be minimized due
to the independency between the EEG and invol-
untary EMG in voluntary motor control. However,
CMC was mainly used for evaluation, or diagnosis
with the offline processing in previous works [32, 33].
It has not been well studied as a driving input for
the online robotic control, nor the related efficacy in
post-stroke rehabilitation. Therefore, the purpose of
this study was to design a novel CMC-EMG-driven
control to integrate the VMEs from the central and
peripheral neuromuscular systems in stroke survivors
through the synchronized CMC and EMG activation
levels in isometricmuscular contraction. In this work,

the CMC-EMG-driven control was developed in an
NMES and robotic system for wrist-hand rehabilit-
ation after stroke, and a pilot single-group trail was
conducted to evaluate its feasibility and rehabilitation
effectiveness for wrist-hand practices in the chronic
stroke. The combined assistance of NMES and robot
was to activate the agonist muscle and concurrently
assist the joint kinematics with desired trajectories in
wrist-hand movements [6].

2. Method

The CMC-EMG-driven NMES-robot system
(figure 1(A)) was developed to instruct and assist
the wrist-hand extension and flexion tasks for per-
sons after stroke. The corticomuscular-integrated
representation of VME was captured by CMC and
EMG activation levels for motion recognition and
system control, for the purpose of promoting the
stroke persons exerting central-and-peripheral integ-
rated VME on the target muscles. During the device-
assisted wrist-hand practice, a user would receive
motion instruction on a screen. The NMES-robot of
the wrist-hand joint would be triggered to assist the
target motions, i.e. wrist-hand extension or flexion,
once the desired central-to-peripheral VME levels
were detected. The pilot single-group trial was con-
ducted with the developed system and the rehabil-
itation effectiveness was evaluated through clinical
assessments, CMC, and EMG activation levels on
chronic stroke.

2.1. CMC-EMG-driven NMES-robot system
2.1.1. System setup
Figure 1(B) depicts the system diagramwith a closed-
loop feedback control, which was coordinated based
on a self-developed LabVIEW platform (LABVIEW
2015, National Instruments Corp.) by a personal
computer (CPU: Intel (R) Core (TM) i5-9400; Win-
dows 7 × 64; RAM: 8.00 Gb). It consists of the
functions of EEG and EMG signal acquisition and
processing, visual instruction on the target motion,
and motion feedback by the NMES-robot in real-
time. For the EEG acquisition, a 64-channel EEG cap
referenced to the left earlobe and grounded at AFz
(g.GAMMAsys active electrode system, g.tec med-
ical engineering GmbH.) was used to detect 15-
channel EEG signals from the sensorimotor cortex
(i.e. Cz, CPz, FCz, C1-4, CP1-4, and FC1-4), which
was the main origin of central-to-peripheral VME
even for stroke persons with cortical or subcortical
impairments [28, 34]. The EEG signals were ampli-
fied 10 000 times (g.USBamp, g.tec medical engin-
eering GmbH.) and band-pass filtered from 2 to
100 Hz with a 50 Hz notch filter. For the EMG
acquisition, two-channel EMG signals (EMG elec-
trode: Blue SensorN, Ambu Inc.) were captured from
the muscle union of the extensor carpi ulnaris (ECU)
and the extensor digitorum (ED), i.e. ECU-ED, and
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Figure 1. (A) CMC-EMG-driven NMES-robot training system for wrist-hand rehabilitation after stroke (left panel). The upper
right panel shows the visual feedback interface on the real-time contraction level of the driving muscle (i.e. the blue cursor on the
panel), the required contraction levels of 10%–30% iMVC (red cursors) and the target motion (i.e. the textbox and the picture).
The lower right panel shows the NMES-robot with NMES electrodes attached to the ECU-ED. (B) System diagram on the
closed-loop feedback control process.

the muscle union of flexor carpi radialis (FCR) and
the flexor digitorum (FD), i.e. FCR-FD, in the respect-
ive wrist-hand extension and flexion, with a reference
EMG on the olecranon to reduce the common mode
noise [4]. The ECU-ED and FCR-FD were treated
as muscle unions because of their close anatomical
proximity and their narrow muscle bellies [6]. EMG
signals were amplified 1000 times (INA 333, Texas
Instruments Inc.) and band-pass filtered from 10 to
500 Hz with a 50 Hz notch filter. A DAQ card (6218
NIDAQcard,National Instruments Corp.) was adop-
ted to synchronize the EEG andEMGacquisitionwith
a sampling rate of 1,200 Hz.

The NMES-robot was used to assist the wrist-
hand extension or flexion with constant feedbacks
formotion rewards on the central-to-peripheral VME
(figure 1(A)) [6]. The robot (450 g) was a mechan-
ical exoskeleton connected with a motor (MX 106,
Trossen Robotics, with a maximal stall torque of
8.4 Nm) that provided a range of motion (ROM)
from 45◦ in wrist extension to 60◦ in wrist flexion (i.e.
−45◦ to 60◦) with a constant angular velocity of 10◦/s

[6]. One-channelNMESwas used to provide constant
electrical stimulation on ECU-ED to assist the wrist-
hand extension (square pulse with adjustable pulse
width of 0–300 µs, 70 V, 40 Hz), while no NMES was
provided to the FCR-FD, as practiced previously [6].
This is because the wrist-hand flexion can be achieved
voluntarily in many persons with chronic stroke, and
more severe impairments were typically observed in
UE extensors than flexors [6]. A visual feedback inter-
face on the computer screenwas developed to provide
instruction on the target motions and the real-time
and desired contraction levels for isometric contrac-
tion on the target muscle (figure 1(B)).

2.1.2. CMC-EMG-driven control
The corticomuscular integrated representation of
VME was designed by capturing the synchron-
ized CMC and EMG levels in isometric muscular
contraction (figure 2), representing the respective
cortical-originated central-to-peripheral VME and
the peripheral VME in neuromuscular systems. A
triggering-mode strategy was adopted in the control
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Figure 2. Flow chart of the CMC-EMG-driven control.

design that the desired central-to-peripheral VME
levels on the agonist muscle were first detected
using the real-time EEG and EMG in a triggering
time window of 10 s when the user maintaining
the target motion before actuating the NMES-robot.
The real-time desired central-to-peripheral VME was
identified by the significant peak CMC in the sensor-
imotor area and the EMG activation level in the agon-
ist muscle within 10%–30% of its isometric maximal
voluntary contraction (iMVC) level in the 10 s win-
dow. Once detected the desired central-to-peripheral
VME levels, the NMES-robot would be triggered to
assist the target motion for motion rewards, i.e. trig-
ger success, the subject would be instructed not to
exert VME (i.e. receive the passive motion), and the
system would not capture EEG and EMG either. Oth-
erwise, the NMES-robot would not be triggered, i.e.
trigger failed, and the current target motion would be
repeated in the next trial.

The real-time estimation of CMC was based on
the coherence between the 15-channel EEG from the
sensorimotor cortex (i.e. Cz, CPz, FCz, C1-4, CP1-
4, and FC1-4) and the one-channel EMG from the
agonist muscle unit (ECU-ED or FCR-FD) in the
10 s window. The triggering time window of 10 s
was selected to ensure the stationarity of EEG and
EMG, as well as the statistical power of the CMC

significant level in real-time control. It was also to
improve the sustainability of VME generation in iso-
metric contraction, due to the impaired postural sta-
bility post-stroke [16]. The CMC between the EEG
from the sensorimotor cortex xEEG (t) and the EMG
in the agonist muscle xEMG (t) was calculated in the
beta band (15–30 Hz) as follows [29]:

CMC=
|SEEG,EMG ( f)|2

SEEG, EEG ( f) ∗ SEMG,EMG ( f)
(1)

where SEEG,EEG ( f) and SEMG,EMG ( f) are the respect-
ive auto-spectrums of EEG and EMG. SEEG,EMG ( f) =
⟨XEEG ( f)X∗

EMG ( f)⟩ is the cross-spectrum between
the EEG and EMG, where XEEG ( f) and XEMG ( f)
are the respective Fourier transforms of xEEG (t) and
xEMG (t), ∗ indicates the complex conjugate and ⟨⟩ is
the expectation value. The EEG and EMG were fur-
ther pre-processed (EEG: 5–80 Hz band-pass filter
and 50 Hz notch filter; EMG: 10–500 Hz band-pass
filter and 50 Hz notch filter), and then segmented
into epochs of 1024 points with 50% overlap, i.e. time
windows of 853 ms with 426 ms shifts, generating 22
epochs in a 10 s triggering time window before the
CMC calculation [20]. The largest CMC value among
the 15 EEG channels was selected as the peak CMC.
The significance of the peak CMC, i.e. the significant
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Figure 3. (A) The EMG activation level in ECU-ED and the CMC in the peak channel in a representative stroke subject
(right-hand affected) during the wrist-hand extension. (B) Timeline of a single training trial, with the periods of motion
initiation (3 s), motion maintenance (10 s), trigger NMES-robot (or start to rest) (5 s), and rest (10 s).

CMC level, was estimated through the coherence con-
fidence level CL(α%) as follows [29]:

CL(α%) = 1− P
1

N−1 (2)

where P= 0.05 is the statistical significance level
(i.e. α= 95), N= 22 is the number of epochs, and
CL(α%) = 0.133. A peak CMC above the confidence
level CL(α%) was considered to be significant [35].

The EMG activation level in the real-time control
of the NMES-robot was calculated based on the one-
channel EMG from the agonistmuscle in the 10 swin-
dow. The mean EMG activation level EMGActivation

was obtained by taking the average of the real-time
EMG activation level (i.e. 100 ms moving average for
the rectified EMG) over the 10 s [6]. It was normalized
to be the corresponding contraction level as follows
[29]:

EMGContraction =
EMGActivation − EMGBase

EMGMax − EMGBase
(3)

where EMGMax and EMGBase, representing the
respective 100% iMVCand 0% iMVC, are the respect-
ive maximum and resting state EMGActivation in the
iMVC test [29]. The iMVC test was conducted at
the beginning of each training session, which will be
described in section 2.3 Training protocol. The sys-
tem delay used for the CMC and EMG activation level
calculation was 10–15 ms, which could be ignored in
the motion control by the stroke persons who had a
slow pace [4, 6].

The trigger failed could be detected in the fol-
lowing three cases: (a) No significant CMC but a
desired EMG activation level (i.e. within the 10%–
30% iMVC) could be observed in the ‘incorrect’ com-
pensatorymotions ormuscular spasticity after stroke.

(b) No desired EMG activation level but a significant
CMC could be observed when the target muscle was
overactivated or less activated (EMGActivation > 30%
or <10% iMVC). The muscular overactivation was
typically observed due to the higher perceived diffi-
culty in lower contraction levels, which is related to
the impaired fine motor control after stroke [2]. (c)
Neither significant CMC nor desired EMG activation
level was observed when there was no voluntary con-
traction and no spasticity in the subject. Figure 3(A)
shows the representative EMG envelope (i.e. the EMG
activation level) in ECU-ED and the CMC in the
peak channel (right-hand affected) in a stroke sub-
ject during wrist-hand extension. When the trigger
success occurred (figure 3(A), left panel), there was
a significant peak CMC in the mid-beta band (20–
25Hz) and themean EMG activation level was within
the desired 10%–30% iMVC. In contrast, when trig-
ger failed (figure 3(A), right panel), the case (a) was
observed that no significant CMC was found at any
frequency, although there were desired EMG activa-
tion levels.

Visual instruction on the real-time EMG activa-
tion levels, the required EMG activation range, and
the required motion states (wrist-hand extension or
flexion, or rest) was provided to the user, as shown in
figure 1(A) (upper right panel). The real-time EMG
activation level was displayed by the blue cursor on
the screen. The desired contraction level was 20%
iMVC (i.e. the midline in the panel) with an accept-
able error range of ±10% iMVC (i.e. the two fixed
red cursors), to ensure that the mean EMG activa-
tion level over the 10 s triggering time window could
vary within the required range of 10%–30% iMVC.
The 20% iMVC was selected in the real-time control,
for the purpose of improving the fine motor control
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Table 1. Demographic data of the stroke participants.

Participant

Gender
Female/
Male

Age
(years)

Onset
Years

Stroke Type
Hemorrhage/
Ischemic

Affected Side
Right/Left

S1 F 67 7 Hemorrhage Right
S2 F 51 8 Ischemic Left
S3 F 63 2 Ischemic Left
S4 F 59 1 Ischemic Right
S5 F 66 5 Hemorrhage Left
S6 M 63 7 Ischemic Right
S7 M 67 14 Hemorrhage Right
S8 M 57 5 Hemorrhage Right
S9 M 57 10 Hemorrhage Left
S10 M 58 8 Ischemic Left
S11 M 47 11 Ischemic Right
S12 M 53 8 Ischemic Left
S13 M 45 4 Hemorrhage Right
S14 M 54 3 Hemorrhage Left
S15 M 65 7 Ischemic Left
S16 M 66 9 Hemorrhage Right

Overall 5/11 58.6± 7.1 6.8± 3.4 8/8 8/8

on the wrist-hand joints post-stroke [16]. This was
because that the lower-level contractions required
moremotor efforts and cognitive concentration in the
force output than the higher-level contractions [32].
Another reason was that the sustained contraction
with moderate levels (<50% iMVC) was achievable
for persons after stroke. It can evoke evident CMC
in the beta band and avoid muscle fatigue in con-
tinuous contractions when compared with the higher
levels [16].

2.2. Subject recruitment
This study was approved by the Human Subjects Eth-
ics Subcommittee of The Hong Kong Polytechnic
University (approval number: HSEARS20170502002;
HSEARS20190119001), which was in accordance
with the Declaration of Helsinki and local statutory
requirements. The stroke subjects recruited in this
study satisfied the following inclusion criteria: (a)
45–70 years old; (b)⩾1 year after the onset of unilat-
eral brain lesions due to subcortical stroke, without
other neurological impairments or secondary onset
[36]; (c) no visual, cognitive or attentional defi-
cits (mini-mental state examination score >21) to
ensure that the subject could understand and follow
instructions during the experiment [37]; (d) mod-
erate to severe motor impairments on the unilat-
eral UE (Fugl-Meyer assessment for UE (FMA-UE)
score of 15 < FMA-UE < 45, with a maximal score
of 66) [38]; (e) Modified Ashworth Scale (MAS) <3
for the muscle tone at the elbow, wrist, and fin-
gers [39]; (f) detectable voluntary EMG (i.e. three
times standard deviation above the baseline) from
ECU-ED, FCR-FD, TRI and BIC in the affected limb.
Finally, sixteen stroke subjects (Age, 58.6± 7.1 years;

Stroke onset, 6.8 ± 3.4 years) were recruited and
completed the training, as detailed in the demo-
graphic data in table 1. All participants were informed
of the research purpose and provided their written
consent.

2.3. Training protocol
The recruited subjects were invited to attend the
pilot single-group trial to evaluate the rehabilita-
tion effectiveness of the developed system. The train-
ing comprised 20 training sessions, with 3–5 ses-
sions per week within seven consecutive weeks. Each
session lasted 1.5 h, not including the preparation
time, as adopted previously [4]. The subjects were
required not to attend any other rehabilitation pro-
grams until the three month follow-up. All the
recruited subjects (n = 16) completed the training
sessions.

At the beginning of each session, each participant
was invited to sit comfortably in front of the computer
screen. The EEG cap was mounted onto the scalp
according to the 10–20 system. Two-channel EMG
electrodes were attached to the common area of the
muscle bellis of the antagonist muscle pairs, ECU-ED
and FCR-FD, with the reference electrode attached
to the surface of the olecranon (figure 1(A)). The
impedance of each EEG and EMG electrode was pre-
pared below 5 kΩ [29]. Then, the iMVC test was con-
ducted on the target muscles, ECU-ED and FCR-FD,
to obtain their EMGMax−i and EMGBase−i for EMG
normalization (i.e. equation (3)) in the CMC-EMG-
driven control, which could minimize the deviation
effects caused by positioning EMG electrodes across
the training sessions [40]. The subject was instructed
to (a) keep the testing upper limb relaxed to obtain
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the baseline EMG, (b) execute the iMVC in wrist-
hand flexion to obtain the maximum EMG on FCR-
FD, and (c) execute the iMVC in wrist-hand exten-
sion to obtain the maximum EMG on ECR-ED [16].
The wrist joint was positioned at 0◦ and the elbow
joint was at 90◦ during the test [16]. Each iMVC test
was performed for 5 s and repeated thrice with a
5 min break between two consecutive iMVCs to avoid
muscle fatigue. The EMGMax−i and EMGBase−i in a
muscle were calculated as the respective mean EMG
activation level (as in the section 2.1.2 CMC-EMG-
driven control) over the baseline and iMVC tests [29].
After the iMVC test, the NMES electrode pair was
attached to the common area of the ECU-ED with
perpendicular to the EMG electrodes (figure 1(A),
lower right panel), as practiced in our previous work
[6]. The NMES pulse width was identified to evoke
maximal wrist extension and full finger extension,
which was the highest tolerable threshold person-
ally without pain sensation and muscle fatigue in the
training [6]. Then, the robotmodule of the devicewas
fixed on the wrist-hand joint using a bracing system
with adaptive pressures on the skin [6]. A hanging
system was used to lift the testing limb up to a hori-
zontal level for gravity compensation on the limb and
the NMES-robot. Also, the testing hand was placed
in a neutral position to make the force output plane
orthogonal to the gravity. The initial and terminal
positions of the wrist joint were at 45◦ extension, with
the elbow joint kept at 180◦ extension in a training
trial.

During the training, each subject was instruc-
ted to perform the target motions, wrist-hand exten-
sion and flexion, on the visual feedback interface
(figure 1(A)). The timing of a training trial is shown
in figure 3(B). The subject was required to initi-
ate the target motion to the required contraction
level within 3 s after the motion onset, and main-
tain it for 10 s, that is, keep the blue cursor at the
panel midline (i.e. the desired 20% iMVC) with an
allowable fluctuation within the two fixed red curs-
ors (i.e. ±10% iMVC) (figure 1(A)). After the 13 s
motion phase, the subject would immediately receive
the motion assistance by the NMES-robot if gener-
ated the desired central-and-peripheral VME levels as
mentioned in section 2.1.2 CMC-EMG-driven con-
trol. Otherwise, the subject would bring forward
to rest and be instructed to repeat and the target
motion in the next trial. The intertrial rest was 10 s
with a 2 min break between 10 consecutive trials
(∼ 4.6 min) to avoid muscle fatigue. The subject
was asked to minimize body movements, eye blink-
ing, biting, and to avoid falling asleep or engaging
in active mental tasks during the target motions.
The raw EEG and EMG signals were stored for off-
line analysis, in addition to the online processing
in section 2.1.2 CMC-EMG-driven control. Muscle
fatigue was monitored by the experimenter accord-
ing to the EMG mean power frequency (MPF) [41],

and no fatigue was found across trials (<10% MPF
reduction).

2.4. Evaluation on rehabilitation effectiveness
2.4.1. Cross-sessional variation of CMC topography
and trigger success rate
The hemispheric dominance, i.e. lateralization, was
investigated by the laterality index (LI) of CMC across
training sessions. The LI was a typical measure for
the hemispheric asymmetry in the topographical dis-
tribution in fMRI and EEG studies [42, 43]. In this
work, it was applied to quantify the relative contri-
bution of the ipsilesional hemisphere to the contrale-
sional hemisphere and the central area in the CMC
topography, which was calculated as follows:

LI=
CMCipsilesional

max
(
CMCcontralesional,CMCmidsagittal plane

) (4)

where CMCipsilesional and CMCcontralesional are the
respective peak CMC value among the nine EEG
channels in the ipsilesional hemisphere (e.g. FC1 3
5, CP1 3 5, and C1 3 5 for the right-hand affected)
and in the contralesional hemisphere (e.g. FC2 4 6,
CP2 4 6, and C2 4 6 for the right-hand affected). The
CMCmidsagittal plane is the peak CMC value among the
three channels in the midsagittal plane (i.e. FCz, Cz,
and CPz). The LI was calculated for trials with trig-
ger success across training sessions, with the same
CMC estimation as in section 2.1.2. The trigger suc-
cess rate was calculated as the proportion of the num-
ber of trigger success trials to the total number of trials
on the wrist-hand extension or flexion in a training
session.

2.4.2. Clinical assessments
The rehabilitation effectiveness was evaluated
through clinical assessments, i.e. MAS at the elbow,
wrist, and fingers [39], action research arm test
(ARAT) [44], and FMA for the upper limb [38].
The FMA (full score: 66) was also sub-scaled into
shoulder/elbow (42/66) and wrist/hand (24/66). The
clinical assessments were performed three times in
two weeks before the training (Pre-training) with an
interval of 2–3 days for baseline stability, once imme-
diately after the last training session (Post-training),
and once at three months after the training (3FU),
by a blinded assessor. The FMA was adopted as the
primary outcome measure in this work [11].

2.4.3. Evaluation by CMC and EMG activation levels
The rehabilitation effectiveness on the central-and-
peripheral integration of VME post-stroke was evalu-
ated by CMC and EMG activation levels in isometric
wrist-hand extension and flexion at the contraction
levels of 20% iMVC and 40% iMVC, denoted as 20%
Ex, 40% Ex, 20% Fx and 40% Fx [29]. The motion
scheme at 40% iMVC was also used to evaluate the
rehabilitation effectiveness on the tasks with lower
perceived difficulty than the target level of 20% iMVC
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in the training protocol [16, 45]. The evaluation ses-
sions were conducted one day before and after the
training sessions.

In the evaluation setup, the testing forearm was
placed on a horizontal fixed slab in the neutral pos-
ition with the force output plane orthogonal to the
gravity [29]. The acquisition and amplification setup
of EEG and EMG were the same as the section 2.3
Training protocol. In addition to the ECU-ED and
FCR-FD, two-channel EMG electrodes were attached
to the antagonist muscle pairs for elbow extension
and flexion, i.e. triceps (TRI) brachii and bicep (BIC)
brachii, to investigate the proximal-to-distal com-
pensation in the UE post-stroke [16]. Visual feed-
back on the target motion, the real-time contrac-
tion level, and the required contraction range was
provided to the subject, as in section 2.3 Training pro-
tocol (figure 1(A), upper right panel). The required
contraction levels were 20% iMVC and 40% iMVC
with an acceptable error range of±10% iMVC.

At the beginning of the evaluation, the iMVC test
on eachmuscle (i.e. ECU-ED, FCR-FD, BIC and TRI)
was conducted with procedures similar to those in
section 2.3 Training protocol. After the iMVC test, the
subject conducted the four target motion schemes,
20% Ex, 40% Ex, 20% Fx and 40% Fx, in a random
order. The subject was required to initiate the motion
to the target level within 3 s and keep the blue cursor
at the panel midline (the 20% or 40% iMVC) for 35 s
with an allowable fluctuation within the two fixed
red cursors (±10% iMVC). Each motion scheme was
repeated five times with a 2 min rest between two
consecutive contractions to avoidmuscle fatigue [16].
The muscle fatigue was checked immediately after
each trail using the EMGMPF as in section 2.3 Train-
ing protocol [29], and no fatigue was detected across
the trials. EEG and EMG signals were simultaneously
recorded and stored for offline analysis. The EEG and
EMGwere then pre-processed for denoisingwith pro-
cedures as in our previous works [16]. Finally, CMC
and EMG activation levels were calculated for the
EEG and EMGwith respect to differentmuscles in the
four motion schemes using equations (1)–(3). The LI
of CMC was also calculated for each agonist muscle
in the four motion schemes with equation (4).

2.5. Statistics
After the Shapiro-Wilk test of normality, each vari-
able, i.e. the clinical scores, LI, CMC, and the EMG
activation level, was confirmed to obey the normal
distribution (P > 0.05). One-way analysis of variance
(ANOVA) with the Bonferroni post hoc test was used
to evaluate the mean difference of LI and trigger suc-
cess rate across every five training sessions (i.e. ses-
sion 1–5, 6–10, 11–15, and 16–20), and to evaluate
the mean difference of clinical scores across different
time points (i.e. the pre-training, post-training, and
3FU assessments). A paired t-test was performed on
theCMCandEMGactivation levels by comparing the

difference between the pre-training and post-training
evaluation. The level of statistical significance was set
at 0.05, which was also indicated at 0.01 and 0.001. All
statistical analyses in this study were performed using
SPSS 24.0 (2016).

3. Results

3.1. Cross-sessional variation of CMC
topographies
Figure 4(A) shows the cross-sessional CMC topo-
graphies on ECU-ED during the wrist-hand
extension in a representative stroke subject (right
hemiparesis) with the respective trigger success and
trigger failed of the NMES-robot, where 10 sessions
were illustrated among the total 20 sessions. When
trigger success, the CMC peak channel presented a
shift pattern from the contralesional (right) to the
ipsilesional (left) sensorimotor area from session 1 to
session 19. The CMC peak channel was in the con-
tralesional sensorimotor area (CP2) in session 1, and
then it shifted to the ipsilesional sensorimotor area in
sessions 3, 5, and 7 (CP1, CP3, and FC1, respectively).
Although the peak channel was in the contralesional
sensorimotor area (CP2) in session 9, it was in the
ipsilesional sensorimotor area in all last sessions (ses-
sion 11: C1; sessions 13 and 15: CP3; sessions 17 and
19: FC3). This shift pattern, as quantified by the LI
of CMC, presented an increase from the LI < 1 to
LI > 1 from the session 1 to session 19. The LI was
0.70 in session 1 and then increased to >1 in sessions
3, 5, 7, and 11 (1.11, 1.09, 1.01 and 1.01, respectively).
Although session 9 had LI = 0.94, all of the last ses-
sions 13–19 had an LI > 1.1 (1.27, 1.18, 1.13, and 1.31
in sessions 13, 15, 17, and 19, respectively). In con-
trast to the trigger success, when the trigger failed, the
peak channels were in the contralesional hemisphere
and the respective LIs were <1 in all sessions except
sessions 3 and 5 (peak channel: CP1; LI > 1).

Figure 4(B) summarizes the mean LI on ECU-
ED across all trigger success trials and the mean trig-
ger success rate across every five sessions in the rep-
resentative subject during the wrist-hand extension.
Table 2 lists the detailed LI values and the trigger suc-
cess rate presented with means and standard devi-
ations, in addition to the one-way ANOVA probabil-
ity and the effect size (EF). Significantly increased LI
was observed after the first five sessions, i.e. sessions
1–5 (p < 0.01 for sessions 6–10 and 16–20, p < 0.05
for session 11–15, one-way ANOVA with Bonferroni
post-hoc test).Meanwhile, the trigger success rate was
significantly increased from 68% to 90% after the ses-
sion 1–5 (p < 0.05 for session 6–10, 11–15, and 16–
20, one-way ANOVA with Bonferroni post-hoc test).
Figure 4(C) presents the group-level LI of CMC on
the agonist muscle in the target motion schemes, 20%
Ex, 40% Ex, 20% Fx, and 40% Fx, before and after
the training. Table 3 lists the detailed LI values presen-
ted with means and standard deviations, in addition
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Figure 4. (A) Cross-sessional CMC topographies on ECU-ED in a representative stroke subject (right-hand affected) during the
wrist/hand extension. The color scheme indicates the CMC value in each channel. The laterality index (LI) and the peak channel
of CMC are indicated below the topography, with the session number above the topography. (B) Averaged LI on ECU-ED in all
trigger success trails and the respective trigger success rate across every five training sessions in the representative subject during
the wrist/hand extension. (C) LI of CMC on the agonist muscle during the target motion schemes, i.e. 20% Ex, 40% Ex, 20% Fx,
and 40% Fx, in all subjects before and after the training. The LI and the trigger success rate are presented as the mean and
standard deviation (error bar). Significant differences with respect to the training sessions and motion schemes are indicated as
‘∗’ for P < 0.05 and ‘∗∗’ for P < 0.01.

to the paired t-test probabilities and the EFs. Signi-
ficantly increased LI was observed at 20% and 40%
Ex after the training (p < 0.05, EF = 0.748 at 20% Ex
and EF= 0.741 at 40% Ex, paired t-test). In contrast,
no significant increase of LI was found at either 20%
or 40% Fx after the training (p > 0.05, EF = 0.673
at 20% Fx and EF = 0.624 at 40% Fx, paired
t-test).

3.2. Training effects on clinical scores
Figure 5 summarizes the motor improvements meas-
ured by clinical scores (i.e. the FMA, ARAT, andMAS
scores) before, after, and three month after the train-
ing. Table 4 lists the detailed clinical scores presented
with means and standard deviations, in addition to

the one-way ANOVA probabilities and the EFs. Signi-
ficant increases were observed in the FMAwrist/hand
score (figure 5(A); p < 0.05, EF = 0.242, one-way
ANOVA with the Bonferroni post hoc test) and the
ARAT score (figure 5(C); p < 0.01, EF = 0.522,
one-way ANOVA with the Bonferroni post hoc test)
after the training, and these increases were main-
tained after three months. Meanwhile, significant
decreases were observed in the MAS scores at the
finger (figure 5(D); p < 0.01, EF = 0.504, one-way
ANOVA with the Bonferroni post hoc test) and the
wrist (figure 5(E); p < 0.001, EF = 0.597, one-way
ANOVAwith the Bonferroni post hoc test), and these
decreases were maintained after three months. By
contrast, no significant variation was found in the
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Table 2. Lateral Index of CMC and trigger success rate across the 20 training sessions with respect to the ECU-ED in a representative
subject (right hemiparesis) during wrist/hand extension.

Session number

1–5 6–10 11–15 16–20

One-way ANOVA

Parameter P (Partial η2)

Laterality index
(Mean± SD)

0.79± 0.36 0.99± 0.36 0.99± 0.45 1.09± 0.35 0.001∗∗ (0.059)

Trigger Success
Rate (Mean± SD)

0.68± 0.06 0.73± 0.07 0.76± 0.09 0.90± 0.06 0.001∗∗ (0.546)

The superscript ∗ indicates the significant difference across training sessions (one-way ANOVA with the Bonferroni post hoc test), with

1 superscript for P < 0.05 and two superscripts for P < 0.01.

Table 3. Laterality Index of CMC with respect to the agonist muscle in all subjects during the four motion schemes before and after the
training.

Motion scheme 20% Ex 40% Ex 20% Fx 40% Fx

Evaluation time point Laterality index (Mean± SD)

Pre-training 0.91± 0.12 0.92± 0.05 1.06± 0.19 1.01± 0.11
Post-training 1.02± 0.09 1.00± 0.10 0.95± 0.07 0.92± 0.10
Paired t-test 0.04∗ 0.04∗ 0.06 0.08
P (Cohen’s d) (0.748) (0.741) (0.673) (0.624)

The superscript ∗ indicates the significant difference with P < 0.05.

Figure 5. Variation of clinical scores measured before (Pre) and after the training (Post), as well as at the three month follow-up
(3FU): (A) FMA wrist/hand scores, (B) FMA shoulder/elbow scores, (C) ARAT scores (D-F) MAS scores at the fingers, wrist, and
elbow. The clinical scores are presented as means and standard deviations (error bars) at each assessment time point. The
significant difference across assessment time points is indicated as ‘∗’ for P < 0.05, ‘∗∗’ for P < 0.01, and ‘∗∗∗’ for P < 0.001.

FMA shoulder/elbow score (figure 5(B); p > 0.05,
EF = 0.068, one-way ANOVA with the Bonferroni
post hoc test) and the MAS elbow score (figure 5(F);
p > 0.05, EF = 0.153, one-way ANOVA with the
Bonferroni post hoc test) across the assessment time
points.

3.3. Training effects on CMC and EMG activation
levels
Figure 6 shows the CMC on UE muscles in the four
motion schemes, 20% Ex, 40% Ex, 20% Fx and 40%

Fx, before and after the training. Tables 5 and 6 list
the detailed CMC values presented with the means
and standard deviations, in addition to the paired
t-test probabilities and the estimated EFs. In thewrist-
hand extension (figure 6(A), table 5), the ECU-ED
showed a significantly increased CMC at 20% Ex
(p < 0.05, EF = 1.415, paired t-test) and a signific-
antly decreasedCMCat 40%Ex (p<0.05, EF= 0.971,
paired t-test) after the training. The TRI showed a
significantly decreased CMC at 20% Ex (p < 0.01,
EF= 1.724, paired t-test), with no significant change
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Table 4. Clinical scores before, after and three month after the CMC-EMG-driven NMES-robot training.

Pre-training Post-training Three month FU One way ANOVA

Evaluation (Max Score) Clinical score (Mean± SD) P (Partial η2)

FMAWrist/Hand (24) 10.66± 4.45 15.25± 3.41 14.66± 3.31 0.010∗ (0.242)
FMA Shoulder/Elbow (42) 23.91± 6.99 28.00± 6.50 27.16± 6.96 0.315 (0.068)
FMA Full Score (66) 34.58± 10.97 43.25± 9.44 41.83± 9.39 0.089 (0.173)
ARAT (57) 21.50± 12.02 29.33± 12.71 28.75± 13.89 0.002∗∗ (0.522)
MAS Finger (4) 1.25± 0.80 0.81± 0.66 0.78± 0.64 0.002∗∗ (0.504)
MAS Wrist (4) 1.67± 0.37 0.87± 0.66 1.05± 0.83 0.000∗∗∗ (0.597)
MAS Elbow (4) 1.60± 0.44 0.92± 0.72 1.35± 0.85 0.065 (0.153)

The superscript ∗ indicates the significant difference regarding the training effects (one-way ANOVA with the Bonferroni post hoc test),

with 1 superscript for P < 0.05, 2 superscripts for P < 0.01, and three superscripts for P < 0.001. Three month FU, three month

follow-up assessment; SD, standard deviation; FMA, Fugl-Meyer Assessment [38]; MAS, Modified Ashworth Scale [39]; ARAT, Action

Research Arm Test [44].

Figure 6. CMC strength in wrist-hand extension (A) and flexion (B) at the contraction levels of 20% and 40% iMVC before and
after the training. CMC is presented as means and standard deviations (error bar). The significant difference is indicated as ‘∗’ for
P < 0.05 and, ‘∗∗’ for P < 0.01.

at 40%Ex (p>0.05, EF= 0.190, paired t-test) after the
training.No significantCMCchangewas found in the
flexors FCR-FD andBIC at either 20%or 40%Ex after
the training (p>0.05, paired t-test). In addition, a sig-
nificant difference between the two contraction levels,
20% and 40% iMVCs, was observed in BIC with sig-
nificantly higher CMCs at 20% Ex than 40% Ex both
before and after the training (p < 0.05, EF = 1.627 in
pre-training and EF = 1.358 in post-training, paired
t-test). No significant CMC difference between 20%
Ex and 40% Ex was found in ECU-ED, FCR-FD, and
TRI (p> 0.05, paired t-test). In the wrist-hand flexion
(figure 6(B), table 6), the FCR-FD had a significantly
decreased CMC at 40% Fx (p < 0.05, EF = 1.030,
paired t-test), without significant change at 20% Fx
(p > 0.05, EF= 0.137, paired t-test) after the training.
There was no significant CMC difference in the ECU-
ED, TRI, and BICwith respect to either the evaluation
time points or the contraction levels (p > 0.05, paired
t-test).

Figure 7 presents the training effects on EMG
activation levels in the wrist-hand extension and flex-
ion at 20% and 40% iMVCs. Table 7 lists the detailed
EMG activation levels presented with the means
and standard deviation, in addition to the paired t-
test probabilities and the estimated EFs. At 20% Ex
(figure 7(A)), significantly decreased EMG activation
levels were observed in TRI (p < 0.05, EF = 1.007,
paired t-test), without significant change in BIC and
FCR-FD (p > 0.05, EF= 0.273 in BIC and EF= 0.531
in FCR-FD, paired t-test) after the training. At the
40% Ex (figure 7(B)), significantly decreased EMG
activation levels were observed in the flexors BIC and
FCR-FD (p < 0.05, EF= 0.905 in BIC and EF= 1.101
in FCR-FD, paired t-test), without significant change
in the TRI (p > 0.05, EF = 0.644, paired t-test) after
the training. At 20% Fx (figure 7(C)), significantly
increased EMG activation levels were observed in the
ECU-ED (p< 0.05, EF= 0.926, paired t-test), without
significant change in the BIC and TRI (p > 0.05,
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Table 5. CMC on UE muscles during the wrist-hand extension at different contraction levels before and after the training.

20% Ex 40% Ex Paired t-test

Muscle Evaluation time point CMC (Mean∗100± SD) P (Cohen’s d)

ECU-ED Pre-training 3.04± 0.41 3.51± 0.48 0.113 (0.784)
Post-training 3.46± 0.32 2.99± 0.42 0.108 (0.924)
Paired t-test 0.018∗ 0.042∗

P (Cohen’s d) (1.415) (0.971)
FCR-FD Pre-training 3.44± 0.46 3.41± 0.65 0.897 (0.047)

Post-training 3.22± 0.37 3.33± 0.57 0.676 (0.228)
Paired t-test 0.419 0.255
P (Cohen’s d) (0.328) (0.476)

TRI Pre-training 3.46± 0.39 3.47± 0.51 0.875 (0.075)
Post-training 3.01± 0.29 3.31± 0.57 0.580 (0.269)
Paired t-test 0.002∗∗ 0.608
P (Cohen’s d) (1.724) (0.190)

BIC Pre-training 3.42± 0.26 2.90± 0.28 0.011∗ (1.627)
Post-training 3.43± 0.22 3.15± 0.28 0.012∗ (1.358)
Paired t-test 0.945 0.204
P (Cohen’s d) (0.027) (0.540)

The superscript ∗ indicates the significant difference of P < 0.05 with respect to the training effects and different contraction levels.

Table 6. CMC on UE muscles during the wrist-hand flexion at different contraction levels before and after the training.

20% Fx 40% Fx Paired t-test

Muscle Evaluation time point CMC (Mean∗100± SD) P (Cohen’s d)

ECU-ED Pre-training 3.16± 0.40 3.43± 0.52 0.103 (0.726)
Post-training 3.13± 0.41 3.23± 0.50 0.609 (0.204)
Paired t-test 0.897 0.389
P (Cohen’s d) (0.047) (0.324)

FCR-FD Pre-training 3.34± 0.47 3.63± 0.517 0.273 (0.456)
Post-training 3.29± 0.39 3.12± 0.484 0.764 (0.118)
Paired t-test 0.709 0.022∗

P (Cohen’s d) (0.137) (1.030)
TRI Pre-training 3.54± 0.31 3.46± 0.33 0.795 (0.124)

Post-training 3.41± 0.44 3.39± 0.42 0.629 (0.234)
Paired t-test 0.618 0.756
P (Cohen’s d) (0.198) (0.114)

BIC Pre-training 3.21± 0.45 3.42± 0.33 0.847 (0.092)
Post-training 3.49± 0.37 3.27± 0.37 0.220 (0.517)
Paired t-test 0.258 0.546
P (Cohen’s d) (0.472) (0.264)

The superscript ∗ indicates the significant difference of P < 0.05 with respect to the training effects and different contraction levels.

EF = 0.289 in BIC and EF = 0.166 in TRI, paired
t-test) after the training. At 40% Fx (figure 7(D)),
significantly decreased EMG activation levels were
observed in the BIC (p < 0.05, EF = 0.887, paired
t-test), without significant change in the extensors,
ECU-ED and TRI (p > 0.05, EF = 0.309 in ECU-
ED and EF = 0.368 in TRI, paired t-test) after the
training.

4. Discussion

The CMC-EMG-driven NMES-robot system
was developed with corticomuscular integ-
rated representation of VME for the wrist-hand
rehabilitation after stroke. A pilot trial was con-
ducted to evaluate the feasibility and rehabilita-
tion effectiveness of the developed system on those

with chronic strokes. It was found that the CMC-
EMG-driven control was effective for the wrist-hand
practice post-stroke, presenting the improved cor-
ticomuscular integration of VME and the guided
cortical neuroplasticity across training sessions. The
training effects on clinical scores, CMC, and EMG
activation levels demonstrated that the developed
system achieved precise wrist-hand improvements,
reduced compensation from the proximal UE and
the contralesional hemisphere, and improved dis-
tribution of the central-and-peripheral VME on UE
muscles.

4.1. Feasibility of the CMC-EMG-driven control
The CMC-EMG-driven control in the NMES-
robot system was feasible to instruct and assist
the wrist-hand practice, presenting improved
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Figure 7. EMG activation levels in the target motion schemes, (A) 20% Ex, (B) 40% Ex, (C) 20% Fx and (D) 40% Fx, before and
after the training, presented as means and standard deviations (error bars). The significant difference before and after the training
is indicated as ‘∗’ for P < 0.05.

Table 7. EMG activation levels on UE muscles during the wrist-hand extension and flexion at different contraction levels before and
after the training.

Wrist-hand extension Wrist-hand flexion

TRI BIC FCR-FD ECU-ED TRI BIC

Contraction level Evaluation time point EMG activation level (Mean± SD)

20% iMVC Pre-training 0.14± 0.07 0.12± 0.04 0.11± 0.03 0.93± 0.03 0.14± 0.08 0.13± 0.03
Post-training 0.09± 0.05 0.13± 0.04 0.08± 0.04 0.12± 0.04 0.15± 0.04 0.15± 0.07
Paired t-test 0.017∗ 0.437 0.150 0.024∗ 0.632 0.411
P (Cohen’s d) (1.007) (0.273) (0.531) (0.926) (0.166) (0.289)

40% iMVC Pre-training 0.12± 0.05 0.16± 0.04 0.12± 0.05 0.11± 0.02 0.15± 0.05 0.17± 0.03
Post-training 0.14± 0.05 0.12± 0.04 0.08± 0.02 0.13± 0.06 0.12± 0.06 0.13± 0.03
Paired t-test 0.090 0.027∗ 0.011∗ 0.410 0.333 0.040∗

P (Cohen’s d) (0.644) (0.905) (1.101) (0.309) (0.368) (0.887)

The superscript ∗ indicates the significant difference with P < 0.05.

corticomuscular integration of VME and guided
cortical neuroplasticity in stroke persons. This was
revealed by the significantly increased trigger suc-
cess rate and the shifted CMC peak channel from
the contralesional to the ipsilesional hemisphere
in wrist-hand extension across the 20 training ses-
sions (figures 4(A) and (B)), where the reduced
compensation from the contralesional hemisphere
implied motor restoration to the targeted wrist-hand
joint [46]. The significantly increased trigger suc-
cess rate tended to be stable after 6–10 sessions.
Meanwhile, the stroke participants verbally repor-
ted that they could control the ‘learned-disused’
muscles (ECU-ED and FCR-FD) and could achieve
the required level (20% ± 10% iMVC) much easier

after two consecutive weeks of training, i.e. 6–8 ses-
sions. In addition, the increased trigger success rate
was accompanied by enhanced hemispheric later-
alization in wrist-hand extension, as quantified by
the significantly increased LI after 6–10 sessions
(figure 4(B)), which was absent in wrist-hand flex-
ion after the training. It suggested that the improved
corticomuscular integration of VME could guide the
cortical neuroplasticity on wrist-hand extension in
the CMC-EMG-driven control, because of the cor-
ticospinal re-innervation to the targeted wrist-hand
muscles, as detailed in section 4.3. In this work, the
trigger success rate of the CMC-EMG-driven con-
trol was higher than the BCI-MI-based control in
the chronic stroke, e.g. 66 ± 25.7% [47]. It implied
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that the CMC-EMG-driven system could be more
reliable for VME recognition to engage more volun-
tary inputs and to provide more feedback than the
BCI-MI system. This was possibly because of the low
accuracy and the required user-specific adaptation
in the event-related desynchronization-based motion
recognition during the MI practice [20].

The 10 s triggering time window in the real-time
control was comparable to the BCI-MI systems for
stroke rehabilitation [10], e.g. 6 s [13] and 7 s [48]
for motor imagery, although it was longer than the
EMG-driven system, e.g. 100 ms [49]. In addition to
ensuring the EEG and EMG stationarity and the stat-
istical power of the CMC significant level, the 10 s
window could improve the stability and sustainabil-
ity of VME generation in isometric contraction after
stroke, due to their impaired postural stability related
to the muscle weakness, spasticity, and muscle disco-
ordination [50].

4.2. Training effectiveness on wrist-hand functions
Motor restoration on the targeted wrist-hand joint
was determined by the improved voluntary motor
functions, released spasticity, and finer precision con-
trol on grasping, gripping, and pinching motions.
These were revealed by significant changes of the
FMA wrist/hand scores (figure 5(A)), the MAS fin-
ger and wrist scores (figures 5(D) and (E)), and the
ARAT scores (figure 5(C)) after the training and at the
three month follow-up [44]. Among the FMA sub-
scales, the improved stability of wrist extension, i.e.
active wrist extension with ⩾15◦ ROM and resist-
ance tolerable, in all subjects demonstrated the effect-
iveness of the 10 s window in CMC-EMG-driven
control on improving the sustainability of VME gen-
eration and the related postural stability. In addi-
tion, the reduced spasticity at the finger and wrist
joints confirmed the effectiveness of the CMC index
on eliminating the robotic ‘misdrive’ due to muscle
spasticity in the control design. In contrast, previ-
ous BCI-MI-driven, EMG-driven, or CPM systems
presented no significant release of the finger spasticity
after the training, despite similar motion assistance,
i.e.NMES and robot, and comparable training intens-
ity to this work [11, 51]. Furthermore, the released
spasticity at the wrist-hand joints also implied the
decreased hyperexcitability of alpha motor neurons,
i.e. the lower motor neuron, in the spinal cord after
the training. It was because that the spasticity post-
stroke was found to be related to disinhibited alpha
motor neurons in the spinal cord, due to the loss of
descending control in corticospinal tracts [22]. In the
unimpaired, the excitability of the alpha motor neur-
ons was effectively controlled by the descending cor-
ticospinal inputs through the presynaptic stimulation
of the upper motor neurons in voluntary movements
[21]. In this regard, the decreased hyperexcitability of
alpha motor neurons could be related to the facilit-
ated descending corticospinal inputs to targetmuscles

by the CMC-EMG-driven control after the training,
which was observed from the enhanced cortical con-
trol in the ipsilesional hemisphere in the significant
CMC and LI changes on target muscles as detailed in
following sections.

4.3. Precise rehabilitation with reduced cortical
and proximal muscular compensation
The CMC-EMG-driven NMES-robot achieved pre-
cise motor restoration on the targeted wrist-hand
joint with minimized proximal-to-distal UE com-
pensation that widely observed in previous rehabilit-
ation trainings with either voluntary inputs or CPM.
The results found no significant improvement of the
proximal UE in the FMA shoulder/elbow and the
MAS elbow scores (figures 5(B) and (F)). It sugges-
ted that the CMC-EMG-driven control was effect-
ive at suppressing the compensatory motion from the
proximal UE in the fine motor control to the wrist-
hand joints, i.e. the 20% isometric contraction in this
work,without additional human supervision,manual
correction or restriction to the proximal joints, as
in the previous literature [2]. It was because that
the corticomuscular integrated VME in limb prac-
tice facilitated the corticospinal re-innervation to the
targeted wrist-hand muscles, by reducing the com-
pensation from the proximal UE with a cortical ori-
gin in the contralesional hemisphere [16], as detailed
in the following paragraph. By contrast, the addi-
tional improvements on proximal UE could be eas-
ily obtained in previous rehabilitation training on
the distal UE even when the proximal UE and trunk
were restricted to move by apparatus or belts, e.g.
the EMG-driven NMES-robot or the passive robotic
assistance [49, 52]. Although the additional improve-
ment in the proximal joints seems to be helpful
in a short-term, it could exacerbate the compens-
atory motion, the reduced range of joint motion,
abnormal inter-joint motions, and pain, leading to
maladaptive neuroplasticity after stroke [2]. In this
work, the motion rewards provided by the NMES-
robot to the central-to-peripheral VME could pro-
mote the motor learning on the desired motion and
suppress the compensatory motion after stroke. In
the control design, motion rewards from the NMES-
robot were provided (i.e. trigger success) only if
the subject exerted the desired central-to-peripheral
VME levels, i.e. significant CMC and target EMG
activation levels. Otherwise, no motion reward was
provided by the NMES-robot (i.e. trigger failed)
and the subject was instructed to repeat the target
motion, e.g. trigger failed occurred when no signi-
ficant CMC but a desired EMG activation level due
to the ‘incorrect’ compensatory motions or muscu-
lar spasticity. The incentive scheme formotor relearn-
ing has been extensively adopted in previous BCI- or
EMG-driven rehabilitation robots after stroke, based
on the Hebbian plasticity [17, 49]. The effectiveness
of the combined assistance of NEMS-robot for motor
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relearning has been reported in our previous works
that it significantly improved the muscle coordin-
ation after stroke than the NMES or robot alone,
reducing the ‘learned-disuse’ on the distal UE [4]. It
was because that the NEMS-robot could concurrently
activate the agonist muscle via the NMES and assist
the joint kinematics with desired trajectories via the
robot assistance, guiding the effective motor patterns
in stroke persons [4].

In addition to the reduced muscular compensa-
tion, the precise wrist-hand rehabilitationwithCMC-
EMG-driven NMES-robot also reduced the com-
pensation from the contralesional hemisphere after
the training, i.e. the cortical guidance effect. It was
revealed by the significantly increased LI of CMC in
wrist-hand extension at both 20% iMVC and 40%
iMVC after the training, while no significant change
was found in the wrist-hand flexion at either con-
traction levels (figure 4(C)). The facilitated hemi-
spheric lateralization to the ipsilesional hemisphere
could re-innervate the target wrist-hand muscles by
enhancing the desired ipsilesional pathways, contrib-
uting to the minimized proximal-to-distal UE com-
pensation. In previous works, the cortical compens-
ation has been demonstrated to be anatomically and
functionally related to muscular compensation in the
UE post-stroke, leading to the maladaptive neuro-
plasticity related to the ‘learned-disuse’ in the long-
term recovery [16]. Although relocation of the peak
CMC to the contralesional hemisphere was found
in the distal UE movements post-stroke, this con-
tralesional control in the cortex mainly benefited the
motor functions in the proximal UE and introduced
muscular discoordination amongUEmuscles, e.g. the
flexion synergy in arm reaching and the proximal-
to-distal UE compensation [16, 53]. A poorer and
delayed recovery in the distal UE was commonly
observed than the proximal UE and the body trunk
in the chronic stroke [16], because that the spontan-
eous motor recovery was from the proximal to the
distal joints during the first six month after stroke.
Another reasonwas that the distal wrist-handmuscles
were primarily innervated by the ipsilesional hemi-
sphere through the decussate lateral corticospinal
tracts, while the proximal UE had bi-hemispheric
innervation through both the crossed dorsolateral
and the uncrossed ventromedial spinal cord [16].
Despite this bi-hemispheric innervation on the prox-
imal UE, the cortical compensation from the ipsilat-
eral hemisphere had a lower conduction efficiency
than the contralateral control to the proximalUE, due
to the less-dense extrapyramidal tracts (15% pyram-
idal tract fibres) from the ipsilateral hemisphere than
the fast pyramidal tracts (85% pyramidal tract fibres)
from the contralateral hemisphere anatomically [16].
It was also found that motor restoration in the distal
UE was related to the cortical control from the ipsile-
sional hemisphere, rather than the contralesional
hemisphere, whichwas revealed by the increased peak

CMC intensity in the ipsilesional motor cortex after
the rehabilitation training [54, 55]. For example, the
ARAT scores were found to be significantly correlated
with the cortical activation in the ipsilesional motor
cortex, without significant correlation with the con-
tralesional side in the chronic stroke [46]. Further-
more, the cortical guidance effect suggested that the
CMC-EMG-driven strategy had superior modulat-
ory effects on driving positive neuroplasticity over the
central-intention-driven robots. A previous BCI-MI-
driven hand robot failed to inhibit the CMC from the
contralesional hemisphere in stroke persons after the
training [15]. It could imply a lack of precise rehabil-
itation to the distal UE in the BCI-MI-driven strategy,
due to the correlation between the disinhibited con-
tralesional hemisphere and the proximal-to-distal UE
compensatory motion [16, 53, 55].

4.4. Improved central-and-peripheral VME in
wrist-handmovements
Improved distribution of the peripheral VME on
UE muscles directly validated the precise wrist-hand
improvements and the reduced proximal-to-distal
UE compensation, as observed from the significant
changes in the EMG activation levels (figure 7). There
was significantly improved extensor weakness (ECU-
ED, figure 7(C)), significantly released flexor spasti-
city (FCR-FD, figure 7(B)) and significantly reduced
excessive activation in proximal muscles (BIC and
TRI, figures 7(A), (B), and (D)) after the training,
which was consistent with the findings in the FMA,
ARAT, and MAS scores (figure 5). The improved
extensor weakness demonstrated that the CMC-
EMG-driven strategy could be more effective for
reducing the ‘learned-disuse’ on wrist-hand extens-
ors than the peripheral-effort-driven strategy. It was
because that, in the EMG-driven NMES-robot, the
UE extensors typically experienced a poorer recovery
compared to the significantly released flexor spasti-
city [6, 49]. For example, in the EMG-driven exoneur-
omusculoskeleton, the muscle activation level in UE
extensors, ECU-ED and TRI, had no significant
increase in the arm reaching and withdrawing with
hand opening and grasping tasks, despite the compar-
able training intensity and similar assistance to this
work [49].

Improved distribution of the central-to-
peripheral VME on UE muscles was achieved in the
precise wrist-hand rehabilitation with minimized
compensation from the proximal muscles, partic-
ular in the fine motor control of finger extension,
20% Ex. In the results, significant CMC changes
after the training were mainly observed in the agonist
muscles in the distal UE, i.e. ED-ECU and FD-FCR,
but without significant changes on the antagonist
and most proximal muscles, e.g. BIC (figure 6). The
relative high task difficulty for fine motor control
on finger extension could result in the significantly
reduced CMC on TRI and significantly increased
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CMCon ED-ECU in 20% Ex after the training, indic-
ating a more independent control to the target ED-
ECU [16]. In contrast, no significant CMC changes
on BIC in both 20% and 40% Fx and on FD-FCR
in 20% Fx after the training were mainly because
of the relatively low task difficulty for flexion than
extension in the upper limb in the chronic stroke,
particularly for the BIC in elbow flexion [4]. In addi-
tion, the difficulty-dependent training effect on the
CMC pattern was also found in the improved VME
distribution in the agonist muscles, which presen-
ted significantly increased CMC in the 20% Ex, but
significantly reduced CMC at 40% Ex and Fx after
the training. In other words, the stroke participants
exerted greater central-to-peripheral VME at a rel-
atively more difficult contraction level (20% iMVC),
but reduced VME at a simpler contraction level (40%
iMVC) after the training. This also demonstrated
that the CMC-EMG-driven control with the required
contraction level of 20% iMVC could benefit mul-
tiple mild-to-moderate contraction levels, i.e. 20%
and 40% iMVC, thereby contributing to the precise
wrist-hand rehabilitation. It was because that the
corticomuscular integrated VME exerted in a higher
perceived difficulty task (20% iMVC) could engage
additional corticospinal tracts and somatosensory
afferents for more proprioceptive feedback and finer
motor control, as suggested previously in unimpaired
persons [45].On the other hand, theNMES assistance
combined with the CMC-EMG-driven control could
facilitate the central-to-peripheral VME on the tar-
get ECU-ED at 20% iMVC through the sensorimotor
integration [43]. It was because that >50% stroke per-
sons experienced the sensory deficiencywith proprio-
ception disturbance and increased uncertainty on the
peripheral states in voluntary motion [43]. The rich
sensory input of NMES on the desired muscle loc-
ation, joint position, and the movement trajectory
reduced these uncertainties and facilitated effect-
ive motor patterns in motion practice post-stroke
[56]. In this work, the compensatory VME from the
BIC could still exist in the wrist-hand extension, as
revealed by the significantly higher CMC at 20% Ex
than at 40% Ex after the training. It suggested that the
proximal-to-distal UE compensation was not elimin-
ated, despite beingminimized, in the motion practice
assisted by the CMC-EMG-driven NMES-robot. The
difficulty-dependent CMC patterns after the training
extended our knowledge on the CMC-based robotic
control and evaluation on motor functions in stroke
rehabilitation.

Despite no sham group in this work, the CMC-
EMG-driven control achieved precise wrist-hand
rehabilitation with minimized compensatory move-
ments from the proximal UE, in comparison with
the EMG-driven control to the same NMES-robot
presenting additional proximal improvements in our
previous works [49]. In the future work, random-
ized control trials will be conducted to compare

the effects of the CMC-EMG-driven control with
the conventional robotic controls, e.g. the central-
intention-driven, the peripheral-effort-driven, or dif-
ferent stimulation configurations in the NMES-
robot, in parallel.

5. Conclusion

In this work, the CMC-EMG-driven NMES-robot
system with corticomuscular integrated representa-
tion of VME was developed for effective wrist-hand
rehabilitation by suppressing the cortical and mus-
cular compensation after stroke. It achieved precise
wrist-hand improvements, reduced compensation
from the proximal UE and the contralesional hemi-
sphere, and improved distribution of the central-
and-peripheral VME on UE muscles. Specifically,
the cross-sessional CMC variation suggested that the
developed system was feasible and effective for wrist-
hand practice post-stroke, as it significantly improved
the corticomuscular integration of VME and guided
the cortical neuroplasticity after the 6–10 training
sessions. For the precise wrist-hand improvements,
the proximal-to-distal UE compensation was effect-
ively suppressed during the fine motor control of
wrist-hand joints, i.e. at 20% Ex, without additional
human supervision, manual correction, or restric-
tion to the proximal joints. It could be attributed to
the corticospinal re-innervation to the targeted wrist-
hand muscles in the enhanced ipsilesional pathways,
as revealed by the reduced compensation from the
contralesional hemisphere after the training. Further-
more, in the improved central-and-peripheral VME
distribution, the CMC-EMG-driven control with the
required 20% iMVC benefited multiple mild-to-
moderate contraction levels, i.e. 20% and 40% iMVC,
as revealed by the difficulty-dependent training effect
on the CMC patterns in the agonist muscles. It sug-
gested that the developed system could engage more
corticospinal tracts and somatosensory afferents for
finer motor control of the wrist-hand joints, thereby
contributing to the precise wrist-hand rehabilitation.
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