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Abstract: Intermuscular coupling reflects the corticospinal interaction associated with the control of
muscles. Nevertheless, the deterioration of intermuscular coupling caused by stroke has not received
much attention. The purpose of this study was to investigate the effect of myoelectric-controlled
interface (MCI) dimensionality on the intermuscular coupling after stroke. In total, ten age-matched
controls and eight stroke patients were recruited and executed elbow tracking tasks within 1D or
2D MCI. Movement performance was quantified using the root mean square error (RMSE). Wavelet
coherence was used to analyze the intermuscular coupling in alpha band (8–12 Hz) and beta band
(15–35 Hz). The results found that smaller RMSE of antagonist muscles was observed in both groups
within 2D MCI compared to 1D MCI. The alpha-band wavelet coherence was significantly lower in the
patients compared to the controls during elbow extension. Furthermore, a decreased alpha-band and
beta-band wavelet coherence was observed in the controls and stroke patients, as the dimensionality
of MCI increased. These results may suggest that stroke-related neural impairments deteriorate the
motor performance and intermuscular coordination pattern, and, further, that MCI holds promise as
a novel effective tool for rehabilitation through the direct modulation of muscle activation pattern.

Keywords: stroke; intermuscular coupling; dimensionality; feedback; wavelet coherence; myoelectric-
controlled interface

1. Introduction

A coordinated movement was inseparable from the complex interactions between
behavioral goals, neural control, and musculoskeletal apparatus [1]. This interaction was
exemplified by a tightly intertwined functional relationship between the agonist and antago-
nist muscles. However, loss of neurological function after stroke, such as the common injury
of the corticospinal tract [2], could impede a patient’s ability to initiate movement, thereby
leading to a compromise in the movement performance. In general, the restricted motor
ability in patients was associated with the impaired muscle coordination patterns [3–5].
Previous studies have observed the reduced intermuscular coupling in stroke versus age-
matched controls [6–9], which was usually contributed to the motor deficits. It is likely to
modulate the intermuscular coupling to improve the motor function [10–12]. The factors
linked to the poor coordination after stroke included abnormal muscle activation pat-
terns [13], disruption in the recruitment of agonist muscles and the inhibition of antagonist
muscles [14], weakened corticomuscular coupling [15], and so on. Despite the observed
diminished functional coupling between cortex and muscles in patients, the changes in the
intermuscular coupling due to neurological impairments after stroke have not been fully
elucidated yet.

An effective method to quantify the intermuscular coupling could be to investigate
the oscillatory activity between the corresponding muscles from the electromyogram
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(EMG) signal. Conventional coherence analysis provided the estimates of the synchronous
oscillations between the EMG and EMG signals in the frequency domain [16]. Due to its
reliance on the time-stable signals, however, coherence analysis fails to capture the time-
varying characteristics between the nonstationary EMG signals of dynamic process. By
contrast, wavelet coherence [17], utilizing wavelet transform to provide an accurate time–
frequency representations of signals, allows for the efficient identification of short-term
coupling between signals, especially for the nonstationary electrophysiological signals.
A previous study used wavelet coherence on the electroencephalogram (EEG) signals
to examine the neural coactivation among brain regions [18]. Furthermore, the wavelet
coherence in the different frequency segments reflected the various neurophysiological
information [8]. Rhythmic activity could be recorded from the motor cortex to muscles in
the human subjects in the alpha (8–12 Hz) [19] and beta (15–35 Hz) bands [20,21]. The alpha-
band intermuscular coherence was considered to be associated with the control mechanism
of the slow movements [22], and the beta-band intermuscular coherence was thought to
reflect a contribution from the corticospinal drive [23,24]. Therefore, wavelet coherence
served as a good option for the measurement of dynamic neural interactions. This method
was introduced for a more comprehensive assessment of intermuscular coupling between
the EMG signals, offering insights into the neurophysiological information represented in
different frequency segments.

Addressing the abnormal muscle coordination patterns was a potential new avenue
for stroke rehabilitation. Generally, stroke altered muscle coordination and exaggeratedly
activated antagonist [25], thereby led to the impaired motor function. The conventional
physical therapy could contribute to the part recovery of their motor function but still
with a residual disability in performing the fine movement [26,27]. As previous studies
showed, intermuscular coupling was considered to play a crucial part in the fine motor
control and the maintenance of the neuromuscular performance [28–31]. Consequently,
the modulation of intermuscular coupling may contribute to executing the fine movement
and further facilitating the motor recovery. Previous studies have indicated that visual
feedback exhibited influence on the intermuscular coupling. Chen et al. [32] recently noted
that subjects showed a reduction in beta-band motor unit coherence of the first dorsal
interosseus with the enhancement of visual feedback. Also, Nguyen et al. [33] illustrated a
reduction in the coherence between biceps muscles during bilateral elbow extension with
supplemental visual information. Subsequently, a myoelectric-controlled interface (MCI), a
kind of visual feedback tool conveying information of muscle activation, was introduced to
modulate the abnormal muscle activation with the control of EMG signals [10,34]. Stroke
patients have constructed to utilize the MCI to facilitate relearning and readapting the
normal muscle coordination pattern [35,36]. For example, Jian et al. developed a novel
MCI training paradigm specifically for the stroke patients, successfully mitigating the
abnormal antagonist activation due to the impaired inhibition mechanisms [37,38]. The
dimensionality of MCI, containing different visual feedback, was an important factor
that could affect movement performance. Previous studies have found that the better
performance was usually related with the higher dimensionality of visual feedback [39,40].
Despite previous reports confirming the ability of MCI to modulate muscle activation, the
effect of MCI dimensionality on the coupling between agonist and antagonist muscles has
not been fully elucidated.

This study sought to investigate the effect of MCI dimensionality on the intermuscular
coupling in the control subjects and stroke patients during a tracking task. Changes in
the dimensionality within the myoelectric-controlled interface (MCI) were associated with
varying visual feedback regarding muscle activation. Due to its superior capability in
detecting the coupling between signals during dynamic processes, wavelet coherence was
employed to quantify intermuscular coupling between the biceps and triceps. It was hy-
pothesized that stroke patients, compared to the controls, exhibited distinct intermuscular
coupling patterns between agonist and antagonist muscles. It was also predicted that the
increased dimensionality of MCI would lead to the intermuscular decoupling, suggesting
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that MCI training could be designed as a novel therapy to favor the functional recovery of
muscle coupling in post-stroke patients.

2. Methods
2.1. Participants

This study recruited stroke patients with the following inclusion criteria: (1) a mini-
mum of one-month onset; (2) normal hearing and normal or corrected-to-normal vision;
(3) absence of significant muscle tone increase (modified Ashworth scale, MAS > 2); (4) satis-
factory performance on cognitive functions (mini-mental state examination, MMSE > 23). In
total, eight stroke patients (two females and six males; mean age: 47.5 ± 16.2 years) and ten
right-handed age-matched controls (five females and five males; mean age: 53 ± 6.3 years)
joined in the study. Table 1 presents detailed information about the stroke patients. Prior to
the study, all participants were asked to provide written informed consent. The study was
approved by the Ethics Committee of the Guangdong Work Injury Rehabilitation Center.

Table 1. Detailed information of stroke patients.

Patients Sex Age Lesion Side Type of Stroke Months
after Stroke

UE-FMA
Score (0–66)

Patient 1 M 53 L Hemo 1.5 23
Patient 2 F 61 R Hemo 18 47
Patient 3 F 53 L Hemo 1.5 35
Patient 4 M 27 R Isch 1 23
Patient 5 M 25 L Isch 8 19
Patient 6 M 38 R Isch 3 61
Patient 7 M 71 R Hemo 12 54
Patient 8 M 52 L Isch 5 51

Abbreviations: F, female; M, male; R, right; L, left; Isch, ischemic stroke; Hemo, hemorrhagic stroke; FMA-UE,
Fugl–Meyer Assessment for Upper Extremity.

2.2. Experimental Procedure

Before the experiment, participants were asked to sit comfortably in front of a computer
screen for a short round of practice. Healthy participants were directed to position their
dominant arm on the horizontal armrest with the elbow flexed at 90◦ and the shoulder
abducted at 90◦ [41]. Stroke patients were instructed to place their impaired arm in the same
configuration. All participants were required to grasp a handle attached to the armrest,
adjustable to their forearm length. Belts were utilized to secure the elbow, forearm, and
wrist in place.

Two circular silver–silver chloride (Ag–AgCl) electrodes were affixed in parallel to
the biceps and triceps bellies after skin preparation with alcohol. Surface electromyogram
(EMG) signals were recorded using a customized EMG amplifier, sampled by a data
converter (DAQ USB-6341, National Instrument Corporation, Austin, TX, USA) with 16-bit
resolution at a rate of 1000 Hz, and stored in a computer through a LabVIEW program
(LabVIEW 2012, National Instruments Corporation, Austin, TX, USA). The screen in front
of the participants displayed the myoelectric-controlled interface (MCI), containing a two-
dimensional coordinate system and two square cursors (1 cm × 1 cm in size): a red cursor
for the target and a green cursor for user control. The normalization activation of the
triceps and biceps was mapped to the x-axis and y-axis of the two-dimensional coordinate
system, respectively.

Prior to the experiment, participants engaged in a short practice session, refining their
ability to control a green cursor to closely follow a red target. This movement of the green
cursor was achieved through the activation of the biceps and triceps. At the experimental
beginning, participants executed three 5 s maximal voluntary contractions (MVCs) tasks,
incorporating a 2 min interval between each trial. The maximal EMG amplitude over
three trials was recorded and utilized to normalize the activation of the biceps and triceps
for subsequent tracking tasks. To mitigate fatigue, the maximal muscle activation was set
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at 15% MVC [42]. Subsequently, participants were directed to execute isometric elbow
flexion and extension to track the target cursor under varying visual feedback conditions
(one-dimensional and two-dimensional, denoted as 1D and 2D, respectively). With one-
dimensional visual feedback of agonist activation, the manipulable cursor was restricted to
movement along either the x-axis or y-axis, reflecting the control solely by the activation
of agonist muscles. With two-dimensional visual feedback of agonist and antagonist
activation, the manipulable cursor moved across the 2D coordinate plane, reflecting the
control concurrently by the activation of both agonist and antagonist muscles. Figure 1a,c
depicts the elbow flexion task, illustrating the triceps as the agonist muscles and the biceps
as the antagonist muscles. In Figure 1b,d, the elbow extension task is presented, with biceps
serving as the agonist muscles and triceps as the antagonist muscles.
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Figure 1. Example scenes of four types of visual feedback. One-dimensional MCI, in which the red
cursor represents the target cursor, and the green cursor represents the manipulable cursor moving
along the dashed line during flexion (a) and extension (b); two-dimensional MCI, in which the green
cursor moves in the 2D coordinate system during flexion (c) and extension (d).

In the tracking task, the target cursor executed a linear movement from the origin to
the end of the x-axis (15% MVC, 0) or from the origin to the end of the y-axis (0, 15% MVC)
continuously at a constant speed. Participants were instructed to incrementally activate the
agonist muscles from 0 to 15% MVC within 0–5 s, followed by a gradual relaxation and
return to the origin within the next 5 s. Each trial spanned 30 s and encompassed three
repetitions of the aforementioned process. Participants were randomized to perform a total
of 20 trials, with a 30 s break interposed between each trial.

2.3. Wavelet Coherence

To examine the coupling between nonstationary EMG signals, the wavelet coher-
ence [43] was introduced, which is a measurement of the coherency between two time
series in the time–frequency space, defined as follows:

WC2
xy(t, f ) =

∣∣SWxy(t, f )
∣∣2

SWxx(t, f )× SWyy(t, f )
(1)

where SWxy(t, f ) is the cross-wavelet spectrum between x(t) and y(t), and SWxx(t, f )×
SWyy(t, f ) are the auto-wavelet spectrum of x(t) and y(t).

Then, the binary wavelet coherence BWCxy(t, f ) in the time–frequency domain was
calculated as follows:

BWCxy(t, f ) =

{
1 WCxy(t, f )− TS > 0
0 WCxy(t, f )− TS ≤ 0

(2)
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where the threshold, denoted as TS, serves as a criterion for binary wavelet coherence,
facilitating the identification of synchronous oscillations. A positive outcome, evident when
the wavelet coherence value exceeds TS, signifies the statistical significance (p = 0.05) of
synchronous oscillations within the examined time series. Conversely, a negative outcome
indicates the absence of synchronous oscillations between the time series. For the purposes
of this investigation, the predetermined threshold TS was precisely specified at 0.6039 [8].

The wavelet coherence values were divided into distinct frequency segments (alpha
band: 8–12 Hz, beta band: 15–35 Hz [20]) for a more detailed analysis of the functional
coupling between biceps and triceps. Based on the average of binary wavelet coherence
BWCxy(t, f ) within the frequency domain, the averaging wavelet coherence in designated
frequency segments AFWCxy(t) was calculated through the subsequent equation:

AFWCxy(t) =
1

h − g

∫ h

g
BWCxy(t, f )d f (3)

where g delineates the lower bounds and h delineates the upper bounds of the fre-
quency segments.

2.4. Statistical Analysis

EMG signals were firstly high-pass filtered at 5 Hz using a fourth-order Butterworth
band-pass filter, followed by a notch filter at 50 Hz to eliminate low-frequency artifacts
and power-line interference. The averaging binary wavelet coherence AFWCxy in vari-
ous frequency segments of EMG signals was analyzed in MATLAB (MathWorks™ Inc.,
Natick, MA, USA, https://www.mathworks.com/products/matlab.html (accessed on
5 August 2024)).

The root mean square error (RMSE) between the target cursor and tracking cursor was
employed to assess the overall motor performance [44]. According to the two-dimensional
coordinate system, RMSE in the x-axis and y-axis was calculated, respectively. The smaller
RMSE was linked with the better tracking performance. The RMSE of each trial was
calculated and was averaged as the behavioral metric for further analysis.

Statistical analyses were conducted using SPSS 26.0 (SPSS Inc., Chicago, IL, USA).
To assess the effect of the group (controls and stroke patients) and visual dimensionality,
a Mann–Whitney U-test was employed on RMSE values and alpha-band and beta-band
wavelet coherence values. Also, a Wilcoxon signed rank test was used to analyze the effect
of visual dimensionality (1D and 2D) within the same group. Statistically, the significant
level was set at p < 0.05.

3. Results

Figure 2 displays the distinctive muscle activation situations of agonist muscles,
accompanied by the electromyographic (EMG) signals of the biceps and triceps. Moreover,
it illustrates the binary wavelet coherence in the alpha and beta band during an elbow
flexion task within the one-dimensional interface (1D-MCI). The presented data were
obtained from two representative in the controls and stroke patients.

Figure 3 displays the averaging binary wavelet coherence AFWCxy in the alpha and
beta bands between biceps and triceps in the elbow flexion and extension task within both
1D and 2D MCI. The wavelet coherence in the alpha and beta rhythm exhibited similar
temporal changes between controls and stroke patients in the elbow flexion task. However,
in the extension task, the wavelet coherence demonstrated different temporal changes. The
controls exhibited higher AFWCxy in the alpha band than stroke patients within both 1D
and 2D MCI. However, in the beta band, both the controls and stroke patients exhibited
similar lower AFWCxy in both 1D and 2D MCI conditions. These results indicate that
regardless of MCI dimensionality, controls and stroke patients adopted a similar functional
coupling pattern to execute the elbow flexion task. However, during elbow extension,
stroke patients consistently exhibited a lower functional coupling between biceps and
triceps compared to the controls.

https://www.mathworks.com/products/matlab.html
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Figure 2. Typical muscle activation, EMG signals of the biceps and triceps, and the binary wavelet
coherence in the alpha and beta bands recorded during an 1D elbow flexion task. Control: a healthy
subject; stroke: a stroke patient. Target activation: 15% MVC; Std: the standard deviation calculated
from target activation and muscle activation.

Figure 4 displays the bar plots of RMSE of agonist and antagonist muscles in two
groups under both conditions, and Figure 5 displays the bar plots of RMSE of antagonist
muscles along the x-axis and y-axis, respectively, in both groups. The Mann–Whitney
U-test revealed that the RMSE values of the controls were significantly smaller than those
of patients during all tasks (Flexion_1D: p = 0.043; Flexion_2D: p = 0.004; Extension_1D:
p = 0.001; Extension_2D: p = 0.003, Figure 4). Regarding the RMSE of antagonist muscles
along the x-axis and y-axis, the Wilcoxon signed rank test showed that compared to 1D MCI,
RMSE decreased in the patients within 2D MCI during elbow flexion. In addition, there
was no significant results between other RMSE, though it was observed that compared to
1D MCI, RMSE consistently decreased within 2D MCI.

For the alpha-band coherence, there was no significant differences between the controls
and patients during the elbow flexion task, whereas a significantly higher coherence in
the controls than the patients was observed within both 1D and 2D MCI (1D: p = 0.004,
2D: p = 0.034, Figure 6a). Also, there was a significant reduction in alpha-band coherence
of the controls as the dimensionality increased in the elbow extension task (p = 0.005,
Figure 6a). In addition, for the beta-band coherence, the controls showed a significantly
higher coherence than the patients in the 2D MCI during elbow extension. Figure 6 displays
the mean coherence values in the same group within different dimensional MCIs.
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4. Discussion

In this study, wavelet coherence was utilized to analyze the intermuscular coupling
between agonist and antagonist muscles within nonoverlapping frequency segments within
both 1D and 2D MCI. The differences in tracking errors and intermuscular coherence
between controls and stroke patients were systematically assessed to investigate how
stroke affected the motor performance as well as intermuscular coordination.

4.1. Effect of Stroke on the Intermuscular Coupling of the Synergistic Muscles

Compared with healthy controls, stroke patients showed greater tracking errors in each
condition. Our findings provided additional evidence suggesting that patients exhibited a
poor control of muscle activation [13,45]. A coordinated movement consistently exhibited
characteristics that were able to maintain an appropriate movement trajectory [6]. How-
ever, the unstable neuromuscular control pattern after stroke may compromise the ability,
resulting in diminished motor performance. Indeed, the reduced wavelet coherence values
in the patients, as opposed to controls, served as explicit evidence of the compromised
muscle coordination mechanism.

Additionally, it is worth noting that the tracking errors of antagonist muscles mapped
to the x-axis or y-axis in elbow flexion and extension did not reach statistical significance
with the increase in dimensionality of MCI (1D→2D) in both controls and stroke patients.
Statistically, the relatively small sample size limited the ability to detect differences in the
visual dimensionality. Nevertheless, a consistent tendency of reduced tracking errors of the
antagonist muscles was observed during 2D MCI in both controls and patients. This result
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aligned with previous findings [39,46,47] that subjects exhibited improved performance
when given 2D instead of 1D visual feedback. A possible speculation about the reduced
tracking errors was that 2D MCI promoted the motor correction and enhanced muscle
coordination, thereby optimizing the tracking accuracy, through supplying more sufficient
visual feedback information about antagonist muscles’ activation compared to 1D MCI.

On the muscle activation level, previous electrophysiology studies have found ab-
normal muscle activation patterns [13,48] and weak functional coupling [49–51] in stroke
patients. Consistent with these findings, our results showed that stroke patients exhibited
lower alpha- and beta-band wavelet coherence than the controls in the extension task. Ow-
ing to the fact that intermuscular coupling was a measure of the amount of common central
drive to the muscles [52], the muscle-specific abnormality in functional coupling could be a
reflection of inability to compensate for the reduced corticospinal input by compensatory
mechanisms after stroke [53], which was reflected by the lower intermuscular coupling
strength or the altered muscle networks [54,55]. Hence, the post-stroke impairment in
motor control function weakened the intermuscular coupling of biceps and triceps. Re-
garding the alpha- and beta-band coherence, most studies on corticomuscular coherence
have shown that low-frequency oscillations of the neuromuscular signal originated from
the central nervous system [56,57]. Indeed, the EMG oscillations at the alpha band were
derived from the motor cortex [19]. Another beta-band coherence originated from central
motor neural pathways, reflecting the common central drive through an intact corticospinal
tract [21,58,59]. However, in the lesioned hemisphere after stroke, the structural integrity
of corticospinal tracts had diminished [60], and the motor area exhibited permanent and
irreversible damage. Consequently, stroke patients exhibited weak intermuscular coherence
compared to the controls, suggesting an impediment in the transmission of motor control
information from the central nervous system (CNS). This may result in a reduction in
cortical descending drive, thereby weakening muscle coupling.

4.2. Effect of MCI Dimensionality to the Intermuscular Coupling in Alpha and Beta Band

In the present study, wavelet coherence was utilized to analyze the dynamic intermus-
cular coupling across time and frequency domains. The integration in wavelet coherence
reduced the correlation bias, enhancing the capacity of wavelet coherence to yield a more
accurate localized correlation within the time–frequency domain [61]. Unlike conven-
tional coherence method, wavelet coherence could effectively capture transient phenomena,
thereby providing a comprehensive description of the EMG signals interactions.

The results showed that as MCI dimensionality increased, a significant decrease in
the alpha-band coherence was only observed in the controls during the elbow extension.
Nevertheless, a consistent decrease, though lacking statistical significance, was found in
the stroke patients in the elbow extension task. The results collectively suggest that all
participants could recognize the abnormal muscle coactivation and successfully decouple
the target muscle pairs within 2D MCI. Consistent with our study, Watanabe et al. noted
that increased visual feedback information was associated with decreased EMG–EMG
coherence across all subjects [62]. Additionally, 2D MCI played an important role in
diminishing the abnormal muscle coactivation in stroke patients [37,63]. These findings
could be linked to a reduction in muscle coupling in response to increased visual feedback.
Within 2D MCI, not only agonist activation but also antagonist activation was provided in
real time during the task. The extra feedback of antagonist may help patients modulate the
muscles’ activation and finally coordinate the muscle coupling better, which was observed
as the decreased intermuscular coherence in 2D MCI.

As previously shown [19], the EMG oscillations at a range of 6 to 12 Hz originated from
the motor cortex, suggesting a transmission of the alpha-band oscillations from the motor
cortex to the muscles [64]. The brain activity at alpha band is considered to be related to
visual attention and cognitive processing [65,66]. Increased visual feedback may cause the
higher cognitive load [67,68]. Furthermore, a previous study showed that increased visual
feedback may contribute to the motor error correction, reflected by an increased activation
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in most regions of the motor area [69]. The increased cortical activation in the primary
motor cortex, in turn, could result in the decreased antagonist activation [37], indirectly
influencing the intermuscular coupling. In the present study, a reduction in the alpha-band
wavelet coherence was observed only in the controls with the increase in dimensionality in
MCI. It is likely that increased visual feedback in 2D MCI during a tracking task facilitated
the motor correction processing or cognitive processing, thus resulting in the influenced
activity of the brain in the alpha band and the eventual affected alpha-band coherence.
However, a similar reduction in the beta-band coherence was not significant in this study.
In a previous study, the beta-band coherence was thought to be a pure cortical drive
for the stable motor output, without relationship of cognition [70]. Consequently, our
findings suggested that the cognition ability was an important factor in modulating the
intermuscular coupling in the various conditions of different dimensionalities.

4.3. Clinical Implication and Limitations

Wavelet coherence exhibited superiority in discerning transient interactions between
signals compared to traditional coherence, capable of indicating muscle coupling in both
time and frequency domains during dynamic processes. In this study, the application of
wavelet coherence revealed the effect of MCI dimensionality on the post-stroke intermus-
cular coupling during a tracking task. Interestingly, with additional visual feedback of the
antagonist activation in 2D MCI, the controls and stroke patients adjusted muscle coupling
patterns, possibly through descending neural pathways. These findings suggest the poten-
tial of wavelet coherence as a reliable biomarker for assessing the intermuscular coupling
and further speculating on the corticomuscular interaction in the clinic. Furthermore, the
rehabilitation training based on the MCI system may hold promise for reducing post-stroke
motor abnormality and facilitating the recovery of muscle function. Future work would
target a broader participant recruitment, encompassing individuals with mild, moderate,
or severe stroke, to enhance comprehension regarding the potential contributions of the
MCI system to the restoration of independent muscle function post-stroke.

5. Conclusions

In the present study, wavelet coherence was used to examine the intermuscular cou-
pling between agonist and antagonist muscles in the controls and stroke patients during a
dynamic tracking task. The 2D MCI could assist patients to adjust the muscle coupling by
concurrently activating the agonist muscle and inhibiting the antagonist muscle. This find-
ing implies that MCI holds promise as a novel tool for improving intermuscular coupling
in stroke rehabilitation.
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