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Abstract
Background  A given movement requires precise coordination of multiple muscles under the control of center 
nervous system. However, detailed knowledge about the changing characteristics of neuromuscular control for multi-
muscle coordination in post-stroke hemiplegic patients during standing is still lacking. This study aimed to investigate 
the hemiplegia-linked neuromuscular dysfunction during standing from the perspective of multi-muscle dynamical 
coordination by utilizing a novel network approach – weighted recurrence network (WRN).

Methods  Ten male hemiplegic patients with first-ever stroke and 10 age-matched healthy male adults were 
instructed to stand on a platform quietly for 30 s with eyes opened and eyes closed, respectively. The WRN was 
constructed based on the surface electromyography signals of 16 muscles from trunk, hips, thighs and calves. 
Relevant topological parameters, including clustering coefficient (C) and average shortest path length (L), were 
extracted to evaluate the dynamical coordination of multiple muscles. A measure of node centrality in network 
theory, degree of centrality (DC), was innovatively introduced to assess the contribution of single muscle in the multi-
muscle dynamical coordination. The standing-related assessment metric, center of pressure (COP), was provided by 
the platform directly.

Results  Results showed that the post-stroke hemiplegic patients stood with remarkably higher similarity of muscle 
activation and more coupled intermuscular dynamics, characterized by higher C and lower L than the healthy 
subjects (p < 0.05). The DC values and rankings of back, hip and calf muscles on the affected side were significantly 
decreased, whereas those on the unaffected side were significantly increased in hemiplegia group compared with the 
healthy group (p < 0.05). Without visual feedback, subjects exhibited enhanced muscle coordination and increased 
muscle involvement (p < 0.05). A decrease in C and an increase in L of WRN were observed with decreased COP areas 
(p < 0.05).

Conclusions  These findings revealed that stroke-induced hemiplegia could significantly influence the 
neuromuscular control, which was manifested as more coupled intermuscular dynamics, abnormal deactivation of 
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Introduction
Postural control is a primary request of standing bal-
ance maintenance and is vulnerable to stroke. Post-stroke 
patients usually exhibit increased body sway, weight-
bearing asymmetry, decreased limits of stability, body 
tilting and even falls [1–3]. The motor system, involving 
muscles, bones and joints, can generate a corrective, sta-
bilizing torque to maintain the postural stability and ori-
entation within the base of support [4]. To understand 
the mechanisms underlying postural control would help 
develop more indicators of motor functions relevant to 
impaired standing balance control and improve the effi-
ciency of standing recovery after a stroke.

Postural control requires temporal and spatial coor-
dination of multiple muscles. However, the damage to 
the pyramidal system and (or) extrapyramidal system 
in stroke survivors leads to interruption of descend-
ing motor paths and decreased common motoneuronal 
drives, ultimately manifesting as altered multi-muscle 
coordination [5, 6]. As one of the main motor behaviors 
for postural control, muscle synergies during walking 
has been studied in some depth. Asymmetric gait occurs 
after a stroke, as evidenced by differences in muscle syn-
ergies between sides. Compared with the affected side, 
muscle synergies related to unaffected side of hemiplegic 
patients were more similar to those of healthy individuals 
[7]. Besides, muscle synergies may merge after a stroke. 
It has been verified that fewer muscle synergies were 
needed to account for the whole muscle activity on the 
affected side when compared to the unaffected side [8], 
and rehabilitation training could significantly increase the 
number of muscle synergies during walking [9]. Upright 
standing can be approximated to a single inverted pen-
dulum, with high demand on the coordination of muscles 
on trunk, hips, thighs and calves to counter gravity [10]. 
Surface electromyography (sEMG) studies in the stand-
ing position of post-stroke patients mainly focused on 
single-muscle activation and two-muscle coupling. Spe-
cifically, post-stroke patients have lower muscle acti-
vation and greater synchronous control between the 
antagonistic muscles on the affected lower limb [11, 12]. 
Stroke-related characteristics in muscle coordination 
during standing has been relatively less studied. Most 
of the research on muscle synergies during standing in 
post-stroke patients are generally combined with other 

tasks, such as reaching from standing, sit-to-stand transi-
tion and standing under disturbance [13–15]. The multi-
muscle coordination of hemiplegic patients performing 
simple standing task is in urgent need of study.

Quantification of multi-muscle coordination relies 
on appropriate analytical tools. Previous studies about 
multi-muscle coordination are mostly based on non-
negative matrix factorization (NMF), principal compo-
nent analysis (PCA) and spectral coherence [6, 16, 17]. 
Tasks that are better analyzed by NMF and PCA are 
dynamic tasks, such as walking, running, pedaling and 
standing under perturbation [15, 18, 19]. These tasks sat-
isfy the requirement of variation in activation amplitude 
for NMF and PCA to correctly identify synergy vectors 
of muscles [20–22]. When processing relatively steady 
sEMG signals, the role of NMF and PCA are very lim-
ited [23]. Besides, NMF and PCA are sensitive to the data 
length and signal quality of sEMG, thereby showing low 
robustness and repeatability in experimental studies [24]. 
Linear spectral coherence analysis assumes that a vari-
ety of muscles are coupled by linear relation, omitting 
the synchronizations between muscle complex. There-
fore, some nonlinear analytical tools that are not based 
solely on signal amplitude and frequency variability, such 
as recurrence-based analysis, were proposed to assess 
the dynamical coordination of nonlinear, nonstationary 
neurophysiological signals [25, 26]. Recurrence-based 
analysis methods showed unique advantages in detec-
tion of the state changes in drifting dynamical motor sys-
tems and measurement of the rule-obeying structures in 
motor commands, especially for movements with little 
variation in sEMG signal amplitude [25–27]. By a careful 
choice of the setup parameters, recurrence-based analy-
sis methods are relatively immune to noise [26]. However, 
these recurrence-based analysis methods had difficulty in 
describing detailed changes in specific muscles. In the 
examination of postural control during standing, there is 
a need to develop novel methods that can provide holistic 
and detailed information on intermuscular coordination.

Network analysis has its origins in graph theory and 
describes the spatiotemporal relationships between sys-
tem elements through holistic and detailed character-
istics, enabling in-depth exploration of the structure, 
behavior and function of systems [28, 29]. In the analysis 
of human electrophysiological signals, network analysis 

muscles on affected side and compensation of muscles on unaffected side from the perspective of multi-muscle 
coordination. Enhanced multi-muscle dynamical coordination was strongly associated with impaired postural 
control. This study provides a novel analytical tool for evaluation of neuromuscular dysfunction and specification of 
responsible muscles for impaired postural control in stroke-induced hemiplegic patients, and could be potentially 
applied in clinical practice.
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has been widely used to characterize the organization of 
distributed brain activity [30]. In the last decade, muscle 
networks have been gaining attention and have provided 
powerful tools for monitoring the spatiotemporal syner-
getic relationships of multiple muscles [31–35]. Most of 
existing literature decodes functional muscle connectiv-
ity by linear spectral coherence and NMF [31, 33, 34, 36]. 
Recently, a novel multiplex recurrence network (MRN) 
approach has be proposed by combining dynamical 
recurrence with a multiplex network [37]. The MRN is 
suitable for the analysis of neurophysiological dynamics. 
It maps multivariate time series into phase space simul-
taneously to obtain trajectories and reveals the interac-
tions of multiple subsystems through subtle recurrence 
features between trajectories, providing a new way to 
identify the structural and temporal characteristics of 
intermuscular dynamical coordination [25, 38]. In one 
of our previous studies, we employed the MRN to assess 
the intermuscular coordination for both grip and pinch 
at different force levels, and found that MRN could better 
explore the tiny changes of muscle coordination within 
a short time muscle contraction (less than 500 ms) com-
pared with the NMF and PCA [39]. An intriguing issue is 
whether the MRN could provide insights into the inter-
muscular coordination of multiple muscles responsible 
for postural control and promote the evaluation of bal-
ance capacity for post-stroke patients.

Strongly shaped by the anatomical constraints of the 
musculoskeletal system and affected by tasks, the mus-
cles of the functional network usually show unbalanced 
contributions [33]. Identifying the responsible muscles 
for abnormal coordinated actions may aid in develop-
ing more effective treatment programs of rehabilita-
tion for patients with stroke. Using metrics that could 
measure the importance of nodes in the network, such 
as the degree of centrality (DC), the specific contribu-
tions of nodes in a network would be quantified and 
the abnormal function of nodes could be identified [40]. 
Unfortunately, little is known whether the contributions 
of multiple muscles involved in postural control during 
standing could be indexed, or the stroke-related impaired 
muscles could be identified.

The aim of this study was to evaluate the multi-muscle 
coordination for postural control during standing and to 
identify the abnormal muscle functions due to stroke. A 
weighted recurrence network (WRN) was constructed to 
analyze the dynamical coordination of multiple muscles 
responsible for standing balance. The DC was imple-
mented to index the contributions of specific muscles in 
WRN. It was hypothesized that stroke would affect the 
dynamical coordination patterns for postural control, 
and it was also hypothesized that responsible muscles for 
impaired coordination after a stroke could be identified 
by using this novel method.

Methods
Subjects
Ten male hemiplegic patients and 10 healthy adults 
were recruited as the hemiplegia group and the control 
group, respectively. The inclusion criteria for post-stroke 
patients were as follows: (1) hemorrhagic or ischemic 
stroke confirmed by cranial computed tomography or 
magnetic resonance imaging; (2) first-ever stroke; (3) 
standing balance level II or III. The inclusion criteria 
for healthy adults were as follows: (1) gender and age 
matched to the patients; (2) neurologically intact. The 
exclusion criteria for all subjects were as follows: (1) post-
stroke patients with lesion location in the cerebellum 
or brainstem; (2) history of lower extremity neurologic, 
musculoskeletal system diseases or injuries; (3) severe 
lumbar and cervical spine diseases; (4) lower extrem-
ity pain; (5) dizziness or vestibular system disorders; 
(6) recent use of medicine affecting balance control; (7) 
severe visual deficits. All participants gave their informed 
consent before the experiment. The characteristics of 
participants are listed in Table  1. The stroke type and 
lesion location of patients were determined with the help 
of brain imaging from the Department of Rehabilitation 
Medicine, Affiliated Suzhou Hospital of Nanjing Medical 
University. The affected side of post-stroke patients were 
more carefully confirmed by the professional therapists 
according to the lesion location and clinical symptoms. 
The study was performed with the approval of the Eth-
ics Committee of Affiliated Suzhou Hospital of Nanjing 
Medical University according to the Declaration of Hel-
sinki (K-2022-161-K01).

Experimental set-Up
Sixteen wireless sEMG electrodes (Trigno™, Delsys, USA) 
were placed on the muscle bellies of obliquus externus 
abdominis (OE), longissimus (LO), gluteus maximum 
(GMA), gluteus medius (GME), rectus femoris (RF), 
biceps femoris (BF), tibialis anterior (TA) and gastroc-
nemius caput mediale (GM) (Fig.  1a). The placement 
of electrodes followed the guidelines of the European 
SENIAM (surface EMG for non-invasive assessment of 
muscles) project [41]. For optimal sEMG signal record-
ings, the skin covering the target muscles were shaved, 
scrubbed and cleaned. All the 16-channel sEMG signals 
were synchronously recorded at 1926  Hz. The ProKin 
platform system (ProKin 254, TecnoBody, Italy) was 
applied to evaluate the bipedal stance static balance and 
measure the area of the center of pressure (COP).

Test protocol
Before the test, experimental staff placed four fixed locks 
beneath the balance board of the ProKin system and 
assisted the subjects in placing their foot on the pre-
scribed position as instructed in the ProKin operating 
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manual: (1) the center axis of the feet is located on the 
A1 and A5 lines of the balance platform; (2) the highest 
points of the bilateral arches of the feet are located on 
the A3 and A5 lines of the balance platform; (3) the angle 
between the feet is 60 degrees; (4) the medial edges of the 
feet are 10 cm apart.

Subjects were instructed to stand still with both upper 
limbs hanging down naturally at the sides of the body 
and eyes looking straight ahead. During the standing 
test, the wireless sEMG system and the platform system 
were turned on synchronously to collect sEMG signals 
and assess bipedal static standing balance, respectively. 
Each subject was tested with two visual conditions – eye-
opened (EO) and eye-closed (EC). For the EO test, sub-
jects were instructed to stare at a ‘marker’ on the wall 
1.5 m ahead for 30 s (Fig. 1b). For the EC test, the sub-
jects’ eyes were covered with a blindfold for 30 s. The EO 
and EC tests were repeated 3 times alternately. One min 
sitting break was provided between trials. All subjects 
successfully completed all tests.

Data analysis
For data pre-processing, the middle 20  s of 16-channel 
sEMG signals were retained. A fourth-order Butterworth 
band-pass filter at 20–500  Hz was applied to eliminate 
potential low-frequency noises and high-frequency inter-
ferences [42, 43]. A notch filter was used to remove the 
50 Hz power line noise.

For m-channel sEMG signals {v (t)} , each channel of 
sEMG time series v could be reconstructed as a trajec-
tory in high-dimensional phase space according to Tak-
en’s time delay theory [44]. The high-dimensional vector 
u of the trajectory can be constructed by the following 
formula:

	 ui = [vi, vi+τ , . . . , vi+(d−1)τ ]� (1)

Where i = 1, 2, . . . , N − (d − 1) τ , and N is the length 
of the sEMG time series v. The time delay τ was set at 5 
samples using mutual information [45], the embedding 
dimension d was set at 4 using false nearest neighbors 
[4, 45]. The spatial relationship between any two points i 
and j of the high-dimensional trajectory u could be repre-
sented by the adjacent matrix A:

	 Ai,j = Θ
(
ε −

∥∥u′
i − u′

j

∥∥)
− δ � (2)

Where ‖·‖  is Euclidean distance, ε  is a threshold value 
and was set at 80% of the maximum phase space radius 
according to experience [46], Θ is Heaviside function, 
and δ  is Kronecker delta symbol. The value of Ai, j equals 
to 1 if the distance between nodes i and j is less than or 
equal to ε , whereas the value of Ai, j equals to 0 if the dis-
tance between nodes i and j is more than ε . Considering Ta
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the adjacency matrix A of each sEMG time series as a 
binary network, there is a connection between nodes i 
and j if Ai,j = 1, whereas there is no connection between 
nodes i and j if Ai,j = 0.

The similarity of node degree distributions between 
two binary networks of each two sEMG times series 
could reflect the similarity of dynamical structure 
between two muscles’ activation. In this study, the mutual 
information (I) was chosen to quantitatively measure the 
similarity of node degree distributions between binary 
networks of two muscles. Given a pair of muscles α and 
β, the I between the two muscles can be derived as:

	
Iα,β =

∑

k[α]

∑

k[β]

P
(
k[α], k[β]

)
log

P
(
k[α], k[β]

)

P
(
k[α]

)
P

(
k[β]

)� (3)

where P
(
k[α]

)
 and P

(
k[β]

)
 are the degree distribution 

probabilities of binary networks Aα  and Aβ , respectively. 
The P

(
k[α], k[β]

)
 is the joint degree distribution prob-

ability of the existence of nodes with degree k[α] in binary 
network Aα  and k[β] in binary network Aβ . The values 
of I are non-negative. Generally, the higher I represents 
higher similarity of the dynamical structures between 
two muscles’ activation.

A m-node undirected WRN could be constructed by 
treating the muscles as nodes and the intermuscular I as 
the corresponding weights of the edges. In this study, the 
visualization threshold for WRN edges was empirically 
set to 60% of the maximum value of all network edge 
weights for all subjects. It was 0.45 in this study. Figure 2 

illustrates the WRNs of representative subjects, including 
a post-stroke patient and a healthy adult. The affected and 
unaffected sides of the healthy controls were determined 
to be consistent with matched hemiplegic patients. For 
example, if the affected side of the hemiplegic patient 
was the left side, the left side of the matched control was 
defined as affected side and selected for subsequent com-
parison, and vice versa. Since there was no pathologically 
affected side in the healthy controls, we referred to the 
two sides of the control group as the matched-affected 
side and the matched-unaffected side, respectively.

The structural characteristics of WRN can be described 
by the clustering coefficient (C) and average shortest path 
length (L) as follows:

	
C =

1
m

∑

α

1
kα (kα − 1)

∑

β

∑

γ

(Iα,βIβ,γIα,γ)
1
3
� (4)

where kα  is the degree of node α.

	
L =

∑

α,β∈V

d (α, β)
m (m − 1)� (5)

where V is the set of all nodes of WRN, d(α, β) is the 
weighted shortest path length between nodes α and β. 
The traditional C and L quantify the agglomeration of 
nodes and the efficiency of information flow in a net-
work, respectively. Since the construction of WRN is 
based on the I of sEMG time series in this study, the C 

Fig. 1  Experimental set-up. (a) The positioning of sEMG electrodes; (b) The standing balance test
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and L are strongly related to the dynamical similarity and 
coupling of overall muscle activation, i.e. the higher C 
and the lower L, the higher similarity of muscle activation 
and the more coupled intermuscular dynamics.

In order to quantify the contribution of single muscle 
in the multi-muscle dynamical coordination, we intro-
duced DC to the WRN. The DC of muscle α in the WRN 
is defined as:

	
DCα =

∑

β∈V

wα,β � (6)

where wα,β is the weight of edge between nodes α and β. 
Here, it equals to Iα,β. According to this formula, the DC 
values are closely associated with the weights of edges. In 
order to minimize the effects of weights of edges on DC 
values and avoid erroneous results from directly compar-
ing the DC values of different networks, we normalized 
the DC values into the range from 0 to 1 in a way that the 
original DC values of all nodes in one WRN were divided 
by the maximum DC value of the same WRN.

The sEMG data for each trial were segmented through 
a sliding window with a size of 1000 sample points and 
an overlap of 250 sample points. The segmented data 
were used to build the WRN and to extract the network 
parameters. In this study, we constructed the WRN from 
all 16-channel sEMG signals. The average of network 
parameters obtained from all sliding windows was taken 
as the result of one trial, and the average of network 
parameters from 3 trials under same test condition was 
used as the final result for that subject. The adjacency 

matrix A of single-channel sEMG signal was constructed 
using cross-recurrence plot toolbox 5.1 (MATLAB 
R2020a, The Mathworks, Natick, MA, USA). The area of 
COP was extracted directly from the bipedal stance static 
balance report provided by the ProKin system without 
additional calculation.

Statistical analysis
The statistical analyses were performed by SPSS 26.0 
(SPSS Inc., Chicago, USA). A Shapiro-Wilk test was 
applied to verify the normal distribution of the data. For 
C and L of WRN, a two-way repeated measures ANOVA 
was applied to examine the effects of group and vision. A 
three-way repeated measures ANOVA was performed to 
evaluate the effects of group, side and vision on the nor-
malized DC values of all muscle. Post hoc tests with the 
Bonferroni were used for all pairwise comparisons. A 
Pearson correlation analysis was utilized to analyze the 
correlations between holistic topological parameters of 
WRN and the area of COP. A p-value less than 0.05 was 
considered to be statistically significant.

Results
The functional connections of WRN of representative 
subjects were illustrated in Fig. 2. The functional muscle 
networks of representative hemiplegic patient showed 
more severe edge asymmetry between the affected and 
unaffected sides. Compared with the affected side, the 
post-stroke patient had more high-weighted connections 
between muscles on the unaffected side in both EO and 
EC conditions (Fig.  2). By contrast, the representative 

Fig. 2  Visualization of the WRN for representative subjects. (a) EO condition; (b) EC condition
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healthy adult showed relatively symmetric network con-
nections (Fig.  2). Visual conditions can affect the func-
tional muscle networks. Removing the visual feedback 
increased the number and weight of edges in both hemi-
plegic patient and healthy adult, as can be observed from 
the fact that both the number and thickness of links in 
the WRN were greater in the EC condition than in the 
EO condition (Fig. 2).

Quantifications of WRN parameters for both groups 
under different visual conditions are presented in Fig. 3. 
The interaction effect of group×vision was found on clus-
tering coefficient C (F1,18 = 6.032, p = 0.024), whereas the 
main effects of group and vision were found on average 
shortest path length L (groups: F1,18 = 4.747, p = 0.043; 
visual conditions: F1,18 = 24.220, p < 0.001). Compared 
with the healthy subjects, the post-stroke patients showed 
significantly higher C and lower L only for the EC condi-
tion (C: p = 0.048; L: p = 0.032). No significant difference 
was found in C (p = 0.480) or L (p = 0.081) between the 
two groups under the EO condition. Removal of visual 
feedback could lead to an increase in C and a decrease 
in L for the hemiplegia group (C: p = 0.007; L: p = 0.001), 
and a decrease in L for the control group (p = 0.008). 
More information of ANOVA statistical results is listed 
in Additional file 1.

The three-way ANOVA test for normalized DC val-
ues of WRN were given in Table  2. The interaction of 
group, side and vision had a statistically significant effect 
only on the normalized DC values of OE and LO (OE: 
F1,18 = 8.496, p = 0.009; LO: F1,18 = 8.769, p = 0.008). An 
interaction effect between group and side was observed 
on the GMA, GME, TA and GM (GMA: F1,18 = 4.901, 
p = 0.040; GME: F1,18 = 12.230, p = 0.003; TA: F1,18 = 
12.189, p = 0.003; GM: F1,18 = 16.718, p = 0.001). The inter-
action effect between group and vision was observed 
on the GME and TA (GME: F1,18 = 5.767, p = 0.027; TA: 
F1,18 = 6.823, p = 0.018). A significant difference between 
the patients and controls was observed in the normal-
ized DC values of GMA and GM (GMA: F1,18 = 5.575, 
p = 0.030; GM: F1,18 = 8.988, p = 0.008). The main effect of 

side was observed on muscles BF, TA and GM, indicating 
a significant effect of side on the normalized DC values 
of BF, TA and GM (BF: F1,18 = 10.361, p = 0.005; TA: F1,18 
= 6.216, p = 0.023; GM: F1,18 = 7.327, p = 0.014). An effect 
of vision was found on the normalized DC values of TA 
and GM (TA: F1,18 = 10.604, p = 0.004; GM: F1,18 = 19.905, 
p < 0.001). Specifically, the normalized DC values of 
GMA and TA on the unaffected side of hemiplegia group 
were significantly higher than those of control group 
(GMA: p = 0.011; TA: p < 0.001). In hemiplegia group, 
the normalized DC values of GMA, GME, TA and GM 
on the affected side were significantly lower than those 
on the unaffected side (GMA: p = 0.016; GME: p = 0.002; 
TA: p = 0.001; GM: p < 0.001), and the normalized DC 
values of TA and GM under the EC condition were sig-
nificantly higher than those under the EO condition (TA: 
p = 0.004; GM: p < 0.01). However, neither side nor vision 
differences were found in the control group (p > 0.05). 
More information of ANOVA statistical results is listed 
in Additional file 1.

The normalized DCs ranked in the descending order 
are shown in Fig. 4. The upper left and right panels show 
the DC ranking of the two groups under the EO and 
EC conditions, respectively. The ranking differences of 
the same muscles between the affected and unaffected 
sides were specified with the lines. In hemiplegia group, 
muscles on the unaffected side were positioned in higher 
rankings, while those on the affected side were posi-
tioned in relatively lower rankings. There were large side-
differences in ranking positions between the bilateral LO, 
GMA, GME, TA and GM (Fig. 4a and b). Changes in the 
position of the same muscles in hemiplegia group com-
pared to the control group are shown in the lower panels 
of Fig. 4. Compared to healthy individuals, the rankings 
of LO, GME, TA and GM on the affected side in stroke 
survivors dropped to lower positions under EO condi-
tion. Conversely, the rankings of GMA and TA on the 
unaffected side rose to higher positions (Fig. 4c). The EC 
condition showed similar results, expect for the GME 
that showed an increase of ranking (Fig. 4d).

Fig. 3  Statistical results of functional muscle networks WRN. (a) Statistical results of parameter C; (b) Statistical results of parameter L. † (p < 0.05) significant 
difference between hemiplegia and control groups. * (p < 0.05) and ** (p < 0.001) significant differences between EO and EC conditions

 



Page 8 of 13Li et al. Journal of NeuroEngineering and Rehabilitation          (2024) 21:190 

Ta
bl

e 
2 

Su
m

m
ar

y 
ta

bl
e 

fo
r t

hr
ee

-w
ay

 A
N

O
VA

 o
f g

ro
up

, s
id

e 
an

d 
vi

sio
n 

on
 n

or
m

al
iz

ed
 D

C 
va

lu
es

 (m
ea

n 
±

 SD
)

M
us

cl
es

G
ro

up
EO

 c
on

di
tio

n
EC

 c
on

di
tio

n
M

ai
n 

eff
ec

t
In

te
ra

ct
io

n 
eff

ec
t

A
ffe

ct
ed

 s
id

e/
M

at
ch

ed
-a

ffe
ct

-
ed

 s
id

e

U
na

ffe
ct

ed
 

si
de

/M
at

ch
ed

-
un

aff
ec

te
d 

si
de

A
ffe

ct
ed

 s
id

e/
M

at
ch

ed
-

aff
ec

te
d 

si
de

U
na

ffe
ct

ed
 

si
de

/M
at

ch
ed

-
un

aff
ec

te
d 

si
de

G
ro

up
Si

de
Vi

si
on

G
ro

up
×s

id
e

G
ro

up
×v

is
io

n
Si

de
×v

is
io

n
G

ro
up

×s
id

e×
vi

si
on

O
E

H
em

ip
le

gi
a

0.
74

 ±
 0

.0
8

0.
73

 ±
 0

.0
7

0.
75

 ±
 0

.0
7

0.
76

 ±
 0

.0
8

p 
=

 0
.2

40
p 

=
 0

.4
00

p 
=

 0
.7

42
p 

=
 0

.3
24

p 
=

 0
.0

77
p 

=
 0

.5
19

p 
= 

0.
00

9
Co

nt
ro

l
0.

70
 ±

 0
.0

4
0.

73
 ±

 0
.1

0
0.

70
 ±

 0
.0

5
0.

71
 ±

 0
.0

9
F =

 1
.4

80
F =

 0
.7

42
F =

 0
.1

12
F =

 1
.0

29
F =

 3
.5

22
F =

 0
.4

33
F 

= 
8.

49
6

LO
H

em
ip

le
gi

a
0.

73
 ±

 0
.0

8
0.

77
 ±

 0
.0

6
0.

75
 ±

 0
.0

6
0.

78
 ±

 0
.0

6
p 

=
 0

.4
80

p 
=

 0
.3

73
p 

=
 0

.2
86

p 
=

 0
.1

61
p 

=
 0

.3
62

p 
=

 0
.3

29
p 

= 
0.

00
8

Co
nt

ro
l

0.
79

 ±
 0

.0
7

0.
77

 ±
 0

.0
7

0.
78

 ±
 0

.0
6

0.
78

 ±
 0

.0
6

F =
 0

.5
19

F =
 0

.8
36

F =
 1

.2
07

F =
 2

.1
35

F =
 0

.8
75

F =
 1

.0
06

F 
= 

8.
76

9
G

M
A

H
em

ip
le

gi
a

0.
72

 ±
 0

.1
0

0.
77

 ±
 0

.0
9

0.
73

 ±
 0

.0
9

0.
78

 ±
 0

.0
9

p 
= 

0.
03

0
p 

=
 0

.1
44

p 
=

 0
.9

69
p 

= 
0.

04
0

p 
=

 0
.0

64
p 

=
 0

.9
92

p 
=

 0
.7

81
Co

nt
ro

l
0.

69
 ±

 0
.0

8
0.

68
 ±

 0
.0

6
0.

67
 ±

 0
.0

7
0.

66
 ±

 0
.0

4
F 

= 
5.

57
5

F =
 2

.3
28

F =
 0

.0
02

F 
= 

4.
90

1
F =

 3
.8

92
F <

 0
.0

01
F =

 0
.0

80
G

M
E

H
em

ip
le

gi
a

0.
69

 ±
 0

.1
0

0.
74

 ±
 0

.1
0

0.
71

 ±
 0

.1
0

0.
76

 ±
 0

.0
9

p 
=

 0
.5

34
p 

=
 0

.0
97

p 
=

 0
.4

00
p 

= 
0.

00
3

p 
= 

0.
02

7
p 

=
 0

.5
61

p 
=

 0
.4

43
Co

nt
ro

l
0.

72
 ±

 0
.0

6
0.

70
 ±

 0
.0

7
0.

71
 ±

 0
.0

5
0.

69
 ±

 0
.0

5
F =

 0
.4

03
F =

 3
.0

57
F =

 0
.7

43
F 

= 
12

.2
30

F 
= 

5.
76

7
F =

 0
.3

51
F =

 0
.6

15
RF

H
em

ip
le

gi
a

0.
74

 ±
 0

.1
1

0.
73

 ±
 0

.1
1

0.
75

 ±
 0

.1
0

0.
76

 ±
 0

.0
8

p 
=

 0
.2

00
p 

=
 0

.5
57

p 
=

 0
.1

45
p 

=
 0

.6
87

p 
=

 0
.2

68
p 

=
 0

.3
33

p 
=

 0
.0

88
Co

nt
ro

l
0.

71
 ±

 0
.0

7
0.

69
 ±

 0
.0

6
0.

71
 ±

 0
.0

6
0.

69
 ±

 0
.0

6
F =

 1
.7

68
F =

 0
.3

59
F =

 2
.3

26
F =

 0
.1

68
F =

 1
.3

05
F =

 0
.9

92
F =

 3
.2

65
BF

H
em

ip
le

gi
a

0.
78

 ±
 0

.1
2

0.
85

 ±
 0

.0
6

0.
78

 ±
 0

.1
0

0.
85

 ±
 0

.0
7

p 
=

 0
.1

99
p 

= 
0.

00
5

p 
=

 0
.4

08
p 

=
 0

.6
96

p 
=

 0
.5

10
p 

=
 0

.3
80

p 
=

 0
.3

04
Co

nt
ro

l
0.

72
 ±

 0
.0

5
0.

80
 ±

 0
.1

1
0.

77
 ±

 0
.0

9
0.

80
 ±

 0
.1

1
F =

 1
.7

77
F 

= 
10

.3
61

F =
 0

.7
17

F =
 0

.1
58

F =
 0

.4
53

F =
 0

.8
10

F =
 1

.1
20

TA
H

em
ip

le
gi

a
0.

68
 ±

 0
.0

8
0.

79
 ±

 0
.0

9
0.

74
 ±

 0
.0

8
0.

88
 ±

 0
.0

6
p 

=
 0

.1
03

p 
= 

0.
02

3
p 

= 
0.

00
4

p 
= 

0.
00

3
p 

= 
0.

01
8

p 
=

 0
.5

69
p 

=
 0

.3
31

Co
nt

ro
l

0.
74

 ±
 0

.1
0

0.
72

 ±
 0

.0
6

0.
75

 ±
 0

.0
9

0.
73

 ±
 0

.0
5

F =
 2

.9
45

F 
= 

6.
21

6
F 

= 
10

.6
04

F 
= 

12
.1

89
F 

= 
6.

82
3

F =
 0

.3
36

F =
 0

.9
96

G
M

H
em

ip
le

gi
a

0.
77

 ±
 0

.1
0

0.
92

 ±
 0

.0
6

0.
78

 ±
 0

.0
9

0.
93

 ±
 0

.0
5

p 
= 

0.
00

8
p 

= 
0.

01
4

p 
< 

0.
00

1
p 

= 
0.

00
1

p 
=

 0
.3

50
p 

=
 0

.3
20

p 
=

 0
.4

10
Co

nt
ro

l
0.

90
 ±

 0
.0

6
0.

89
 ±

 0
.0

6
0.

93
 ±

 0
.0

5
0.

90
 ±

 0
.0

7
F 

= 
8.

98
8

F 
= 

7.
32

7
F 

= 
19

.9
05

F 
= 

16
.7

18
F =

 0
.9

20
F =

 1
.0

48
F =

 0
.7

12



Page 9 of 13Li et al. Journal of NeuroEngineering and Rehabilitation          (2024) 21:190 

Figure 5 demonstrates the correlations between holistic 
topological parameters of WRN and area of COP. There 
were significant correlations between outcome measures 
of WRN and area of COP during standing. Regardless of 
EO or EC conditions, the C was significantly positively 
correlated with the area of COP (Fig.  5a, EO condition: 
p = 0.013; EC condition: p = 0.033), whereas the L was 
significantly negatively correlated with the area of COP 
(Fig. 5b, EO condition: p = 0.004; EC condition: p = 0.013).

Discussion
This study investigated the neuromuscular dysfunction 
related to stroke-induced hemiplegia during quiet stand-
ing. Changes in the multi-muscle dynamical coordina-
tion was examined using an advanced dynamical network 
analytical tool – WRN, which was built on the recur-
rence matrix of multi-channel sEMG signals. Results 
showed that the post-stroke patients had more severe 
asymmetry of functional muscle connectivity between 
the affected and unaffected sides than the healthy adults 

(Fig.  2). In addition, the patients showed remarkably 
higher C and lower L, implying higher similarity with 
more coupled intermuscular dynamics than the healthy 
subjects (Fig. 3). Patients with hemiplegia relied more on 
their unaffected side for postural control, which can be 
observed from the greater role played by muscles on that 
side in the overall muscle coordination (Table 2; Fig. 4). 
Significant differences of the WRN parameters between 
the patients and controls were more observable under 
the condition without visual feedback, suggesting that 
the absence of vision severely interfered with postural 
control in hemiplegic patients (Fig. 3; Table 2). Enhanced 
inter-muscular coordination was strongly associated with 
impaired balance control (Fig. 5).

Individuals with hemiplegia exhibited increased C 
and decreased L than the healthy subjects, which may 
suggest that the stroke survivors had higher similar-
ity of muscle activation and more coupled intermuscu-
lar dynamics for maintaining standing balance. These 
results are in line with the previous findings that the 

Fig. 4  The ranking of normalized DCs in descending order. (a) and (b) are the ranking of normalized DCs under EO and EC conditions, respectively. In 
hemiplegia group, A and UA represent the affected and unaffected sides, respectively; In control group, A and UA represent the matched-affected and 
matched-unaffected sides, respectively. The lines beside the bars represent the ranking differences of the same muscles between the affected (matched-
affected) and unaffected (matched-unaffected) sides in one group. (c) and (d) are the ranking position changes of same muscles between hemiplegia 
and control group. Negative values represent a decrease in the DC ranking position of the muscle in hemiplegia group compared to the control group, 
while positive values represent an increase in the DC ranking position of the muscle in hemiplegia group compared to the control group
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post-stroke individuals usually show augmented cou-
pling during multiple muscle co-contraction [47, 48]. 
In the intact healthy adults, the central nervous system 
allows relatively independence and flexibility for differ-
ent muscles during joint activation. But with stroke, the 
mechanism for independent and flexible motor control 
would be extensively confined [49]. Previous studies have 
reported that pathological conditions in neuromuscular 
system may reduce the dynamical degrees of freedom, 
which may limit the flexibility of motor system [4, 48]. 
Consistent with these findings, the current study further 
showed increased similarity and augmented dynamical 
coupling for muscle co-activation in hemiplegic patients, 
which may lead to a reduction in online adjustment of 
postures in according to the environment information 
[4]. This limitation in motor diversity and flexibility may 
ultimately result in maladaptive movement patterns and 
thus increase the risk of falls in stroke survivors. In clinic, 
Brunnstrom stages of stroke recovery, a scale including 6 
phases of motor development and reorganization of the 
brain after a stroke, has been generally used to assess 
severity of comprehensive motor dysfunction [50]. The 
newly dynamical network-based approach in the present 
study may be more sensitive and accurate to neuromus-
cular control. These properties make the WRN a poten-
tial assessment method for identifying subtle changes in 
motor dysfunction and differentiating treatment more 
efficiently.

Evaluating the contribution of each muscle in the func-
tional muscle network would be a challenging issue. 
This study firstly introduced DC to the WRN to indicate 
the role of each muscle played in multiple muscle co-
contraction. Results of DC revealed that the muscles on 
both affected and unaffected sides were influenced by 
the stroke, but the symptoms between sides were signif-
icant different. The normalized DC value of the GM on 

the affected side was significantly lower than that of the 
unaffected side and that of healthy adults. Meanwhile, 
the normalized DC values of the GMA, GME and TA on 
the unaffected side were significantly higher than those of 
the affected side and those of the healthy adults (Table 2). 
These results were further confirmed by the rankings of 
normalized DC values (Fig. 4). Compared to the healthy 
subjects, the LO, GME, TA and GM of affected side 
showed substantial drops of DC rankings, and the GMA, 
GME and TA of the unaffected side showed substantial 
increases of DC rankings (Fig. 4). These results also indi-
rectly support the fact that the affected-side muscles pos-
sess more high-weighted connections, with asymmetric 
contributions across side in hemiplegic patients (Fig. 2). 
The asymmetric damage to cortical regions caused by 
stroke would be responsible for the inter-side differences 
in muscle coordination. Impaired abilities of sensory 
information integration and motor commands submis-
sion may also contribute the inconsistent DC rankings 
across sides [51]. In contrast to the ranking drops of mus-
cles on the affected side, the muscles on unaffected side 
showed remarkable increase of DC rankings. This may 
corroborate the viewpoint that the muscles on unaffected 
side, especially the gluteal and calf muscles, receive more 
central regulation, perform greater activation, and make 
a more important contribution to the multi-muscle coor-
dination when maintaining the upright posture [11, 52, 
53]. In future treatment and rehabilitation, substitution 
of unaffected side muscles should be rationally removed 
or utilized. Conversely, the muscles with lower DC rank-
ing on the affected side deserve more clinicians’ con-
sideration to improve their activation by administering 
rehabilitation training. It is noteworthy that the ranking 
of LO on the affected side was much lower than that of 
the healthy individuals, suggesting weakness, delayed 
activation and malfunction of the trunk-related muscles 

Fig. 5  The correlations between holistic topological parameters of WRN and area of COP. (a) Correlations between parameter C and area of COP; (b) Cor-
relations between parameter L and area of COP
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in post-stroke patients [54, 55]. A potential use of DC 
and its ranking may facilitate the clinicians to quantify 
the importance of each involved muscles in a complex 
co-activation process and potentially identify the muscles 
responsible for motor dysfunction.

The functional muscle network parameters of WRN 
had significant correlations with the area of COP 
(Fig.  5). The area of COP is valid for assessing the abil-
ity of postural control [56]. As the C decreased and the 
L increased, there was a corresponding decrease in sub-
jects’ area of COP (Fig. 5). These changes suggested that 
good standing balance performance is strongly associ-
ated with a lower degree of intermuscular coordination. 
Pathologically enhanced muscle coordination would be 
one of the direct reasons for poor balance performance 
in hemiplegic patients. It is a reliable way to improve 
postural control by improving muscle coordination rela-
tionships. Besides, hemiplegic patients’ balance ability 
and fall risk could be indirectly determined by functional 
muscle network parameters. When the results of func-
tional muscle network parameters are outside the normal 
range, the subject may have insufficient postural control 
and higher fall risk.

This study further confirmed the role of vision in stand-
ing balance control. Removal of visual information could 
lead to enhanced muscle coupling and increased inter-
muscular similarity (Fig.  3). Previous studies reported 
that the allocentric, egocentric and geocentric spatial 
frames provided by the vision, somatosensory and ves-
tibular system could facilitate the central nervous sys-
tem to determine the orientation and state of body in 
environment, and thus make correct motion planning 
and suitable motor commands for balance control [57]. 
Without visual feedback, subjects may actively reduce 
the dynamical degrees of freedom, ultimately manifesting 
as increased intermuscular similarity, augmented muscle 
coupling and reduced motion flexibility [26].

Limitations
There are many limitations in our study. First, the num-
ber of subjects was relatively small and all subjects 
recruited were male adults. In subsequent studies, more 
subjects, including female adults, need to be recruited 
and grouped. Second, post-stroke patients were recruited 
without restriction of cognitive conditions. Although 
all patients completed the standing tasks, the quality of 
task completion may be lower in patients with cognitive 
impairment. Third, the determination matched-affected 
and matched-unaffected sides of the healthy controls 
were consistent with matched hemiplegic patients only 
according to anatomical structure. It is necessary to con-
sider the dominant and non-dominant limbs in defining 
the matched-affected and matched-unaffected sides of 
the healthy control group. Fourth, the stroke recovery 

stages on intermuscular coordination during standing 
have not been studied. In future study, we would con-
tinuously follow the rehabilitation process of post-stroke 
patients, extract their muscle network parameters at dif-
ferent stages of disease duration, and correlate the net-
work-extracted parameters with the patients’ recovery 
stages. Fifth, concluding asymmetry of stroke patients 
based only on bilateral functional network connections 
and unbalanced muscle contributions lacks some scien-
tific validity. It would be interesting to establish unilateral 
functional networks for the affected and unaffected sides 
and extract relevant parameters to quantitatively assess 
the asymmetry of muscle coordination after a stroke.

Conclusions
A novel analytical tool – WRN was proposed to inves-
tigate the stroke-induced neuromuscular dysfunction 
during standing from the perspective of multi-muscle 
dynamical coordination. Results revealed that stroke-
induced hemiplegia could significantly influence the 
neuromuscular control, as evidenced by more coupled 
intermuscular dynamics, abnormal deactivation of mus-
cles on affected side and compensation of muscles on 
unaffected side from the perspective of multi-muscle 
coordination. Enhanced multi-muscle dynamical coor-
dination was strongly associated with impaired postural 
control. The WRN and related parameters could be used 
in evaluation of neuromuscular dysfunction and identify-
ing the responsible muscles for impaired postural control 
in post-stroke patients.
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