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Abstract

Leg dominance has been linked to an increased risk of lower-limb injuries in sports. This
study examined bilateral asymmetry in muscle synergy patterns during one-leg stance on
stable and multiaxial unstable surfaces. Twenty-five active young adults (25.6 ± 3.9 years)
performed unipedal stance tasks on their dominant and non-dominant legs while surface
electromyography (EMG) was recorded from seven lower-limb muscles per leg. Muscle
synergies were extracted using non-negative matrix factorization (NMF), and structural
similarity was assessed via cosine similarity with the Hungarian matching algorithm. Four
consistent synergies were identified under both surface conditions, accounting for 88% of
the total variance. On the stable surface, significant asymmetry in muscle weightings was
observed in the rectus femoris (p = 0.030) for Synergy 1 and in the rectus femoris (p = 0.042),
tibialis anterior (p = 0.024), peroneus longus (p = 0.023), and soleus (p = 0.006) for Synergy 2.
On the unstable surface, asymmetry was evident in the biceps femoris (p = 0.048) for
Synergy 2 and the rectus femoris (p = 0.045) for Synergy 3. Overall, dominance-related
asymmetry was more pronounced under stable conditions and became more subtle as
postural demand increased, revealing bilateral asymmetry in neuromuscular coordination
during unipedal stance.

Keywords: muscle synergy; bilateral asymmetry; single-leg stance; postural control; surface
stability; electromyography (EMG); non-negative matrix factorization (NMF)

1. Introduction
Leg dominance refers to the habitual preference for one limb during motor tasks

and reflects hemispheric asymmetries in motor control [1]. Such interlimb asymmetry is
common in healthy individuals and represents normal motor behavior arising from neural
specialization and habitual limb use rather than pathology [2–4]. However, asymmetry may
increase the risk of lower-limb injury in sports, particularly during tasks requiring high
bilateral symmetry or repetitive unilateral loading (e.g., soccer, skiing, and unilateral load-
ing sports), which is why symmetry is emphasized in athletic training [2,4–7]. Kinematic
studies using principal component analysis (PCA) demonstrate that leg dominance influ-
ences both coordination patterns and control strategies during balance-related tasks, with
the non-dominant leg often exhibiting tighter or more frequent control adjustments [8–12].
Importantly, dominance does not necessarily imply mechanical superiority; several stud-
ies have shown that dominant and non-dominant legs may demonstrate comparable
force-production capacity and knee muscle strength—particularly in physically active
individuals—indicating that leg dominance is not primarily expressed through strength
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imbalance [10,13,14]. Instead, it is more likely to reflect differences in neuromuscular
coordination and control strategies [8–12]. Taken together, these findings indicate that leg
dominance reflects differences in neuromuscular coordination strategies rather than simple
mechanical imbalances and should therefore be viewed as a continuum ranging from
normal interlimb variability to performance- and injury-relevant asymmetry, depending on
task demands constraints [4].

From a neurophysiological perspective, voluntary movement and postural control
arise from hierarchical and distributed interactions across the central nervous system (CNS),
peripheral nervous system (PNS), and musculoskeletal system (Figure 1). Motor commands
originate in supraspinal centers, descend through spinal pathways, and are transmitted
via peripheral motor neurons to activate muscles and generate joint-level forces, forming a
neural-to-mechanical cascade linking neural control to whole-body mechanics [15]. Within
this architecture, task-specific neural organization provides a framework through which
hemispheric asymmetries and limb dominance may influence neuromuscular coordina-
tion during balance and voluntary motor tasks [16]. This organization underlies muscle
synergies—recurring, low-dimensional patterns of muscle activation that reflect a neural
strategy for simplifying motor control through functional muscle groupings [17,18]. Muscle
synergies are shaped by structured cortical and spinal organization as well as biome-
chanical and task constraints [18,19], and neurophysiological modeling and brain–muscle
decoding studies support their interpretation as reflecting central control strategies rather
than purely mechanical coupling [20]. Clinically, altered synergy structure and reduced
consistency are associated with neurological impairment, while synergy plasticity high-
lights their potential as biomarkers of motor adaptation and targets for rehabilitation
and neuromodulation [17,21–24].

The muscle synergy framework provides a computational perspective on how the
central nervous system (CNS) simplifies movement control by organizing muscles into
functional modules rather than controlling each muscle independently [25,26]. This concept
is consistent with Bernstein’s redundancy theory, which proposes that coordinated muscle
groupings enable the CNS to manage the mechanical complexity of the musculoskeletal sys-
tem [27]. Within this framework, synergies are defined by characteristic spatial structures,
indicating groups of co-activated muscles, and temporal activation profiles that specify the
timing and magnitude of recruitment [25,26]. Although muscle synergy analysis has been
widely used to study neuromuscular coordination in healthy and clinical populations, the
influence of leg dominance on synergy organization during balance tasks—particularly
under increased postural demands such as unstable surfaces—remains unclear [28,29].
One-leg stance is a fundamental task in daily activities and sports and provides a sensitive
probe of postural control [30]. Performing this task on unstable surfaces, such as wobble
boards, further challenges balance by degrading sensory input and limiting ankle torque
generation, thereby increasing reliance on anticipatory and adaptive postural adjustments
requiring coordinated activation of lower-limb and trunk musculature [31–34]. Muscle
synergies underlying these coordination strategies are commonly extracted from surface
electromyography (EMG) using non-negative matrix factorization (NMF), which decom-
poses EMG signals into consistent spatial and temporal components reflecting underlying
neural control strategies [25,26].

Accordingly, this study aimed to investigate bilateral asymmetries in muscle synergy
organization and recruitment during one-leg stance on stable and multiaxial unstable
surfaces using an EMG-based computational framework. Rather than examining strength
or force characteristics, this study specifically focused on whether dominance-related
asymmetry manifests at the level of neuromuscular coordination modules, and whether
such asymmetry becomes more pronounced when postural demands increase, as previously
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suggested by movement synergy and balance-control analyses [8–10]. It was hypothesized
that the dominant and non-dominant legs would exhibit distinct synergy organization,
with greater asymmetry under unstable conditions. These findings may provide novel
mechanistic insight into leg dominance–related neuromuscular coordination and inform
targeted rehabilitation and injury-prevention strategies.

Figure 1. Schematic representation of voluntary motor control and sensorimotor integration. Distinct
cortical regions involved in movement intention, planning, motor command generation, and sensory
integration are color-coded. Descending motor commands travel via the corticospinal pathway to
spinal α-motor neurons, whose axons innervate skeletal muscle to produce force. Sensory feedback
(blue dashed arrows) from peripheral receptors ascends via somatosensory pathways to the spinal
cord and supraspinal centers, forming a closed-loop system that continuously modulates move-
ment regulation and postural control. The star symbol within the spinal cord denotes spinal-level
sensorimotor integration and modulation mediated by interneuronal circuits.

2. Materials and Methods
2.1. Participants

A total of 25 physically active young adults (14 males, 11 females; mean age:
25.6 ± 3.9 years) took part in this study. All participants reported no neurological or
musculoskeletal disorders and had refrained from balance-focused training—defined as
structured exercise specifically targeting postural stability (e.g., wobble-board training,
slacklining, or proprioceptive balance programs)—for at least six months prior to participa-
tion. Leg dominance was determined using a ball-kicking task, which has been shown to
more reliably reflect interlimb differences in single-leg postural control than the one-leg
stance test [8]. All participants identified their right kicking leg as their dominant leg.
Handedness was assessed based on the preferred writing hand, and all participants were
right-handed, corresponding to the same side as leg dominance. Ethical approval was
obtained from the Board for Ethical Questions in Science at the University of Innsbruck,
Austria (Approval Code No.: 14/2016). The study was conducted in accordance with
the Declaration of Helsinki for research involving human participants, and written in-
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formed consent was obtained from all participants prior to data collection. Participant
characteristics are summarized in Table 1.

Table 1. Characteristics of participants (mean ± SD; * p < 0.001).

Total (n = 25) Male (n = 14) Female (n = 11) p-Value

Age (years) 25.6 ± 3.9 25.9 ± 2.9 25.3 ± 5.1 0.722
Weight (kg) 71.0 ± 11.5 77.0 ± 10.8 62.6 ± 5.2 <0.001 *
Height (cm) 175.0 ± 8.3 180.1 ± 7.2 168.5 ± 3.9 <0.001 *

Body mass index (kg/m2) 23.1 ± 2.7 23.9 ± 2.8 22.1 ± 2.3 0.099
Physical activity participation (hours/week) 8.4 ± 5.1 8.1 ± 5.5 8.8 ± 4.7 0.723

2.2. Equipment and Experimental Procedures

Surface EMG data were recorded using a Noraxon TeleMyo™ 2400T G2 Direct Trans-
mission System (Noraxon Inc., Scottsdale, AZ, USA) at a sampling rate of 1500 Hz to assess
the activity (µV) of seven muscles in each leg: rectus femoris (RF), semitendinosus (ST),
biceps femoris long head (BF), tibialis anterior (TA), peroneus longus (PL), gastrocnemius
medialis (GM), and soleus (SO). Prior to electrode placement, the skin over each muscle site
was shaved, lightly abraded, and cleaned with alcohol to minimize impedance. Disposable
pre-gelled bipolar Ag/AgCl surface electrodes (Ambu Neuroline 720 01-K/12; Ambu,
Ballerup, Denmark; 22 mm diameter, 20 mm inter-electrode distance) were positioned
in accordance with SENIAM guidelines [35]. Skin–electrode impedance was maintained
below 6 kΩ. A reference electrode was placed over the tibial tuberosity of the dominant
leg, and EMG cables were secured to the skin to reduce motion artifacts. EMG signals were
recorded using Noraxon proprietary acquisition software, exported as comma-separated
values (CSV) files, and subsequently imported into MATLAB 2024a (MathWorks, Natick,
MA, USA) for signal preprocessing and non-negative matrix factorization (NMF) analysis.

Each participant performed four randomized single-leg stance trials: dominant and
non-dominant legs on stable and unstable surfaces. Each trial consisted of an 80 s continu-
ous recording period, yielding four distinct sEMG datasets per participant for subsequent
analysis. To standardize the initial posture, participants placed their hands on their hips,
flexed the hip and knee of the non-support leg to approximately 20◦ and 45◦, respectively,
and positioned the base of the second metatarsal—marked on the stance foot—over the
center of a reticle crossline on the force plate [8]. The second toe was aligned with the
anteroposterior axis of the crossline for stable surface trials and with the corresponding
reference line on the balance board during unstable surface trials. For unstable conditions,
the center of the balance board was aligned with the center of the force plate reticle, and
the board’s anteroposterior and mediolateral axes (marked with tape) were aligned with
the reference lines to ensure a consistent fulcrum position across trials and participants [9].

Throughout each trial, participants were instructed to fixate on a visual target (red
circle, 10 cm in diameter) positioned at eye level approximately 5 m away. They were
asked to remain as still as possible during stable surface trials and to maintain the balance
board in a horizontal position during unstable surface trials. Rest periods of 1–3 min were
provided between trials, during which participants could sit or stand but were not allowed
to stand on the balance board. Figure 2 illustrates the standardized stance-foot positioning
during unipedal balance on stable and multiaxial-unstable surfaces, highlighting placement
of the base of the second metatarsal at the center of the crossline and alignment of the
second toe with the anteroposterior axis.

https://doi.org/10.3390/signals7010005

https://doi.org/10.3390/signals7010005


Signals 2026, 7, 5 5 of 15

Figure 2. Standardized stance-foot position during unipedal balancing on (A) stable and
(B) multiaxial-unstable surfaces. Note: the base of the second metatarsal bone (red dot) of the
stance foot was placed over the center of the crossline drawn for both support surfaces, in which the
second toe was aligned to the anteroposterior alignment.

2.3. Computation of Muscle Synergies Using Non-Negative Matrix Factorization (NMF)

All signal processing and analyses were performed using MATLAB R2024a (The
MathWorks, Inc., Natick, MA, USA). Raw EMG signals recorded during unipedal balance
on the dominant and non-dominant legs were preprocessed following established proce-
dures [36,37]. Signals were first band-pass filtered using a finite impulse response (FIR)
filter (20–500 Hz; filter order = 200) to attenuate movement artifacts and high-frequency
noise [38]. The filtered signals were then full-wave rectified and subsequently smoothed
using a third-order low-pass Butterworth filter with a cutoff frequency of 10 Hz to obtain
linear envelopes [38].

Each muscle’s EMG envelope was normalized to its peak value within the same trial
(i.e., per-muscle, within-trial peak normalization) [39]. This approach, commonly referred
to as peak task normalization, enables comparison of relative activation patterns across
muscles and trials and is recommended for non-maximal postural tasks in which maximal
voluntary contraction (MVC) measurements are not available [39]. Following rectification
and low-pass filtering, the resulting EMG envelopes primarily contain low-frequency
information that reflects neural activation patterns rather than high-frequency motor-unit
activity. Accordingly, the normalized signals were downsampled from 1500 Hz to 250 Hz
to reduce computational load while preserving temporal resolution well above the Nyquist
requirement for envelope-based analysis [40]. This strategy is consistent with previous
postural-control and neuromuscular coordination studies in which rectified and filtered
EMG envelopes were similarly downsampled without compromising interpretation of
muscle coordination patterns [40–44].

Following preprocessing, non-negative matrix factorization (NMF) was applied to
decompose the EMG data into four muscle synergies per trial [35], in accordance with
previous studies demonstrating that four synergies typically capture the majority of vari-
ance in lower-limb motor control during balance tasks [28,45–47]. NMF was implemented
using the MATLAB nnmf function, employing multiplicative updates for initialization
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and alternating least squares (ALS) for final optimization. The algorithm decomposed the
preprocessed EMG data matrix V (muscles × time) into two non-negative matrices:

V ≈ W × H (1)

where W (muscles × synergies) represents the muscle weighting patterns (synergy struc-
tures), and H (synergies × time) represents the time-varying activation coefficients (synergy
recruitment). For each synergy, a scalar index of synergy recruitment level was computed
as the mean activation amplitude of the corresponding H time series across the analysis
window, providing a quantitative estimate of overall synergy engagement during the task.

Decomposition quality was assessed using variance accounted for (VAF), calculated as
the percentage of variance in the original EMG signals explained by the reconstructed data
(W × H) [28,45–48]. The selection of four synergies was confirmed by VAF values exceeding
85% of total variance, consistent with prior findings for one-leg stance tasks [28,45–47]. To
examine overall coordination patterns, normalized and downsampled EMG data were
additionally concatenated across participants for pooled synergy analysis. This pooled
analysis was used solely for descriptive visualization of representative synergy structures
and was not included in inferential statistical testing. Separate NMF analyses were per-
formed for stable and unstable surface conditions, as surface stability is known to influence
neuromuscular coordination strategies [8–10].

2.4. Analysis of Muscle Synergy Structures and Bilateral Similarity

Muscle synergies extracted from EMG signals during unipedal balance on the dom-
inant and non-dominant legs were analyzed using two complementary parameters:
(1) muscle synergy structures, quantified by muscle weightings (W) [28,49] (2) synergy re-
cruitment levels, quantified as the mean activation amplitude of H for each synergy [28,49];
and (3) bilateral structural similarity between corresponding synergies [19].

Synergy structures were examined by analyzing the muscle weightings (W) of each
synergy, which represent the relative contribution of individual muscles to a given coor-
dination module [28,49]. These weightings characterize how muscles are grouped and
coordinated to maintain postural stability. Statistical comparisons of muscle weightings
between the dominant and non-dominant legs were performed to identify potential asym-
metries in neuromuscular control [28,49].

Bilateral structural similarity between synergies extracted from the dominant and non-
dominant legs was quantified using cosine similarity. This metric evaluates the alignment
between two vectors independent of magnitude, making it particularly suitable for per-trial
peak-normalized EMG data, in which relative activation patterns are preserved despite
amplitude differences [50,51]. Cosine similarity is widely used in muscle synergy research
to compare intra- and inter-condition synergy structures and has demonstrated reliable
cross-dataset performance [50,51].

To ensure appropriate matching of corresponding synergies across limbs, synergies
were optimally paired using the Hungarian assignment algorithm, maximizing cosine
similarity between pairs [41,45]. Cosine similarity values ranged from 0 (no similarity)
to 1 (perfect similarity) and were interpreted as follows: values ≥ 0.80 indicated high
similarity, 0.60–0.79 moderate similarity, and <0.60 low similarity, consistent with estab-
lished criteria [50,51]. This combined analysis of muscle weightings and bilateral structural
similarity enabled a comprehensive evaluation of neuromuscular asymmetry in response
to varying surface stability demands. Figure 3 provides an overview of the MATLAB-
based EMG signal-processing pipeline and the computation of muscle synergies using
non-negative matrix factorization (NMF).
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Figure 3. Flowchart of the EMG signal-processing pipeline and muscle synergy analysis. Raw EMG
signals were band-pass filtered, full-wave rectified, low-pass filtered to obtain linear envelopes,
normalized, and downsampled prior to decomposition using non-negative matrix factorization
(NMF). NMF decomposed the EMG data matrix into muscle weighting patterns (W) and time-
varying activation coefficients (H), where H represents the recruitment of each synergy over time.
Decomposition quality was evaluated using variance accounted for (VAF). Bilateral similarity of
muscle synergy structures was quantified using cosine similarity following optimal pairing with the
Hungarian assignment algorithm.

2.5. Statistical Analysis

All statistical analyses were performed using IBM SPSS Statistics version 26 (IBM
Corp., Armonk, NY, USA), with the significance level set at p < 0.05. Variables exported
from MATLAB for statistical analysis included: (1) the muscle weighting matrices (W),
(2) scalar synergy recruitment levels derived from the mean activation amplitude of each
synergy (mean H), and (3) cosine similarity values quantifying bilateral similarity of
synergy structures. Analyses were conducted separately for the stable and unstable surface
conditions to evaluate bilateral asymmetries between the dominant and non-dominant legs.

For synergy recruitment levels (mean H), a paired-sample t-test was used only for the
unstable surface condition, as normality was confirmed by the Shapiro–Wilk test (p > 0.05).
When significant differences were found, Cohen’s d was computed to interpret effect size,
classified as small (d = 0.2), medium (d = 0.5), and large (d = 0.8) [52].
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For muscle weightings (W), the non-parametric Wilcoxon signed-rank test was used to
compare the relative contributions of each muscle in each synergy between the dominant
and non-dominant legs for both surface conditions. This test was selected based on the
Shapiro–Wilk test, which indicated non-normal data distributions (p < 0.05). Effect sizes (r)
were calculated as r = Z/

√
N, where Z is the test statistic, and N is the number of paired

observations. Effect sizes were interpreted as small (r = 0.1), medium (r = 0.3), and large
(r = 0.5) [53].

For bilateral structural similarity, cosine similarity values were summarized using
descriptive statistics (mean, standard deviation, and range) for each synergy following opti-
mal pairing using the Hungarian assignment algorithm. Similarity was categorized as high
(≥0.80), moderate (0.60–0.79), or low (<0.60) in accordance with established criteria [50,51].
No inferential statistics were applied to cosine similarity values, as they represent pattern
alignment rather than magnitude-based differences [50,51].

3. Results
Muscle Synergy, Recruitment Levels, and Muscle Weightings

All participants completed the one-leg stance task on both stable and unstable surfaces
without stepping down or losing balance. Across both surface conditions, four consistent
muscle synergy modules were identified. No significant differences were found in overall
synergy recruitment levels between the dominant and non-dominant legs across all four
synergies on either surface.

On the stable surface, four synergies accounted for 88.4% of the total variance (VAF).
As shown in Figure 4A, Synergy 1 was dominated by the plantar flexors (GM and SO) and
the knee extensor (RF), reflecting an ankle–knee extension strategy for postural support.
Synergy 2 showed dominance of the knee musculature, particularly the RF. Synergy 3 was
primarily characterized by the ankle evertor, PL. Synergy 4 involved coordinated activation
of knee muscles (RF, ST, and BF) and ankle stabilizers (TA and PL) for supination and
pronation control. Significant bilateral asymmetries in muscle weightings were identified
in Synergies 1 and 2 on the stable surface. Specifically, in Synergy 1, the non-dominant
leg showed higher weighting of the RF (p = 0.030, r = −0.430; moderate effect; achieved
power ≈ 0.58). In Synergy 2, the non-dominant leg exhibited lower weightings for the RF
(p = 0.042, r = 0.410; moderate effect; achieved power ≈ 0.54) and PL (p = 0.023, r = −0.450;
moderate effect; achieved power ≈ 0.62), but higher weightings for the TA (p = 0.024,
r = −0.450; moderate effect; achieved power ≈ 0.61) and SO (p = 0.006, r = −0.550; large ef-
fect; achieved power ≈ 0.80). No significant differences were observed in Synergies 3 and 4.
Across these significant comparisons, achieved power ranged from approximately 0.54 to
0.80. Significant interlimb differences in muscle weightings demonstrated moderate-to-
large effect sizes, indicating robust neuromuscular asymmetry. Although statistical power
was sufficient to detect moderate-to-large effects, smaller effects may have gone undetected,
which likely explains the non-significant findings for some muscles.

On the unstable surface, a similar four-synergy structure was observed, accounting
for 88.1% of the total VAF. As shown in Figure 4B, While the overall synergy composition
remained comparable to the stable condition, some shifts in muscle contributions were
noted. Synergy 1 continued to emphasize the plantar flexors (GM and SO) and RF, consis-
tent with an ankle-knee extension strategy. Synergy 2 showed broad muscle recruitment
with increased engagement of the RF. Synergy 3 involved balanced contributions from all
recorded muscles, and Synergy 4 engaged both knee and ankle stabilizers for supination
(TA) and pronation (PL) control. Fewer significant asymmetries were detected on the
unstable surface. Specifically, in Synergy 2, the non-dominant leg showed higher weighting
of the BF (p = 0.048, r = −0.396, moderate effect, achieved power ≈ 0.50). In Synergy 3,
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the dominant leg showed higher weighting of the RF (p = 0.045, r = −0.401, moderate
effect, achieved power ≈ 0.52). Across these significant comparisons, achieved statistical
power ranged from approximately 0.50 to 0.52. Significant interlimb differences in muscle
weightings were characterized by moderate effect sizes, indicating meaningful but more
subtle neuromuscular asymmetry compared with the stable surface. Although statistical
power was sufficient to detect moderate effects, smaller effects may have gone undetected,
which likely explains the limited number of significant findings on the unstable surface.

Figure 4. Muscle synergy structures (muscle weightings, W) derived from non-negative matrix
factorization during one-leg stance on (A) stable and (B) multiaxial unstable surfaces. Each row
represents Synergies 1–4. Bars indicate mean ± SE for the dominant and non-dominant legs. Asterisks
(*) denote significant differences in muscle weightings between legs (p < 0.05). Abbreviations: RF,
Rectus femoris; ST, Semitendinosus; BF, Biceps femoris; TA, Tibialis anterior; PL, Peroneus longus;
GM, Gastrocnemius medialis; SO, Soleus.

As summarized in Table 2, cosine similarity values ranged from 0.38 to 0.87 on the
stable surface and from 0.19 to 0.88 on the unstable surface, indicating varying degrees of
bilateral similarity in muscle coordination strategies across both conditions.
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Table 2. Summary and interpretation of cosine similarity values between dominant and
non-dominant legs.

Synergy Mean ± SD Range
(Min–Max) Interpretation

A: Stable surface

Synergy 1 0.77 ± 0.10 0.46–0.87 Moderate to high similarity

Synergy 2 0.71 ± 0.12 0.42–0.87 Moderate similarity with individual variability

Synergy 3 0.71 ± 0.09 0.49–0.85 Moderate similarity

Synergy 4 0.62 ± 0.09 0.38–0.82 Low to moderate similarity, more asymmetry

B: Unstable surface

Synergy 1 0.74 ± 0.09 0.59–0.88 Moderate to high similarity

Synergy 2 0.72 ± 0.09 0.58–0.88 Moderate similarity

Synergy 3 0.69 ± 0.09 0.38–0.87 Moderate similarity

Synergy 4 0.62 ± 0.13 0.19–0.76 Low to moderate similarity, increased asymmetry

On the stable surface (Table 2(A)), the highest average similarity was found in
Synergy 1 (0.77 ± 0.10), followed by Synergy 2 (0.71 ± 0.12) and Synergy 3 (0.71 ± 0.09).
Synergy 4 exhibited the lowest similarity (0.62 ± 0.09).

On the unstable surface (Table 2(B)), a similar pattern emerged, with Synergy 1 show-
ing the highest similarity (0.74 ± 0.09), followed by Synergy 2 (0.72 ± 0.09), Synergy 3
(0.69 ± 0.09), and Synergy 4 again showing the lowest similarity (0.62 ± 0.13).

4. Discussion
This study investigated bilateral asymmetry in muscle synergy patterns during one-

leg stance on both stable and unstable surfaces. Four primary muscle synergies were
identified under both conditions, consistent with previous reports using one-leg stance
paradigms [30,54]. The synergy model explained approximately 88% of the total variance
in EMG signals across surfaces, which lies well within the accepted range for synergy-based
analyses of postural control variability [28,49].

Although overall synergy recruitment levels did not differ between the dominant
and non-dominant legs, bilateral asymmetry was evident in individual muscle weightings
under both surface conditions. On the stable surface, the non-dominant leg exhibited
greater weighting of muscles associated with distal postural control, including the tib-
ialis anterior, peroneus longus, and soleus, together with increased involvement of the
rectus femoris, particularly in Synergy 2. This pattern reflects greater reliance on an ankle-
dominant control strategy to maintain unipedal posture on firm ground, consistent with
established postural control principles [9,42]. Previous findings have demonstrated small-
to-moderate associations between ankle-muscle activity (TA, PL, GM, SO) and postural
acceleration, supporting their critical role in stabilizing balance under stable conditions [40].
On the unstable surface, bilateral asymmetry emerged predominantly in more proximal
muscles, with significant differences identified in the biceps femoris and rectus femoris
in Synergies 2 and 3. This shift suggests a reorganization toward greater proximal-muscle
coordination to maintain stability under increased postural demand, aligning with com-
pensatory knee-control strategies commonly reported during multiaxial instability [9].
Although some of these p-values were close to the conventional significance threshold, they
were accompanied by moderate to large effect sizes (r ≈ 0.41–0.55) and achieved statistical
power of approximately 0.50–0.80, indicating that the detected asymmetries were meaning-
ful in magnitude, whereas smaller effects may reasonably have gone undetected. Moreover,
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previous EMG synergy research has demonstrated that muscle synergy organization in
balance control is robust and functionally meaningful even with moderate sample sizes,
supporting the reliability of the present findings [45]. Importantly, despite these differences
in individual muscle contributions, overall synergy recruitment remained symmetrical,
suggesting that the central nervous system (CNS) preserves global synergy organization
while adaptively reweighting individual muscle contributions within each module. Such
flexibility may reflect habitual neuromechanical adaptation, proprioceptive sensitivity,
and functional specialization between limbs [41,55,56]. Given its functional role in knee
stabilization and biarticular control, the rectus femoris may contribute importantly to
coordinated balance regulation [57]. These findings highlight that addressing side-to-side,
muscle-specific asymmetries may be more effective for training than attempting to modify
overall activation magnitude.

Cosine-similarity analysis further revealed moderate-to-high structural correspon-
dence across most synergies, whereas Synergy 4 consistently exhibited lower similarity,
particularly on the unstable surface. This suggests that while fundamental synergy struc-
tures are bilaterally preserved, task-sensitive stabilization modules become more variable
when postural demands increase [50,51]. The observed structural consistency across con-
ditions supports the concept of a generalizable modular-control framework, in which
shared core motor synergies are flexibly adapted to contextual requirements [58]. Torres-
Oviedo and Ting (2010) [45] similarly demonstrated that subject-specific synergies are
consistently recruited across postural configurations, with activation patterns modulated
according to biomechanical context. The increased contribution of the peroneus longus
observed in Synergy 3 under the unstable condition further implies additional stabilization
demands to manage multidirectional perturbations—consistent with evidence showing
that synergies may be shared across diverse motor tasks while remaining adaptable to
task-specific constraints [59].

From an applied perspective, these findings indicate that the CNS maintains stable
core neuromuscular modules while flexibly adjusting individual muscle weighting ac-
cording to task and environmental demands [60]. Rather than attempting to eliminate
all interlimb asymmetry, training approaches may instead focus on optimizing how each
limb contributes within these shared synergy structures. The surface-dependent weight-
ing patterns observed here suggest that training on unstable or compliant surfaces may
facilitate more efficient recruitment of proximal stabilizers and promote adaptive neuromus-
cular coordination in the non-dominant limb, potentially improving functional symmetry
and reducing injury susceptibility. By demonstrating that dominance-related asymmetry
emerges primarily at the level of muscle weighting within preserved synergy structures, the
present findings provide mechanistic insight that extends beyond traditional strength- or
proprioception-based interpretations and directly informs rehabilitation and performance
strategies. This interpretation aligns with previous evidence indicating that leg domi-
nance interacts with surface stability to influence postural performance and neuromuscular
control strategies [11,61]. Taken together, these insights support the implementation of
progressive, task-specific balance training—particularly on unstable surfaces—to enhance
neuromuscular efficiency and address asymmetry-related deficits, particularly in athletes
exposed to repetitive unilateral loading, older adults, and individuals with neuromuscular
or balance impairments [61,62].

Despite these promising findings, several limitations should be acknowledged. The
sample included only healthy, physically active young adults, which may limit generaliz-
ability. Future research should incorporate broader age ranges and clinical populations to
better characterize neuromuscular variability. EMG analysis focused on selected lower-limb
muscles due to instrumentation constraints, excluding additional lower-limb, hip, and
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trunk musculature that may contribute to balance control [28]. Moreover, per-trial peak
normalization—although appropriate when maximal voluntary contraction (MVC) testing
is impractical [39]—does not represent absolute activation magnitude; studies employing
MVC-based normalization may complement these findings. The cross-sectional design
precludes conclusions regarding long-term adaptations, and static single-leg stance may
not fully represent dynamic or sport-specific balance demands. Future studies should
therefore incorporate dynamic tasks and longitudinal designs to better elucidate adaptive
neuromuscular mechanisms. Finally, although participants’ weekly physical activity levels
were documented, individuals participating in sports requiring high proprioceptive de-
mand may demonstrate distinct neuromuscular strategies. Future work should consider
sport-specific classification to better account for such influences.

5. Conclusions
This study demonstrated that four consistent muscle synergies underpin one-leg

stance on both stable and multiaxial unstable surfaces, reflecting a stable yet adaptable
neuromuscular control strategy. Although overall synergy recruitment levels were generally
symmetrical between the dominant and non-dominant legs, notable bilateral asymmetries
in individual muscle weightings emerged depending on surface condition. On the stable
surface, asymmetry predominantly involved muscles contributing to distal, ankle-centered
control, whereas under unstable conditions asymmetry shifted toward more proximal
muscles around the knee. These findings highlight the influence of leg dominance on
neuromuscular coordination and emphasize that asymmetry primarily manifests through
muscle reweighting within otherwise preserved synergy structures. From a practical
perspective, the results underscore the importance of considering interlimb asymmetry in
balance training and injury-prevention strategies, particularly for tasks requiring unilateral
stability. Nonetheless, interpretation should consider the study’s limitations, including
the young, healthy sample and variability in physical-activity background. Future work
should include broader age ranges, clinical and sport-specific populations, and longitudinal
designs to better clarify how neuromuscular adaptation, training history, and task demands
shape muscle synergy organization.
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