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Abstract

Occupational arm-support exoskeletons (ASEs) can reduce shoulder muscle activity during
overhead work, but their effects on muscle synergy structure and temporal activation remain
limited. We examined the effects of using three different exoskeletons on muscle synergies during
simulated overhead tasks. Muscle activity from 18 participants (gender-balanced) performing both
pseudo-static and dynamic tasks across 24 conditions (three ASEs and a control condition) was
analyzed using nonnegative matrix factorization to extract synergy number, structure, and
activation coefficients. Dynamic tasks recruited more muscle synergies (interquartile range: 2-5)
than pseudo-static tasks (interquartile range: 1-3), with some task combinations showing modest
increases with ASE use compared to control condition. Synergy structure and temporal activation
were generally similar across interventions (mean cosine similarity 0.74—0.99), but certain ASE-
task combinations produced significant local changes in synergy structure. Using exoskeletons
generally altered muscle weightings, shifting from primary arm-elevating and shoulder-stabilizing
muscles toward modules involving neck and back muscles, suggesting compensatory strategies for
device-imposed biomechanical demands. Activation time courses remained highly similar across
most interventions during pseudo-static tasks, though dynamic tasks showed reduced peak
magnitude with exoskeleton use. Our results indicate that while modular motor control is largely
preserved with ASE use, device- and task-specific adaptations in synergy structure and temporal
activation can occur. Future research should explore how ASE design features influence
neuromuscular strategies and assess long-term adaptation of muscle synergies in occupational
settings.

Keywords: Muscle Recruitment and Coordination, Adaptation, Motor Control, Non-Negative

Matrix Factorization, Human-Robot Interaction
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1 1. Introduction
2 Occupational arm-support exoskeletons (ASEs) provide assistive force/torque at the proximal
3 upper extremity, offering the potential to help address the continuing problem of work-related
4 musculoskeletal disorders. For example, numerous studies have indicated that ASEs decrease
5 activity in the deltoid muscles during overhead work, but also that such effectiveness varies
6  between specific devices and tasks (Brunner et al., 2023; De Bock et al., 2020; Ojelade et al., 2023).
7 Most reports, though, have focused on a limited set of shoulder muscle groups, assuming similar
8  neuromuscular coordination with versus without ASEs. Furthermore, reliance on summary metrics
9  suchas mean or peak values likely does not fully capture the detailed recruitment and coordination
10  of'specific muscle groups or more general motor control strategies. A more comprehensive analysis
11 of neuromuscular coordination could help to better understand the biomechanical and
12 neuromuscular implications of ASEs in occupational settings.
13 Quantifying muscle synergies can help to understand how the central nervous system
14 (CNS) simplifies movement control by activating predefined muscle patterns (d’Avella et al., 2003;
15  Latash et al., 2007). The CNS uses sensory feedback and motor commands to reduce the
16 redundancy in the musculoskeletal system through these synergies (Bruton & O’Dwyer, 2018;
17  Latash et al., 2007). Common methods to extract synergies include principal component analysis,
18  independent component analysis, and nonnegative matrix factorization (NMF). The latter is most
19  typical, due to the nonnegative nature of muscle activation signals (Bruton & O’Dwyer, 2018). For
20  example, NMF has been applied to examine both simple (e.g., elbow and shoulder flexion) and
21  complex (e.g., overhead reaching and shoulder press) upper limb motions (Pan et al., 2021; Saito
22 etal., 2023).

23 Performing tasks with an exoskeleton can alter the mechanical demands of movement by
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offloading limb weight, redistributing torques across joints, and modifying proprioceptive and
tactile feedback. These changes may trigger reorganization of muscle synergy structure or
activation timing as the CNS adapts to altered limb dynamics and interaction forces (Coscia et al.,
2014; Jacobs et al., 2018; Steele et al., 2017; Tan et al., 2019). Such adaptations likely indicate
compensatory neural strategies that maintain task performance under novel assistive conditions,
or motor adaptation (Izawa et al., 2008; Krakauer et al., 2019). examining motor adaptation to
ASEs can be applied to enhance exoskeleton control design, guide user training, and support
strategies to promote efficient human—exoskeleton interactions. However, most prior research has
focused on single device types and simple cyclic or symmetric tasks. Given the complexity and
variability of upper-limb movements, further investigation is needed to determine how different
ASE:s affect synergy organization across diverse task contexts.

We examined the effects of three different ASEs on muscle synergies during pseudo-static
and dynamic overhead tasks that simulated diverse occupational demands. We sought to
understand whether using an ASE alters muscle synergies, and whether these changes depend on
the task. Our main hypothesis was that ASEs would not change the number of muscle synergies,
muscle synergy structure and temporal activation during pseudo-static tasks, given the simplicity
of these tasks, but would alter muscle synergies during dynamic tasks, reflecting modified motor
control strategies. We also expected that ASE effects would vary by device type and task condition,
extending our previous findings of device- and task-specific reductions in muscle activations with

ASE use (Ojelade et al., 2023).

2. Methods

2.1. Experimental Design
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Data used herein were obtained from prior studies, with details of the experimental design,
procedures, ASEs, and simulated tasks previously reported (Morris et al., 2022; Ojelade et al.,
2023). Full procedural details are provided in the Appendix. In brief, 18 healthy, young adults (9
males, 9 females) participated in the study. A repeated-measures design was used (Figure 1), in
which participants completed 24 different task conditions, combining four levels of Intervention
[i.e., Ekso Bionics™ EVO™ (EV), Paexo™ Shoulder V1 (PX), and ShoulderX™ V3 (SX), and

ND = No Device], three levels of Work Height (WH), and two levels of Force Direction (FD).
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Figure 1. Overview of experimental procedures. Interventions included the Ekso Bionics™
EVO™ (EV), Paexo™ Shoulder V1 (PX), and ShoulderX™ V3 (SX), and ND = No Device.
Surface electromyography (EMG) was used to record the activity of 11 muscle groups
using a telemetered system (TeleMyo Desktop DTS, Noraxon, AZ, USA) at 1.5 kHz. After skin
preparation, pairs of Ag/AgCl EMG electrodes (with a 2.5 cm inter-electrode spacing) were placed
over the target muscle groups as described by Criswell (2010). On the dominant side, the upper
trapezius (TRP); anterior, middle, and posterior deltoid (AD, MD, PD); pectoralis major (PM);

infraspinatus (IF); and serratus anterior (SA) were monitored, while the sternocleidomastoid (SCM)
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and erector spinae (ES) were recorded bilaterally. These muscles were selected based on their
relevance to the simulated overhead task and accessibility across the ASEs used (e.g., lumbar

support locations and different contact areas with the body).

2.2. Muscle Synergy Analysis
Muscle synergy analysis was conducted using the following five steps (Figure 2). A custom

MATLAB script was used to perform Steps 1-5, whereas the MATLAB function nnmf was used

for implementing NMF.
Steps 1-2: Signal Preprocess & Data Preparation
Static Trials X, Xs,, Dynamic Trials Xy Xay,
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Figure 2. Overview of the muscle synergy analysis. Steps 1-2: Static trials (gray) yielded single-
trial EMG matrices (11x101; 24 per participant). Dynamic trials (orange) excluded the first/last
repetitions; the middle eight were concatenated into one matrix (11x808; 24 per participant). In
total, 48 EMG matrices were obtained per participant. Steps 3—4: Each EMG matrix was
decomposed via NMF into synergy weightings (W) and activation coefficients (C), yielding 432
W and 432 C matrices per task. Synergy number was determined by global (=90%) and local
(=75%) VAF criteria. W and C were clustered using k-means and visualized with t-SNE. Step 5:
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Synergies were sorted and compared across Work Height (WH), Force Direction (FD), and
Intervention conditions.

Step 1: EMG Signal Preprocessing

Raw EMG signals were high-pass filtered at 40 Hz using a zero-lag 4th order Butterworth filter,
then demeaned and rectified. Processed signals were subsequently smoothed using a zero-lag, 4th-
order, low-pass, Butterworth filter at 4 Hz to create a linear envelope (Clark et al., 2010). For the
pseudo-static tasks, we extracted values from the 30-second period of each trial during which the
exerted forces remained within the target range. The first and last three seconds of this period were
trimmed to exclude muscle activation related to raising and lowering the arm, focusing the analysis
on motor control relevant to the static phase. For the dynamic tasks, the first and last trials were
excluded from the 10 total per condition, to minimize potential noise associated with trial initiation

and termination.

Step 2: EMG Matrix Preparation

Each processed EMG signal was normalized to the corresponding maximum value recorded during
maximum voluntary isometric contractions (Ojelade et al., 2023), and each trial was then time-
normalized to 101 points (i.e., 0-100% of the task duration). For pseudo-static tasks, each trial
yielded an m = 11 muscles X t = 101 time points EMG matrix, denoted as X,; there were
a total of 432 such matrices (18 participants X 3 WH X 2 FD X 4 Intervention). For dynamic
tasks, we concatenated the middle eight trials, rather than averaging them, to preserve trial-to-trial
variability (McDonald et al., 2021). Thus, t consisted of 808 points per EMG matrix for dynamic
tasks, denoted as X; (i.e., 11 X 808), of which there were also 432 total matrices. Three trials

were missing from the dataset (=0.3%). Since each task condition consisted of a single trial per
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participant, within-participant interpolation was not feasible. Each missing trial was therefore
imputed using the mean EMG data from other participants performing the same task condition
(similar to the approach used by McPherson & Dewald, 2019). A leave-one-out evaluation showed
that within-participant and between-participant approaches yielded nearly identical mean squared
error values, and additional analyses confirmed that this imputation did not affect the required

number of synergies or our primary outcomes.

Step 3: Muscle Synergy Extraction

Each EMG matrix X was first prepared by scaling each row to unit variance to ensure equal
muscle contributions during factorization (Chvatal & Ting, 2012). Next, NMF was applied to
decompose X into a weight matrix W (of size m X n) and an activation matrix C (of'size n X

t), where n denotes the number of synergies. This factorization is expressed as:
X=WC+e, (1)
where e is the residual. The objective was to minimize the Frobenius norm of e:

. _ 2
Wg(l)}gZOIIX WCllz , (2)

Matrices W and C were updated using a multiplicative update rule (Lee & Seung, 1999). NMF
was repeated 50 times with random initializations, and the factorization with the lowest
reconstruction error was selected. Convergence required a relative change in objective function of
1 X 1072, or a maximum of 2,500 iterations. The number of synergies (n) was determined by

requiring both a global variance-accounted-for (VAF) of at least 90% across all 11 muscle groups



124

125

126

127

128

129

130

131

132

133

134

135

136

137

138

139

140

141

142

143

144

145

and a local VAF of at least 75% for each muscle group (Chvatal & Ting, 2012; Wang et al., 2024).
We did not fix n in advance, to allow for a natural emergence of motor control modules. After
factorization, the initial scaling was reversed to restore the original data magnitude, and then each
synergy (and its corresponding coefficients) was normalized to its maximum muscle activation
(Delis et al., 2013). The relationship between the number of extracted synergies and global VAF is

presented in Appendix Figure A3.

Steps 4-5: Synergy Clustering, Sorting, and Similarity Comparison
We used k-means clustering to sort synergies across task conditions. The optimal number of
clusters was determined based on the local maximum silhouette coefficient (Lenssen & Schubert,
2024) with k restricted to a range of 2—10 (Figure A2 in the Appendix). Clustering was performed
separately for pseudo-static and dynamic tasks, with each participant’s synergy weight vector (1 X
11) serving as a data point (i.e., a participant contributing n synergies provided n data points).
Data from all conditions within each task were combined to facilitate comparisons across ASE
types and task conditions. To minimize randomness, clustering was repeated 1,000 times with
randomly chosen initial medoids and the square Euclidean distance as the metric.

Clustered synergy weights (W) were then sorted based on the 24 task conditions.

Corresponding synergy activation coefficients (C) were sorted accordingly. For each cluster, the

Wk,m
M
Yj=1 Wk

)

major muscles were identified based on their relative importance, calculated as

where W), is the cluster centroid vector for synergy cluster k, Wy ,, is the weight for muscle m
in cluster k, and M is the total number of muscles. Cosine similarity was then calculated across

interventions to quantify structural and temporal similarity within each task type, task condition,
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and cluster. Note that cosine similarity has been widely used to assess changes in muscle synergy
weights and timing coefficients across different conditions (Jacobs et al., 2018; Kaufmann et al.,

2024; Tajik et al., 2025).

2.3. Statistical Analysis

All statistical analyses were conducted in R software (R Core Team, 2024) for a 2 (Task Type) x 6
(Condition) x 4 (Intervention) repeated-measures design. To assess the effect of Task Type,
Condition, and Intervention on the number of synergies, Generalized Estimation Equation (GEE)
models were fitted with a Poisson distribution, log link, and a working correlation structure
clustered by participant (Zeger et al., 1988). Separate models were fit for each 7ask Type and
Condition, with Intervention as a fixed effect. Proportion values of synergy types were summarized
descriptively. To assess differences in muscle synergy structure and activation pattern similarity
(i.e., cosine similarity) between ND and each ASE condition, linear mixed-effects models were
performed separately for each Task Type, Condition, and synergy cluster. Each model included
Intervention as a fixed effect and participant as a random effect. Planned pairwise comparisons
were conducted between ND and each ASE condition. Statistical significance was set at p < 0.05.
Due to the relatively small sample size relative to the number of task conditions, and to avoid

overly conservative thresholds, p-values were not adjusted for multiple post-hoc comparisons.

3. Results
3.1. Number of Muscle Synergies
The number of synergies differed between Task Type, with pseudo-static tasks generally recruiting

fewer synergies (interquartile range [IQR]: 1-3) than dynamic tasks (IQR: 2—5; Figure 3; Table
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A2 in the Appendix). Condition also influenced synergy count. Compared to the Low—Forward,
the Low—Upward condition had ~1 fewer synergy. Pairwise comparisons within specific task
conditions showed some significant effects. During pseudo-static Low— and Medium—Upward
conditions, SX and PX use, respectively, led to higher synergy counts compared to ND. For
dynamic forward tasks, synergy counts significantly increased with SX use at all heights and with

PX at medium height, compared to ND.
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Figure 3. Number of synergies for the (a) pseudo-static and (b) dynamic tasks across Condition
and Intervention. Each bar represents the mean number of synergies, with individual data shown
as black dotted points and with error bars representing standard deviations. The symbol * denotes
a significant paired difference between Intervention conditions within a specific Condition.

3.2. Muscle Synergy Structure

Three representative clusters were identified for pseudo-static tasks and four for dynamic tasks

(Figure 4). For pseudo-static tasks, the major muscle groups in each cluster were defined as follows:

Cluster 1 (AD, SA), Cluster 2 (TRP, SA), and Cluster 3 (SCML). For dynamic tasks, the clusters
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were: Cluster 1 (AD, IF, SA), Cluster 2 (TRP, ESp), Cluster 3 (SCM., PM), and Cluster 4 (ESg,
SA). While overall intervention distributions across task conditions did not differ substantially, the
proportions varied. In pseudo-static low height conditions, for example, Cluster 3 included no
synergies associated with ND condition; in dynamic tasks, ND synergies were more frequent in

Clusters 1 and 2 (mean proportion of 28%), and less frequent in Clusters 3 and 4 (mean proportion

of 19%).
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Figure 4. Muscle synergy analysis clustering results for (a) pseudo-static and (b) dynamic tasks.
In each panel, the top bar graph shows the mean muscle weightings for 11 muscle groups within
each cluster, with major contributors highlighted in grey (middle). The bottom stacked bar plots
indicate the proportion of synergies associated with different Interventions and Conditions (L: Low,
M: Medium, H: High WH).
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For both pseudo-static and dynamic tasks, synergy weight structures were generally
consistent across interventions, with mean (SD) cosine similarity values ranging from 0.74 (0.04)
to 0.92 (0.17) in pseudo-static tasks and 0.69 (0.06) to 0.90 (0.24) in dynamic tasks (Figure 5;
Tables A3-A4 in the Appendix). However, significant differences between ND and ASEs (EV, PX,
SX) emerged in specific cluster-condition combinations. In Low—Forward Cluster 1, all assistive
devices caused significantly different synergy structures compared to ND. Notably, wearing the
SX resulted in consistently altered synergy structures in Medium—Forward, Low—, and Medium-
Upward tasks within Cluster 1. In contrast, dynamic tasks showed no significant differences across
interventions in Low—Forward Cluster 1. Larger differences between ND and the assistive devices
emerged in Clusters 3 and 4 during dynamic tasks. In Cluster 3, PX and SX significantly differed
from ND in Medium—Forward, and PX differed significantly in the High—Upward condition. In

Cluster 4, PX and SX led to significant differences in most upward task conditions.
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Figure 5. Synergy weight similarity for (a) pseudo-static and (b) dynamic tasks across conditions
and clusters. Cosine similarity (y-axis) is shown by Intervention (x-axis). The ‘*’ symbol indicates
significant differences between ND and ASEs. ND mean similarity was computed against group-
mean synergies (Vergara-Diaz et al., 2025).
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3.3. Muscle Synergy Timing (Activation Coefficients)

Cosine similarity of timing coefficients across Interventions within each task condition were
consistently high in both the pseudo-static and dynamic tasks (Figures A4-AS; Tables A5-A6 in
the Appendix). However, pseudo-static tasks exhibited slightly higher similarity compared to
dynamic tasks, with a mean cosine similarity of 0.90-0.99 vs. 0.77-0.93 for dynamic task
conditions. In pseudo-static tasks, most interventions showed no significant differences from the
ND across clusters and task conditions. A few exceptions include a significant reduction in timing
similarity for EV in Medium—Upward Cluster 2, and for SX in Medium—Upward Cluster 3. In
dynamic tasks, timing similarity was more variable. Specifically, Medium— and High—Upward
Cluster 2 exhibited relatively lower mean cosine similarity values (<0.82), reflecting greater
variability in activation pattern with ASE use. Some significant intervention effects were observed,

including EV and SX in Medium—Upward Cluster 2 and SX in High—Upward Cluster 2.

4. Discussion

4.1. Number of Muscle Synergies

At a broad level, the number of synergies remained stable across most interventions, indicating
that short-term ASE exposure does not fundamentally alter modular control. However, dynamic
tasks required more synergies (IQR: 2—5) than pseudo-static tasks (IQR: 1-3), consistent with prior
findings that greater mechanical complexity increases modular recruitment (Chvatal & Ting, 2012;
Ivanenko et al., 2005). Certain conditions involving specific ASEs (SX and PX) led to modest yet
statistically significant increases in synergy counts compared to ND, particularly during dynamic
forward tasks. For example, wearing SX increased synergy numbers during medium/high forward

pushes, and PX during medium forward tasks.
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To further interpret these increases, we examined cluster-level synergy composition.
During forward-dynamic tasks, PX and SX exhibited higher proportions of synergies in Clusters
3 and 4 (Cluster 3: ND 18%, PX 24%, SX 30%; Cluster 4: ND 19%, PX 31%, SX 23%) than ND.
These clusters primarily represented activation of neck and dominant-side back muscles,
suggesting that PX and SX required additional synergies to stabilize these regions. Because all
participants were right-handed, ND would be expected to show a greater proportion of Cluster 2
synergies dominated by left-sided back activation, reflecting unilateral effort during one-handed
overhead tasks. In contrast, using PX and SX promoted more balanced, bilateral distribution of
synergy loadings, indicating more symmetric recruitment patterns with ASE assistance.

Participants completed a familiarization session (~3 hour) prior to two subsequent
experimental sessions (~3 hour each), all on separate days (Ojelade et al., 2023). Although we did
not measure muscle activity during familiarization, ~3 hours of exposure was likely to have
minimized initial adjustment effects and ensure relatively stable task performance. Thus, the
observed synergy increases are more plausibly attributed to short-term modulation of CNS
recruitment of additional motor modules to manage novel perturbations imposed by ASEs, rather
than insufficient familiarization. This interpretation is supported by evidence that exoskeleton
assistance altered synergy structure and reduced dominant muscle activations in response to novel
biomechanical demands, as demonstrated in both walking (Jacobs et al., 2018) and squatting
(Jeong et al., 2023). However, this contrasts with (Cohic et al., 2025), who found that back-support
exoskeleton use increased VAF, suggesting reduced number of motor modules, although the effect
was minimal (0.48%). They further noted that the VAF increase may be due to movement
restrictions. Taken together, these findings suggest that exploring the relationship between synergy

number and joint kinematics is warranted to more comprehensively understand ASE effects on
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motor modularity.

Interestingly, we found fewer synergy increases with ASEs during dynamic upward
pushes compared to forward pushes (respective mean increases of 2.5 vs. 4.1), likely because the
upward-directed support from ASEs aligns more naturally with task demands, minimizing
conflicts that might necessitate additional synergy recruitment. Among conditions, dynamic
forward pushing likely posed the most novel perturbations due to opposing force direction and
complexity, making it most challenging for motor adaptation. Recently, (Vergara-Diaz et al., 2025)
similarly showed that robot-assisted gait training increased muscle synergy numbers among
children with cerebral palsy, reflecting functional improvements and highlighting the CNS’s
adaptive capacity in response to external assistance. The modest synergy increases we observed
may indicate that adaptive CNS modulation when confronted with novel mechanical demands is a
broader phenomenon.

It is also plausible that specific ASE design features (e.g., mass and support mechanisms)
contributed to the variability we observed in synergy recruitment. For instance, SX and PX provide
upward-directed assistance primarily through shoulder pads, potentially requiring compensatory
muscle recruitment for forward-directed tasks. Future studies should investigate how specific

device characteristics influence synergy modulation across diverse tasks.

4.2. Muscle Synergy Structure

The distribution of muscle synergies varied substantially by Intervention and Condition. In pseudo-
static low height conditions, the synergy cluster representing neck musculature (Cluster 3) was
absent in the ND condition, while ASE use caused more uniform recruitment of neck muscle

synergies across conditions. These outcomes may reflect increased neck muscle stiffness or
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compensatory co-contraction or simply altered coordination strategies necessitated by the physical
constraints of ASEs. Our earlier EMG analysis (Ojelade et al., 2023) demonstrated that ASE use
generally reduced SCM activation. Previous studies also indicate that neck flexion or extension
typically increases SCM activation (e.g., Cheon & Park, 2017; Ng et al., 2014; Nimbarte et al.,
2012). Since low-height task conditions do not require substantial deviations from neutral neck
postures, differences in synergy distribution within Cluster 3 for ND vs. ASE conditions likely
reflect altered motor coordination strategies and reorganization of muscle groupings, rather than
increased neck muscle activation with ASE use. Caution is warranted, however, because no direct
kinematic data were collected to support this interpretation.

During dynamic tasks, synergy distributions for Clusters 1-4 were more evenly balanced
across ASE conditions vs. ND. In the ND condition, a higher proportion of synergies were
associated with the primary arm-elevating and shoulder-stabilizing muscles (i.e., AD, TRP, LES),
suggesting greater reliance on these muscles without assistive support. In contrast, using ASEs
shifted synergy recruitment to modules involving neck and back muscles (Clusters 3 and 4),
possibly reflecting compensatory motor strategies in response to ASE mechanical demands and
support characteristics. Future studies assessing both muscle synergy and EMG analyses over
extended adaptation periods are needed to better understand these neuromuscular reorganizations.

Within clusters, synergy weight similarity was generally high across interventions, though
specific pairs of interventions had important structural differences. Specifically, using the SX
caused the most frequent alterations in synergy structure across low and medium task heights,
whereas outcomes using PX and SX diverged most from ND during dynamic upward tasks
(notably in Cluster 4). These findings may stem from the distinct mechanical designs and support

mechanisms of each ASE. As examples: 1) the coil spring and cable mechanisms of SX and PX
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likely impose biomechanical demands different from the gas spring system of EV, perhaps
requiring more complex local adaptations; and 2) device mass, padding, and support level
adjustability (Figure A1 in the Appendix) could account for the observed variability in synergy
adaptation. We encourage additional work to link ASE design parameters with neuromuscular

control strategies.

4.3. Muscle Timing (Activation Coefficients)
Timing coefficient patterns remained generally consistent across Interventions, with high cosine
similarity values in both pseudo-static (0.90-0.99) and dynamic (0.77-0.93) tasks. However,
timing similarity was slightly lower and more variable in dynamic tasks, suggesting that the
temporal organization of muscle activations is more robust during less mechanically demanding,
pseudo-static tasks. While activation patterns were mostly similar, the absolute magnitude of
timing coefficients differed substantially between ND and ASE conditions, especially during
upward pushing in both pseudo-static and dynamic tasks. Our secondary analysis showed that the
mean peak timing coefficient in Cluster 1 and 2 was up to ~35% and ~55% larger when using
ASEs vs. ND during pseudo-static and dynamic tasks, respectively. Larger timing coefficients do
not always equate to increases in individual muscle activation. Yet, it does indicate greater
recruitment of the synergy at specific time points, particularly relevant for Clusters 1 and 2, which
represent muscles responsible for arm elevation and shoulder stabilization (AD, TRP, LES). This
interpretation is also supported by our previous finding (Ojelade et al., 2023) that using ASEs
typically reduced AD, TRP, and LES activation.

Several intervention-task pairs also reduced timing similarity. In pseudo-static tasks, EV

lowered similarity in High—Upward Cluster 1 and Medium-Upward Cluster 2. During dynamic
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tasks, similarity for ND vs. ASEs decreased below 0.82 for Medium— and High—Upward conditions
in Cluster 2, suggesting larger temporal adjustments. Prior work likewise showed flexible
modulation of synergy timing in response to novel mechanical constraints or perturbations (Jacobs
etal., 2018; Steele et al., 2017). Together, these results suggest that exoskeleton assistance imposes
novel biomechanical demands, requiring the CNS to adjust what muscles are recruited and during

short-term ASE exposure.

5. Limitations

Several limitations should be acknowledged. First, we employed a relatively small and
homogenous sample, so generalizability to a broader population is unclear. Second, we could not
assess longer-term effects of motor adaptation, since participants completed only one trial per task
following a short familiarization session. Although all participants practiced until they felt
comfortable, the limited exposure may not have allowed muscle synergy patterns to stabilize.
Future studies should use multi-session or longitudinal designs to examine how neuromuscular
strategies evolve and whether early additional synergies diminish with experience. Third, our
results may be sensitive to the selected thresholds for VAF. Although our choices were consistent
with prior reports (e.g., Jacobs et al., 2018; Vergara-Diaz et al., 2025), small differences could
influence the number of extracted synergies. Fourth, although we qualitatively assessed potential
influences of device-specific features on muscle synergy, these factors were not explicitly
quantified. Future studies should systematically evaluate how such design characteristics
contribute to neuromuscular coordination differences across exoskeletons. Fifth, although missing
EMG data were minimal (=0.3%,) and our additional analyses confirmed that imputation did not

alter our main outcomes, more advanced approaches (e.g., nearest-neighbor, linear interpolation,
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or multiple imputation) would be warranted when greater missingness is present or when
replications are available. Lastly, since direct kinematic or kinetic data were not collected,
interpretations of synergy structure and timing coefficients should be viewed as indicative of

altered coordination rather than confirmed changes in movement mechanics.

6. Conclusions

We found that using ASEs induced modest alterations to both muscle synergy structure and
activation pattern, with the magnitude of effects depending on synergy cluster, task type, and
condition. More synergies were required during dynamic vs. pseudo-static tasks, and certain ASEs
caused greater deviations from baseline (ND) motor strategies. ASEs use induced neck muscle-
related synergies during pseudo-static low-height tasks, possibly reflecting unintended neck
recruitment under these conditions. In contrast, shoulder and back muscle recruitment and
activation pattern were substantially reduced with ASE use during dynamic tasks, indicating more
efficient neuromuscular coordination of the arm and shoulder musculature, consistent with the
effective assistance reported previously (Ojelade et al., 2023), albeit with possible tradeoffs in neck
activation due to device constraints. Our results highlight the importance of considering both
biomechanical and ergonomic factors in ASE design. Longitudinal studies are warranted to
determine whether initial synergy adaptations consolidate into stable motor patterns with extended

ASE use or revert to baseline following adaptation.
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