
 

 

 

Abstract - Modulation of joint stiffness through selective co-

contraction of antagonist muscles is integral to adaptive motor 

control, vital for both feedforward modelling of environmental 

demands as well as adaptation to proprioceptive feedback. Here, 

we challenged healthy individuals to stabilize the position of a 

mechanized wrist exoskeleton under both temporally 

predictable and temporally uncertain perturbation schedules. 

The impact of this dynamic stabilization task was then assessed 

through subsequent cued voluntary flexion and extension 

movements. Participants demonstrated significantly increased 

muscular co-contraction in response to uncertain scheduling 

that remained stable over repeated task exposures. This 

increased co-contraction was correlated with a delay in reaction 

time when cued to voluntary movement following the dynamic 

stabilization task. These results highlight the significant impact 

of temporal uncertainty on muscle co-contraction and 

demonstrate how the existing motor context influences 

subsequent movement.   

 

Clinical Relevance - Developing insight into joint stiffness 

modulation and the role of muscle co-contraction in healthy 

motor control helps to better understand the deficiencies in these 

processes present in clinical conditions such as Parkinson’s 

disease (PD). Focusing this understanding on wrist movement is 

specifically relevant due to clinical assessments of PD commonly 

utilizing passive mobilization of the wrist as a central assessment 

of clinical rigidity. As such, understanding how different 

dynamics modulate wrist stiffness can guide the improvement of 

current clinical techniques and potentially inspire new 

diagnostic and therapeutic approaches.        

I. INTRODUCTION 

Elevation of antagonist muscle co-contraction acts to 

stabilize a joint against uncertainty. This is well documented 

in both gait [1] and upper-limb movement [2], [3]. The source 

of this uncertainty can derive from both sensorimotor noise 

[4] and environmental factors [5]. Muscle co-contraction 

elevates mechanical impedance of the affected joint, resulting 

in more stable, accurate movement. While inducing maximal 

co-contraction results in the highest degree of stability, 

maintenance of this degree of motor activity is metabolically 

inefficient [6] and leaves the limb inflexible to novel 

movement incentives [7]. Consider holding an overhead 

railing on public transport – sufficient stiffness is necessary 

to ensure postural maintenance, but an appropriate degree of 

flexibility must be maintained to remain responsive to 

changes in motor context such as the shifting movement of 

the vehicle. To date, studies addressing the impact of 

uncertainty on upper body movement have focused on 

forcefield manipulations during active movement [2], [5], [8]. 

While this approach has illustrated the role of adaptation 

during movement, it does not fully explore the ecologically 

valid motor dynamics illustrated by the previous public 

transport example. Here we present a novel motor control 

paradigm to specifically address the role of co-contraction 

under conflicting motor contexts incentivizing stability and 

the need for spontaneous voluntary movement.  

II. METHODS 

A.  Participants 

A total of 14 participants (5 males and 9 females) aged 

between 21 and 31 (µ = 26.8 yrs, SD = 6.51 yrs) were 

recruited through college wide invitation. 13 participants 

were right-handed and 1 was left-handed. All participants had 

normal or normal-corrected vision. Participants gave 

informed consent prior to the study and were able to follow 

the task instructions without issue. This study was approved 

by the Imperial College Research Ethics Committee (ICREC) 

and performed in accordance with the Declaration of 

Helsinki. 

B.  Apparatus 

 
 

Figure 1. The experimental hardware setup utilizing the HRX-1 and DSI-24. 

This study was conducted using the HRX-1 

(HumanRobotix, London, UK) wrist exoskeleton to record 

participant movement and produce mechanical perturbations. 

The HRX-1 was operated through custom MATLAB scripts 

with participant visuals provided through Psychophysics 

Toolbox extension [9], [10], [11]. Participants engaged with 

the HRX-1 using a power grip on a vertical bicycle-style 

handle. Participants were orientated facing a computer 

monitor with their forearm supported by the device and 

secured with Velcro straps at the wrist and forearm (Fig. 1). 

Each participant was seated in a comfortable position, at 

approximately 40° shoulder abduction and 20° shoulder 

flexion. The HRX-1 facilitated 1-degree-of-freedom 

movement, fixing wrist movement to the flexion-extension 
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plane. Movement was allowed up to 120° in either direction 

from the neutral position, resulting in functionally 

unrestricted wrist flexion and extension. The handle position 

was recorded using an internal encoder (Encoder MILE 512–

6400, 6400 counts per turn) at 60 Hz. 

 

Participants donned a DSI-24 dry 19-channel EEG cap, which 

included 2 auxiliary bipolar surface EMG (sEMG) electrodes 

(Wearable Sensing, San Diego, California, US). The sEMG 

electrodes were placed 1 cm apart over the muscle bellies of 

the flexor carpi ulnaris and extensor digitorum communis - 

primary contributors to wrist flexion and extension 

respectively. Data was recorded through the DSI Streamer 

software (Wearable Sensing, San Diego, California, US) at 

300 Hz. A wireless trigger box with photodiode (Wearable 

Sensing, San Diego, California, US) was used to synchronise 

data streams between the DSI-24 and HRX-1. EEG signals 

were recorded throughout, however are not analyzed as part 

of this study.   

C.  Experimental Protocol 

 

 
Figure 2. A visual representation of the interaction between the movement of 

the exoskeleton and corresponding fixation cross on screen. 

Prior to the main task, participants were situated and asked 

to oscillate the device’s handle through repeated flexion and 

extension movements to their maximum comfortable range 

for 10 s. The maximum distance of these movements from the 

manipulandum’s neutral position was used to establish the 

maximum voluntary range (MVR) in each movement 

direction. Participants then completed 10 pseudorandomly 

ordered wrist flexion and extension movements from neutral 

to 50% MVR to establish baselines prior to the main task. 

Movements were cued visually on screen through a white 

fixation cross tracking the handle’s current position and a red 

target circle rendered centrally to indicate the neutral handle 

position or positioned to the left or right of the screen when 

cueing voluntary movement (Fig. 2). Successful alignment of 

the fixation cross within the target would fill the target circle 

green while obscuring the fixation cross. There was a 3° 

tolerance when determining whether the participant was “on 

target” and successful alignment required stabilization on 

target for 1s to ensure precise movement termination.  

 

The primary task involved two phases. The first was the 

dynamic stabilization phase. For a duration of 14.5 s 

participants were tasked with maintaining the handle at the 

neutral position while ballistic mechanical perturbations were 

applied. During this phase, eight 1 Nm perturbations lasting 

0.5 s each were applied. The direction of these perturbations 

was distributed equally between flexion and extension but 

randomly ordered. Participants were subject to two 

conditional variations of this task – predictable timing, in 

which each perturbation was uniformly applied 1.5 s after the 

last, or uncertain timing, in which the time between each 

perturbation was varied between 0.75 and 3 s. A cue to 

voluntary extension or flexion movement at 50% MVR was 

presented 2 s after the final perturbation, requiring 1 s of 

successful alignment as with the baseline movements. The 

next trial was initiated after 1 s of realignment at the neutral 

position following a successful reaching movement. This 

triggered a 3 s grace period after which the first perturbation 

of the subsequent trial would occur.    

 

Participants completed five blocks under the predictable 

timing condition and five under the uncertain timing 

condition. Each block consisted of 16 trials constituted of a 

dynamic stabilization phase followed by a cued voluntary 

movement. Within each block, half the trials were cued for 

flexion movement and half cued for extension. The 

directional order was randomized. Within the cohort, half the 

participants completed five blocks of predictable timing 

followed by five blocks of uncertain timing. The other half of 

the cohort completed the conditional variation in the opposite 

order. The experiment took approximately 2 hours to 

complete and participants were provided with a 2 - 5 minute 

break between each condition to reduce fatigue. 

D.  Data Processing 

Kinematic data were derived from the positional data 

reported by the exoskeleton’s integrated encoder. Reaction 

time was calculated as the point of movement initiation - 

defined as the first timestep when angular velocity exceeded 

15 °/s after cue presentation. Successful trials were those 

where voluntary movements reached and stabilized on target 

for 1 s in a single continuous movement. Separate movements 

were defined where the direction changed by > 2.5 °/s in a 

timeframe < 0.5 s. 

 

The sEMG data were preprocessed using tailored MATLAB 

code. The sEMG data were high pass filtered at 20 Hz and 

subsequently low pass filtered at 100 Hz utilizing 4th order 

Butterworth filters. This range was selected to reduce the 

impact of movement artefacts [12] while preserving the most 

salient range of the signal [13]. The signal was subsequently 

notch filtered at 50 Hz to remove line noise. The signal was 

then rectified and cocontraction indices (CCI) computed at 

each timestep using the formula [14]: 
 

CCI(t) = (2 * EMGL(t)) / (EMGL(t) + EMGH(t))   (1) 

     

Where EMGL(t) is the less active muscle at timepoint (t) and 

EMGH(t) is the muscle with higher absolute EMG power at 



 

 

the same timepoint. The CCI over each time window was 

calculated as the average of the CCI at each time point. 

 

Statistical analysis was conducted to address whether 

significant change from baseline levels was achieved in the 

first task block. Reaction time and muscle cocontraction 

before voluntary movement was averaged for each participant 

during the baseline block and first task block. For the baseline 

block, co-contraction was measured during the interval 

between voluntary movements, whereas for the task block, it 

was measured during the dynamic stabilization task. Results 

were separated between conditions before subsequent 

assessment using the Wilcoxon signed-rank test. The 

Wilcoxon signed-rank test was chosen as the data was paired, 

had a small sample size, and was mostly non-normally 

distributed, as ascertained through the Shapiro-Wilks test. 

Results are reported in the form of Z-statistic (Z), significance 

(p) and biserial correlation (r).  

 

Analysis of the population level impact of each condition 

across repeated task blocks was assessed using linear mixed 

models (LMMs) implemented through MATLAB’s ‘fitglme’ 

function. Measurements were again averaged at the block 

level for each participant. To control for the divergent 

baseline levels of each participant, percentage change from 

baseline was computed for each block using the standard 

formula:  

 

Percentage Change = ((T - BL) / BL) * 100     (2) 

 

Where T = task block average measurement and BL = baseline 

block average measurement. The LMMs were fitted using 

percentage change from baseline as the response variable. 

Block count and condition were fitted as fixed effects with an 

interaction term between them. Participant was included as a 

random effect with both a slope and intercept term to account 

for divergent baseline levels and rate of change between 

conditions. Models were fitted using the standard linear 

model with a normal distribution and identity link function. 

Results are reported in terms of the effect size of the fixed 

effect (β), standard error (SE), confidence interval (95% CI) 

and p-value (p). 

 

Correlation between co-contraction during dynamic 

stabilization and reaction time during voluntary movement 

was computed using the Spearman correlation coefficient 

across all participants and trials, reported as the correlation 

value (ρ) and p-value (p).  

 

III. RESULTS 

A.  Co-contraction  

 
Figure 3. The average degree of co-contraction prior to baseline (BL) 

voluntary movements and during dynamic stabilization in the first task block, 

separated by condition (Predictable vs Uncertain). Each black circle 
indicates the mean, the black line represents the median, and the shaded 

region shows the interquartile range for each distribution. *p<0.05, 

**p<0.01, ***p<0.001 

Exposure to the uncertain condition during the dynamic 
stabilization task led to a highly significant increase in co-
contraction during the first task block relative to baseline (Z = 
-2.79, p = 0.003, r = 0.85, Fig. 3). The predictable condition 
during the dynamic stabilization task failed to produce 
significant change in co-contraction when compared to 
baseline levels (Z = -1.48, p = 0.153, r = 0.45, Fig. 3). When 
assessed across all task blocks, both conditions produced 
changes in the level of co-contraction that remained largely 
stable with the level of change from the first task block. This 
stability produced a lack of significance for both the change 
over blocks and the variation in this rate of change between 
conditions (p >= 0.274, Fig. 4). However, the difference in co-
contraction was significantly impacted by the task condition (β 
= 35.59, SE = 10.92, 95% CI = [13.99, 57.195], p < 0.001, 
Fig. 4).      

 

Figure 4. Mean ± standard error of the mean (SEM) of the co-contraction 

percentage change from baseline for each task block, separated by condition. 



 

 

B.  Reaction Times 

 
Figure 5. The average reaction time during baseline (BL) voluntary 

movements and voluntary movements in the first task block after dynamic 

stabilization, separated by condition. The black circle indicates the mean, the 

black line represents the median, and the shaded region shows the 

interquartile range for each distribution. *p<0.05, **p<0.01, ***p<0.001 

Exposure to the uncertain dynamic stabilization task 

resulted in highly significant increases in reaction time when 

compared to baseline (Z = -3.11, p < .001, r = 0.94, Fig. 5). 

This change was not observed in the predictable condition (Z 

= -1.04, p = 0.326, r = 0.31, Fig. 5). The separation in 

reaction time change remained constant across task blocks, 

with the uncertain condition resulting in a consistently larger 

increase in reaction time (β = 10.29, SE = 4.81, 95% CI = 

[0.78, 19.81], p = 0.034, Fig. 6). Unlike the degree of co-

contraction, both conditions demonstrated a small but 

significant improvement in reaction time across additional 

task blocks (β = -2.11, SE = 0.68, 95% CI = [-3.47, -0.75], p 

= 0.002, Fig. 6). There was no significant difference in this 

rate of improvement between conditions (p = 0.137, Fig. 6).  

 

 
Figure 6. Mean ± standard error of the mean (SEM) of the reaction time 

percentage change from baseline for each block, separated by condition. 

C. Correlation between CCI and reaction time 

A Spearman’s rank correlation of all trials completed, 

without accounting specifically for condition or trial number, 

showed a moderate negative correlation between the degree 

of co-contraction during the dynamic stabilization task and 

the reaction time during voluntary movement (ρ = -0.1604, p 

< 0.001). 

IV. DISCUSSION 

The novel motor control paradigm presented in this study 

provides a new approach to exploring the modulation of wrist 

stiffness through muscle co-contraction. To investigate the 

effects of conflicting movement incentives - one promoting 

stability and the other flexibility - the paradigm intentionally 

diverges from the conventional method of introducing a 

manipulation during voluntary movement. This divergence 

enabled the examination of outcomes in the context of 

conflicting motor incentives, while also assessing the impact 

of motor impedance elevated prior to, rather than during, 

voluntary movement. The dynamic stabilization task reliably 

elicited elevated muscle co-contraction relative to baseline 

levels, thereby validating the protocol.  However, this rise in 

co-contraction was only significant in the uncertain condition. 

This result is consistent with previous literature highlighting 

that muscle co-contraction is driven in response to 

uncertainty, rather than the presence of perturbations directly 

[8]. The lack of significant changes in the level of co-

contraction across repeated task exposures demonstrates a 

lack of adaptation to the task. This may indicate that the 

postural demands of the dynamic stabilization task exceeded 

the threshold necessary for effective motor learning, as 

reduced muscle co-contraction is typically associated with 

adaptation to novel motor tasks [15]. 

 

The impact of the predictable and uncertain dynamic 

stabilization task conditions on voluntary movement reaction 

times are consistent with the changes co-contraction during 

the task – a highly significant elevation for the uncertain 

condition and no significant impact for the predictable 

condition. The increase in reaction time when presented with 

the uncertain condition validates that the devised protocol 

triggers the desired motor trade-offs when appropriately 

parameterized. Additionally, the change in reaction time 

suggests that separating the priming of muscle co-contraction 

from subsequent voluntary movement can still significantly 

affect the movement. This decrease in motor performance is 

consistent with a recent publication showing that elevated 

pre-movement co-contraction can result in diminished motor 

performance in subsequent movements [16]. Unlike the co-

contraction during the dynamic stabilization task, reaction 

time during voluntary movement showed a steady 

improvement across repeated task blocks at a consistent rate 

across both conditions. The timing of the movement cue was 

fixed relative to the final perturbation, suggesting that 

participants gradually adapted to this temporal structure 

across repeated task blocks. Future implementations of this 

paradigm could introduce a small variation to this timing to 

disrupt this adaptation.   

 

The observed correlation between increased co-contraction 

during the dynamic stabilization task and subsequent delayed 

reaction times suggests that the heightened co-contraction 



 

 

necessary for successful task execution may hinder the ability 

to promptly adapt to new movement incentives, emphasizing 

the central motor control trade-off of the designed paradigm. 

Future analysis of the associated EEG data could build upon 

this motor result to directly explore the suggestion that 

elevated sensorimotor beta oscillations represent the 

maintenance of the current motor state [17]. Understanding 

the beta neural activity associated with the motor dynamics 

presented could be highly informative given the correlation 

between PD motor impairment and pathological beta neural 

activity [18]. Exploration of the EEG data could also provide 

insight into the specific cortical and peripheral contributions 

to the motor results presented.  

 

Future extensions to the present work should examine the 

effects of introducing uncertainty to additional task features, 

such as perturbation amplitude, during the dynamic 

stabilization task. Wrist stiffness has been demonstrated to 

increase in response to uncertain force requirements in a VR 

ball-catching task [19] and a recent study found that forearm 

co-contraction during voluntary wrist movement is highest 

when the probability of a perturbation is most uncertain [20]. 

Introducing other types of uncertainty during the dynamic 

stabilization task could highlight whether the elevated co-

contraction seen is uniquely responsive to temporal 

uncertainty or to uncertainty in general. Additionally, 

applying the developed motor control paradigm to clinical 

populations with motor impairments, such as individuals with 

PD, could highlight differences in stiffness modulation and 

offer novel insights into associated motor deficiencies. 
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