
1 

 

Reward boosts reinforcement-based motor learning 1 

 2 

Pierre Vassiliadis1,2*, Gerard Derosiere1, Cecile Dubuc1, Aegryan Lete1, Frederic 3 

Crevecoeur1,3, Friedhelm C Hummel2,4,5, Julie Duque1 4 

 5 

1 Institute of Neuroscience, Université Catholique de Louvain, 1200, Brussels, Belgium. 6 

2 Defitech Chair for Clinical Neuroengineering, Center for Neuroprosthetics (CNP) and Brain 7 

Mind Institute (BMI), Swiss Federal Institute of Technology (EPFL), 1202, Geneva, Switzerland 8 

3 Institute of Information and Communication Technologies, Electronics and Applied 9 

Mathematics, Université Catholique de Louvain, Louvain-la-Neuve 1348, Belgium. 10 

4 Defitech Chair for Clinical Neuroengineering, Center for Neuroprosthetics (CNP) and Brain 11 

Mind Institute (BMI), Swiss Federal Institute of Technology Sion (EPFL), 1951, Sion, 12 

Switzerland 13 

5 Clinical Neuroscience, University of Geneva Medical School (HUG), 1202, Geneva, 14 

Switzerland 15 

 16 

 17 

 18 

* CORRESPONDENCE TO:  19 

Pierre Vassiliadis 20 

Institute of Neuroscience 21 

Université catholique de Louvain 22 

53, Avenue Mounier 23 

COSY- B1.53.04 24 

B-1200 BRUSSELS 25 

Belgium 26 

Email: pierre.vassiliadis@uclouvain.be 27 

Web: http://www.coactionslab.com 28 

mailto:pierre.vassiliadis@uclouvain.be
http://www.coactionslab.com/


2 

 

Graphical abstract 29 

 30 



3 

 

Highlights  31 

 32 

 Reward improves motor learning beyond performance-based reinforcement feedback 33 

 Reward boosts specifically reinforcement-based adjustments in motor commands 34 

 These effects persist on the following day, in the absence of reward 35 
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Summary 36 

Besides relying heavily on sensory and reinforcement feedback, motor skill learning may 37 

also depend on the level of motivation experienced during training. Yet, how motivation by reward 38 

modulates motor learning remains unclear. In 90 healthy subjects, we investigated the net effect of 39 

motivation by reward on motor learning while controlling for the sensory and reinforcement 40 

feedback received by the participants. Reward improved motor skill learning beyond performance-41 

based reinforcement feedback. Importantly, the beneficial effect of reward involved a specific 42 

potentiation of reinforcement-related adjustments in motor commands, which concerned primarily 43 

the most relevant motor component for task success and persisted on the following day in the 44 

absence of reward. We propose that the long-lasting effects of motivation on motor learning may 45 

entail a form of associative learning resulting from the repetitive pairing of the reinforcement 46 

feedback and reward during training, a mechanism that may be exploited in future rehabilitation 47 

protocols. 48 
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1. Introduction 52 

Motor skill learning is the process by which the speed and accuracy of movements improve 53 

with practice (Krakauer et al., 2019). A significant amount of research has since long demonstrated 54 

that motor learning relies on sensory feedback, which allows reducing movement errors (e.g., 55 

(Shadmehr et al., 2010; Tseng et al., 2007)). More recently, some studies have shown that 56 

reinforcement feedback, allowing the adjustment of movements based on knowledge of 57 

performance, also plays a role in motor learning (Bernardi et al., 2015; Galea et al., 2015; Mawase 58 

et al., 2017; Palminteri et al., 2011; Therrien et al., 2016; Wachter et al., 2009). The contribution 59 

of reinforcement feedback to motor learning seems to be particularly important when the quality 60 

of the available sensory feedback is low (Cashaback et al., 2017; Izawa and Shadmehr, 2011). 61 

These observations suggest that reinforcement feedback may be critical for motor rehabilitation 62 

(Quattrocchi et al., 2017; Roemmich and Bastian, 2018), where patients often exhibit sensory 63 

impairments in addition to their motor disability (Connell, 2008; Hepworth et al., 2016). However, 64 

before clinical translation can occur, significant research is required to characterize the optimal 65 

conditions in which sensory and reinforcement feedback can improve motor learning.   66 

 67 

One key factor that may influence sensory- and reinforcement-based motor learning is 68 

motivation (Lewthwaite and Wulf, 2017). This idea is in line with an ethological perspective: in 69 

nature, animals are motivated to learn efficiently motor behaviors that have been repetitively 70 

associated with rewarding outcomes, in order to increase the likelihood of reaching these outcomes 71 

again in the future (Barron et al., 2010; Yamazaki et al., 2016). Whereas past research on 72 

motivation has traditionally focused on the impact of reward on decision-making (Balleine and 73 

O’Doherty, 2010; Bush et al., 2002; Dayan and Niv, 2008; Derosiere et al., 2017b, 2017a; 74 
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Gershman and Daw, 2017; Hare et al., 2011; O’Doherty, 2004; Padoa-Schioppa, 2011; Schultz, 75 

2015; Shima and Tanji, 1998), there has been a recent rise in interest regarding its influence on 76 

motor learning (Therrien et al., 2016, Mawase et al., 2017, Uehara et al., 2019; Vassiliadis et al., 77 

2019; Chen et al., 2017; Sporn et al., 2020, Vassiliadis and Derosiere, 2020, Holland et al., 2019).  78 

To tackle this issue, previous studies have investigated motor skill learning with different 79 

types of reinforcement and reward. This research showed that the combination of reinforcement 80 

(providing knowledge of performance) and reward (providing motivation) can influence motor 81 

skill learning (e.g., (Abe et al., 2011; Steel et al., 2019, 2016; Wachter et al., 2009; Wilkinson et 82 

al., 2015)). A key aspect of the aforementioned studies is that they considered reinforcement and 83 

reward in a bonded way, with the rewarded participants being also the ones receiving performance-84 

based reinforcement feedback. The assumption underlying this approach is that receiving 85 

knowledge of performance (e.g., points or binary feedback) provides a form of intrinsic reward that 86 

by itself increases motivation to perform well (Leow et al., 2018). However, in addition to the 87 

intrinsically rewarding properties of reinforcement, knowledge of performance also provides a 88 

learning signal to the motor system, that can influence motor learning (Bernardi et al., 2015; Galea 89 

et al., 2015; Huang et al., 2011; Kim et al., 2019; Leow et al., 2018; Mawase et al., 2017; Nikooyan 90 

et al., 2015; Shmuelof et al., 2012; Therrien et al., 2016; Uehara et al., 2018). In contrast, extrinsic 91 

reward increases motivation to perform well, without conveying any additional learning signal 92 

(Berke, 2018). In accordance with a dissociable role of reinforcement and reward in motor learning, 93 

past research has shown that certain subpopulations of neurons in the motor cortex (i.e., a key 94 

region of the motor learning network; (Krakauer et al., 2019)) are responsive to the outcome of 95 

previous movements irrespective of reward (Levy et al., 2020), while others respond to reward 96 

regardless of the previous outcome (Ramkumar et al., 2016). Put together, these elements indicate 97 
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that estimating the net impact of reward on motor learning requires controlling for the effect of the 98 

reinforcement feedback on the learning process. Based on these elements, we experimentally 99 

uncoupled knowledge of performance from reward to test the hypothesis that reward induces a 100 

specific improvement in motor learning and maintenance. 101 

 102 

Another important question relates to how, at the single-trial level, motivation by reward 103 

may affect motor skill learning and maintenance. As such, computational models of motor learning 104 

posit that movement errors can be corrected based on sensory and reinforcement feedbacks on a 105 

trial-by-trial basis (Cashaback et al., 2017), with possible interactions between these two processes 106 

(Izawa and Shadmehr, 2011). Sensory-based motor learning relies on the ability to produce motor 107 

commands that match predicted sensory consequences (e.g., visual, somatosensory consequences; 108 

(Sidarta et al., 2016, Bernardi et al., 2015). Conversely, reinforcement-based motor learning is 109 

thought to depend on the ability to efficiently regulate between-trial motor variability based on 110 

previous outcomes (Dhawale and Smith, 2017; Pekny et al., 2015; Sidarta et al., 2016; Therrien et 111 

al., 2016; Uehara et al., 2019; Wu et al., 2014). Importantly, in this framework, reward may have 112 

a global influence, enhancing both sensory- and reinforcement-based adjustments from one trial to 113 

another, or could have a more specific effect, boosting only one of the two learning systems (Galea 114 

et al., 2015; Kim et al., 2019). Here, we investigated the impact of reward on sensory- and 115 

reinforcement-based motor adjustments during motor skill learning at the single-trial level, in a 116 

situation where they can both contribute to the learning process. 117 

 118 

Healthy participants (n = 90) trained on a pinch-grip force reproduction task with limited 119 

sensory feedback over two consecutive days, while we manipulated the reinforcement feedback 120 
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and reward on Day 1. By removing visual feedback on most trials, we ensured that the learning 121 

process would largely depend on the integration of somatosensory and reinforcement feedbacks 122 

(Bernardi et al., 2015; Izawa and Shadmehr, 2011; Sidarta et al., 2019). Moreover, subjects were 123 

distributed in three groups where training involved sensory (S) feedback only (Group-S; n = 30), 124 

sensory and reinforcement (SR) feedback (Group-SR; n=30), or both feedbacks and a reward (SRR, 125 

Group-SRR; n=30). Monetary gains were used as they are known to strongly modulate the motivation 126 

to engage in various tasks (Grogan et al., 2020; Manohar et al., 2015; Schultz, 2015; Shadmehr et 127 

al., 2019). We investigated how participants learned and maintained the skill depending on the type 128 

of feedback experienced during training. We found that while sensory and reinforcement feedbacks 129 

were not sufficient for the participants to learn the task in the present study, adding reward during 130 

training markedly improved motor performance. Reward-related gains in motor learning were 131 

maintained on Day 2, even if subjects where no longer receiving a reward on that day. Importantly, 132 

single-trial analyses showed that reward specifically increased reinforcement-related adjustments 133 

in motor commands, with this effect being maintained on Day 2, in the absence of reward. The 134 

pinch-grip force task used here also allowed considering adjustments separately for the speed of 135 

force initiation, and the accuracy of the performed force, both in terms of variability and amplitude. 136 

Importantly, we found that reward did not affect the control of all motor components in the same 137 

way, with the amplitude component turning out to be the more strongly influenced by the presence 138 

of reward.  139 

Altogether, the present results provide evidence that motivation by reward can improve 140 

motor skill learning and maintenance even when the task is performed with the same knowledge 141 

of performance. More importantly, this effect seems to entail a specific potentiation of 142 

reinforcement-related adjustments in the motor command at the single-trial level. These behavioral 143 
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results are important to characterize the mechanisms by which reward can improve motor learning 144 

and may guide future motivational interventions for rehabilitation (McGrane et al., 2015). 145 
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2. Results 146 

Ninety healthy participants practiced a pinch-grip force task over two consecutive days. 147 

The task required participants to hold a pinch grip sensor in their right hand and to squeeze it as 148 

quickly as possible in order to move a cursor displayed on a computer screen in front of them, from 149 

an initial position to a fixed target (Fig 1A). The force required to reach the target (TargetForce) 150 

corresponded to 10 % of the individual maximum voluntary contraction (MVC). In most of the 151 

trials (90 %), participants practiced the task with very limited sensory feedback: the cursor 152 

disappeared when the generated force reached half of the TargetForce. In the remaining trials (10 %; 153 

not considered in the analyses), full vision of the cursor allowed participants to be visually guided 154 

towards the TargetForce and therefore to be reminded of the somatosensory sensation corresponding 155 

to the TargetForce. Hence, in this task, learning relied mostly on the successful reproduction of the 156 

TargetForce based on somatosensory feedback (Raspopovic et al., 2014), with the target 157 

somatosensory sensation being regularly reminded to the participants through the full vision trials.  158 

To learn the task, subjects were provided with six training blocks (40 trials each; i.e., total of 240 159 

training trials; Fig 1B), during which Group-S subjects trained with sensory feedback only (Block-160 

S), Group-SR subjects trained with sensory and reinforcement feedback (Block-SR), and Group-SRR 161 

subjects trained with both feedbacks and a monetary reward (Block-SRR ). Notably, the groups were 162 

comparable for a variety of features including age, gender, TargetForce, difficulty of the task, 163 

muscular fatigue and final monetary gains (see Materials and Methods, Table 1). Beside the 164 

training blocks, all participants performed the task in a Block-SR  setting so that the familiarization, 165 

the pre- and post-training assessments on Day 1, as well as Re-test on Day 2, occurred in the same 166 

conditions in the three experimental groups. This design allowed us to investigate the effect of 167 

reinforcement and reward, both on learning and on maintenance of the learned motor skill. 168 
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Importantly, in Block-SR and Block-SRR, the binary reinforcement feedback depended on the Error, 169 

estimated as the absolute difference between the TargetForce and the exerted force over the whole 170 

trial (excluding the first 150 ms, Fig 1C; (Abe et al., 2011; Steel et al., 2016). Hence, to be 171 

successful, participants had to reduce the Error by approximating the TargetForce as quickly and 172 

accurately as possible.  173 

 174 

Fig 1. A) Time course of a trial in the motor skill learning task. Each trial started with the appearance of 175 

a sidebar and a target. After a variable preparatory phase (800-1000ms), a cursor appeared in the sidebar, playing the 176 

role of a “Go” signal. At this moment, participants were required to pinch the force transducer to bring the cursor into 177 

the target as quickly as possible and maintain it there until the end of the task (2000ms). Notably, on most trials, the 178 

cursor disappeared halfway towards the target (as displayed here). Then, a reinforcement feedback was provided in the 179 

form of a colored circle for 1000ms and provided binary knowledge of performance (Success or Failure in Block-SR 180 
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and Block-SRR) or was non-informative (Block-S). The reinforcement feedback was determined based on the 181 

comparison between the Error on the trial and the individual success threshold (computed in the Calibration block, see 182 

Materials and Methods). Finally, each trial ended with a reminder of the color/feedback association and potential 183 

reward associated to good performance (1500ms). B) Experimental procedure. On Day 1, all participants performed 184 

two familiarization blocks in a Block-SR condition. The first one involved full vision of the cursor while the second one 185 

provided only partial vision and served to calibrate the difficulty of the task on an individual basis (See Materials and 186 

Methods). Then, Pre- and Post-training Block-SR assessments were separated by 6 blocks of training in the condition 187 

corresponding to each individual group (Block-S for Group-S, Block-SR for Group-SR and Block-SRR for Group-SRR). Day 188 

2 involved a Familiarization block (with partial vision) followed by a Re-test assessment (4 Block-SR pooled together). 189 

There was no recalibration on Day 2. C) Example of a force profile. Force applied (in % of MVC) during the task. 190 

Participants were asked to approximate the TargetForce as quickly and accurately as possible to minimize the Error (grey 191 

shaded area). As shown on the Fig, this Error depended on the speed of force initiation (ForceInitiation) and on the 192 

accuracy of the maintained force, as reflected by its amplitude with respect to the TargetForce (ForceAmplError) and its 193 

variability (ForceVariability). Note that the first 150ms of each trial were not considered for the computation of the Error.  194 

 195 

Reward improves motor skill learning  196 

Participants’ initial performance was comparable in all groups: the Error in the Pre-training 197 

block equaled 3.14 ± 0.18 % MVC in Group-S, 3.33 ± 0.17 % MVC in Group-SR and 3.30 ± 0.15 % 198 

MVC in Group-SRR (one-way ANOVA: F(2,87) = 0.37,  p = 0.69, partial η2
 = 0.0084; Fig 2A). In 199 

contrast, skill learning, estimated as the training-related reduction in Error on Day 1 (Normalized 200 

Error = Post-training Error expressed in % of Pre-training Error) varied as a function of the group 201 

(Fig 2B). As such, learning was stronger in the Group-SRR compared to the two other groups 202 

(ANOVA: F(2,87) = 4.41,  p = 0.015, partial η2
 = 0.092; post-hocs: Group-SRR vs. Group-SR: p = 0.014, 203 

Cohen’s d = 0.60; Group-SRR vs. Group-S: p=0.010, d = 0.98), with no significant difference between 204 

Group-S and Group-SR (p = 0.91, d = 0.025). This was confirmed by a subsequent analysis showing 205 
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that learning was significant in the Group-SRR (Post-training = 80.7 ± 3.5 % of Pre-training; single-206 

sample t-test against 100 %: t(29) = -5.49, p < 0.00001, d = -1.42), but not in Group-S (Post-training 207 

= 103.9 ± 5.15 % of Pre-training; t(29) = 0.75, p = 0.46, d = 0.19) or in Group-SR (Post-training = 208 

102.9 ± 8.80 % of Pre-training; t(29) = 0.33, p = 0.745, d = 0.085). Skill maintenance on Day 2, 209 

estimated as the Error at Re-test in percentage of Pre-training, was not significantly different 210 

between the groups (F(2,87) = 1.96,  p = 0.15, partial η2
 = 0.043; Fig 2C). However, in Group-SRR, 211 

we found that the Error at Re-test remained lower than at Pre-training (Re-test = 85.6 ± 5.01 % of 212 

Pre-training; single-sample t-test against 100 %: t(29) = -2.88, p < 0.0073, d = -0.74) demonstrating 213 

that the skill was maintained, while this effect was not significant in the two other groups (Group-214 

S: Re-test = 100.5 ± 4.63 % of Pre-training; t(29) = 0.11, p = 0.92, d = -0.12, Group-SR: Re-test = 215 

97.0± 6.82 % of Pre-training; t(29) = -0.45, p = 0.66, d = -0.028). Hence, while reinforcement alone 216 

did not contribute to reduce the Error in this task, its combination with reward successfully helped 217 

participants to learn and maintain the skill, as also evident when considering the averaged success 218 

rates (Fig 2D) and individual force profiles (Fig 2E).  219 

 220 



15 

 

 221 

Fig 2. A) Error. Average Error is represented across practice for the three experimental groups (grey: Group-S, light 222 

green: Group-SR, dark green: Group-SRR). The grey shaded area highlights the blocks concerned by the reinforcement 223 

manipulation. The remaining blocks were performed with knowledge of performance only (i.e., in a Block-SR setting). 224 

B) Skill learning. Bar plot (left) and violin plot (right, each dot = one subject) representing skill learning (quantified 225 

as the Error in Post-training blocks expressed in percentage of Pre-training blocks) in the three experimental groups. 226 

Skill learning was significantly enhanced in Group-SRR compared to the two other groups. This result remained 227 

significant when removing the subject showing an extreme value in the Group-SR (ANOVA: F(2,86) = 6.44,  p = 0.0025, 228 

partial η2 = 0.13; post-hocs; Group-SRR vs. Group-SR: p = 0.027; Group-SRR vs. Group-S: p = 0.00064; Group-SR 229 

vs. Group-S: p = 0.21).   C) Skill maintenance. Bar plot (left) and violin plot (right) representing skill maintenance 230 

quantified as the Error in Re-test blocks expressed in percentage of Pre-training blocks) in the three experimental 231 

groups. D) Success. Proportion of successful trials for each block. E) Force profiles. Individual force profiles of one 232 

representative subject of Group-S (left), Group-SR (middle) and Group-SRR (right) in the Pre- (grey) and Post-training 233 

blocks (blue). Note the better approximation of the TargetForce and the reduced inter-trial variability at Post-training in 234 

the exemplar subject of Group-SRR. *: significant difference between groups (p<0.05). #: significant difference within 235 
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a group between normalized Post-training Error and a constant value of 100% (p<0.017 to account for multiple 236 

comparisons). 237 

 238 

Reward boosts reinforcement-related adjustments during motor skill learning 239 

To identify the mechanisms at the basis of the effect of reward on motor learning, we 240 

quantified how much participants adjusted motor commands based on reinforcement or sensory 241 

feedback at the single-trial level. This allowed us to estimate how subjects relied on each type of 242 

feedback on a trial-by-trial basis and how this behaviour was affected by reward. In order to 243 

investigate reinforcement-related adjustments in motor commands, we computed the absolute 244 

between-trial change (BTC) in Error (ErrorBTC = |Errorn+1-Errorn|) following successful or failed 245 

trialn of similar Error in the three groups (Materials and Methods, see also (Pekny et al., 2015; 246 

Uehara et al., 2019) for similar approaches in reaching tasks). Comparing ErrorBTC depending on 247 

the Outcome of the previous trial (Success or Failure) allowed us to estimate how much participants 248 

modified their force profile based on the reinforcement feedback. Notably, considering changes in 249 

the Error in absolute terms allowed us to explore the effect of reward on the magnitude of the 250 

adjustments in the different groups, regardless of their directionality (increase or decrease in the 251 

Error). We found that ErrorBTC was generally higher after failed than successful trials (two-way 252 

ANOVA; main effect of Outcome: F(1,84) = 8.66,  p = 0.0042, partial η2
 = 0.093; Fig 3A), consistent 253 

with an exploration process following failed trials (Uehara et al., 2019, Pekny et al., 2015). 254 

Interestingly, this difference between failed and successful trials was modulated by GroupTYPE 255 

(Outcome x GroupTYPE: F(2,84) = 11.47,  p < 0.001, partial η2
 = 0.21): while it was significant in 256 

Group-SR and Group-SRR (post-Success vs. post-Failure: p = 0.028, d = -0.54  and p < 0.001, d = -257 

0.92 respectively), this effect was only at the trend level for Group-S (p = 0.060, d = 0.29). Relatedly, 258 
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post-hoc tests revealed that post-Success ErrorBTC was significantly lower in Group-SRR than in 259 

Group-S (p = 0.026, d = -0.54), but not different between Group-SR and Group-S (p = 0.24, d = -260 

0.23) and between Group-SR and Group-SRR (p = 0.30, d = 0.29). Besides, post-Failure ErrorBTC was 261 

significantly higher in Group-SRR than in Group-S (p = 0.040, d = 0.65). Yet, it was not different 262 

between Group-SR and Group-S (p = 0.14, d = 0.48) and between Group-SR and Group-SRR (p = 0.58, 263 

d = -0.16). Hence, providing a reward on top of reinforcement feedback led to a particularly low 264 

ErrorBTC following successful trials and a particularly high ErrorBTC following failed trials. This 265 

analysis suggests that reward modulated between-trial changes in behavior in response to the 266 

reinforcement feedback, regardless of whether reinforcement was positive or negative. To further 267 

confirm this, we directly compared the magnitude of reinforcement-based adjustments between the 268 

three groups, by expressing the ErrorBTC following failed trials relative to the ErrorBTC following 269 

successful trials. Doing so, we found a significant effect of the GroupTYPE during Day 1 training 270 

(F(2,84) = 10.27,  p < 0.001, partial η2
 = 0.20; Fig 3A). As expected, participants of the Group-SR 271 

adjusted their force profile depending on the reinforcement feedback, while participants of the 272 

Group-S were unable to do so (post-hocs; Group-S vs. Group-SR: p = 0.022, d = -0.68). Interestingly, 273 

this ability to adjust motor commands based on the reinforcement was amplified by reward (Group-274 

SR vs. Group-SRR: p = 0.036, d = -0.57). This result suggests that one mechanism through which 275 

reward improves motor learning is the potentiation of reinforcement-related adjustments in motor 276 

commands. To further test this idea, we evaluated the relationship between the magnitude of 277 

reinforcement-based changes in motor commands and the average success rate in the following 278 

trial across all subjects. Consistently, we found that the magnitude of reinforcement-related 279 

adjustments was strongly associated to the probability of success (R2 = 0.62; p = 1.5 x 10-19; Fig 280 

3B): the more participants adjusted their behavior based on the reinforcement feedback in a given 281 



18 

 

trial ,(e.g., by reducing ErrorBTC following Success and/or by increasing it following a Failure),  the 282 

more they were likely to be successful in the following trial, supporting the view that these 283 

adjustments were relevant in the present task. Hence, these data suggest that the effect of reward 284 

on motor skill learning relies on the ability to adjust movements based on the reinforcement 285 

feedback. 286 

In a second step, we asked whether such single-trial effects were maintained on Day 2, 287 

while all participants performed the task with sensory and reinforcement feedback, but in the 288 

absence of reward (i.e., in a Block-SR setting). Interestingly, there was also an Outcome x GroupTYPE 289 

interaction: F(2,78) = 3.75,  p = 0.027, partial η2
 = 0.088) demonstrating differences in the way 290 

participants relied on the reinforcement feedback on Day 2 based on the type of training 291 

experienced on Day 1 (Fig 3C). All groups displayed a larger ErrorBTC following a failed compared 292 

to a successful trial (Group-S: p< 0.018, d = 0.46; Group-SR: p < 0.001, d = 0.75; Group-SRR: p < 293 

0.001, d = 1.13). Notably though, post-hoc tests did not identify any group difference in post-294 

Success ErrorBTC (Group-SR vs. Group-SRR: p = 0.13, d = 0.72; Group-SR vs. Group-S: p = 0.96, d = -295 

0.019; Group-SRR vs. Group-S: p = 0.12, d = -0.56) nor did it in post-Failure ErrorBTC (Group-SR vs. 296 

Group-SRR: p = 0.33, d = -0.20; Group-SR vs. Group-S: p = 0.35, d = 0.25; Group-SRR vs. Group-S: p 297 

= 0.058, d = 0.39). Yet, when expressing ErrorBTC in Post-Failure relative to Post-Success trials, 298 

we found that participants receiving reward in Group-SRR adjusted more their movements according 299 

to the reinforcement feedback compared to Group-S and Group-SR (F(2,78) = 3.53,  p = 0.034, partial 300 

η2
 = 0.083; post-hocs; Group-S vs. Group-SRR: p = 0.017, d = -0.66, Group-SR vs. Group-SRR: p = 301 

0.039, d = -0.56, Fig 3C). There was no difference between Group-S and Group-SR (p = 0.72, d = -302 

0.10). Here again, the magnitude of reinforcement-based adjustments correlated with the success 303 
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in the next trial (R2 = 0.51; p=5.5 x 10-14; Fig 3D). Hence, the effect of reward on reinforcement-304 

based adjustments can persist on a subsequent session of training, even after reward removal.  305 

As explained above, we evaluated reinforcement-based adjustments by comparing ErrorBTC 306 

following successful or failed trials. However, by definition, successful and failed trials did not 307 

only differ with respect to the reinforcement feedback obtained at trialn, but also regarding the 308 

experienced sensory feedback. Hence, the reward effect reported above could be specific to 309 

reinforcement-based adjustments, or may reflect a different reliance on the sensory feedback (or a 310 

combination of both). To disentangle these possibilities, we reasoned that the extent to which 311 

participants relied on the somatosensory feedback to adjust their movements could be estimated by 312 

computing ErrorBTC following failed trials of different Error magnitudes (i.e., small or large 313 

Failure). In other words, we contrasted ErrorBTC following trials with the same reinforcement 314 

feedback (i.e., Failure) but with different somatosensory experiences (i.e., resulting from Small or 315 

Large Failures). Here too, we found a significant Outcome x GroupTYPE interaction on the ErrorBTC 316 

(F(2,76) = 5.15,  p = 0.0080, partial η2
 = 0.12; Fig 3E). As such, adjustments were greater after Large 317 

than after Small Failures in Group-SR and Group-SRR (p < 0.001, d = 0.65 and p < 0.001, d = 1.20, 318 

respectively), but not in Group-S (p = 0.50, d = 0.19). Post-hoc tests also indicated that adjustments 319 

after a Large Failure were greater in Group-SR and Group-SRR than in Group-S (p < 0.001, d = 1.15 320 

and p < 0.001, d = 1.31, respectively), but not different between Group-SR and Group-SRR (p = 0.26 321 

p < 0.001, d = 0.25). After Small Failures, ErrorBTC was also larger in Group-SR than in Group-S (p 322 

= 0.042, d = 0.56), but not different between Group-SR and Group-SRR (p = 0.31, d = 0.30) and 323 

between Group-SRR and Group-S (p = 0.34, d = 0.44). This indicates that while subjects of the Group-324 

SR and Group-SRR adjusted the Error depending on the sensory feedback, participants of the Group-325 

S were not able to do so, suggesting that training with reinforcement feedback allowed participants 326 
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to be more sensitive to the sensory feedback (Galea et al., 2015; Bernardi et al., 2015), regardless 327 

of whether they received reward or not. Consistently, we found a GroupTYPE effect (F(2,76) = 5.05,  328 

p = 0.0087, partial η2
 = 0.12; Fig 3E) on the magnitude of sensory-based adjustments (ErrorBTC 329 

following Large Failures expressed relative to ErrorBTC following Small Failures), which was 330 

driven by differences between Group-S and the two other groups (post-hocs; Group-S vs. Group-SR: 331 

p = 0.0056, d = -0.73, Group-S vs. Group-SRR: p = 0.011, d = -0.85). Importantly, we did not find 332 

any difference between Group-SR and Group-SRR (p = 0.90, d = -0.033). Then, similarly as for the 333 

reinforcement-based changes, we found that the magnitude of sensory-based adjustments 334 

correlated with the subsequent probability of success (R2 = 0.34, p = 1.8 x 108; Fig 3F), 335 

demonstrating that these adjustments were also relevant in the learning process.  336 

On Day 2, the effect of Outcome persisted (F(1,68) = 15.20,  p < 0.001, partial η2
 = 0.18) with 337 

a trend for a GroupTYPE effect (F(2,68) = 3.12,  p = 0.051, partial η2
 = 0.084) but no Outcome x 338 

GroupTYPE interaction (F(2,68) = 3.12,  p = 0.46, partial η2
 = 0.013, ). Consistently, the magnitude of 339 

sensory-based adjustments was not different between the GroupTYPES (F(2,68) = 0.41,  p = 0.67, 340 

partial η2
 = 0.012, Fig 3G). Note though that similarly to Day 1, sensory-based adjustments 341 

significantly correlated with the probability of success on Day 2 (R2 = 0.13, p = 0.0022; Fig 3H). 342 

Hence, the absence of reward effects on sensory-based adjustments on Day 1 and 2 cannot be 343 

explained by the fact that participants did not rely on this type of feedback.  344 
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Fig 3. Between-trial adjustments in the Error. (A) Reinforcement-based adjustments in the Error during 346 

Day 1 training. Absolute between-trial adjustments in the Error (ErrorBTC = |Errorn+1-Errorn|) according to the 347 

reinforcement feedback (i.e., Success or Failure) encountered at trialn in the three GroupTYPES (grey: Group-S, light 348 

green: Group-SR, dark green: Group-SRR). Notably, these bins of trials where constituted based on the success threshold-349 

normalized Error at trialn in order to compare adjustments in motor commands following trials of similar Error in the 350 

three groups. Stars denote significant group differences in ErrorBTC  for a given outcome (left panel, see Materials and 351 

Methods). Reinforcement-based adjustments (ErrorBTC after Failure in percentage of ErrorBTC after Success) were 352 

compared in the three GroupTYPES (right panel). (B) Correlations between the magnitude of reinforcement-based 353 

adjustments in the Error and the average success rate on the next trial, showing the relevance of these adjustments in 354 

the present task. Each dot represents a subject. (C, D) Same for Day 2 training. Note that reinforcement-based 355 

adjustments in motor commands remained amplified in GroupSRR, despite the absence of reward on Day 2. (E) Sensory-356 

based adjustments in the Error during Day 1 training. ErrorBTC following trialsn with Failures of different Error 357 

magnitudes (left panel). Sensory-based adjustments (ErrorBTC after Large Failure in percentage of ErrorBTC after Small 358 

Failure) were compared in the three GroupTYPES (right panel). (F) Correlations between the magnitude of sensory-based 359 

adjustments in the Error and the probability of success on the next trial, showing the relevance of these adjustments 360 

for task success. (G, H) Same for Day 2 training. *: p < 0.05. 361 

 362 

The single-trial analyses on ErrorBTC revealed significant differences in the way participants 363 

of each group adjusted their motor commands based on the reinforcement and the sensory 364 

feedback. However, the distribution of the Error data could have contributed to these single-trial 365 

effects. Indeed, even for random adjustments in motor commands (e.g., based on a Gaussian 366 

process), adjustments following small or large Errorn (i.e., in the tails of the Error distribution) 367 

would be larger than adjustments following Errorn close to the mean of the distribution. Hence, to 368 

ensure that group differences in Error distribution did not contribute to our single-trial results, we 369 

ran a control analysis in which we shuffled the Error data for each subject (with 10000 370 

permutations), and then re-computed reinforcement and sensory-based adjustments exactly as in 371 
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the main analysis. Importantly, we did not find any GroupTYPE effect on these shuffled data neither 372 

for reinforcement- (Day 1: F(2,84) = 1.6,  p = 0.21, partial η2
 = 0.04; Day 2: F(2,78) = 0.89,  p = 0.41, 373 

partial η2
 = 0.02) nor for sensory-based adjustments (Day 1: F(2,76) = 0.02,  p = 0.98, partial η2

 = 374 

0.0006; Day 2: F(2,78) = 0.20,  p = 0.82, partial η2
 = 0.006). This analysis indicates that the 375 

differences in single-trial adjustments reported here were not related to a sampling bias.   376 

  377 

Reward boosts reinforcement-based adjustments at a specific level of motor control 378 

As a last step, we asked whether the effect of reward on between-trial adjustments in motor 379 

commands concerned all aspects of force control, or only some specific motor components. To do 380 

so, we investigated how reinforcement and sensory feedback shaped adjustments in the speed and 381 

accuracy of force production in the three GroupTYPES by dissecting each force profile into three 382 

separate components (Fig 1B). To evaluate the speed at which the force was generated, we 383 

computed the time required for force initiation (i.e., the time required to reach half of the 384 

TargetForce: ForceInitiation). To assess the accuracy of the force, we computed the force difference 385 

between the average amplitude of the generated force and the TargetForce (ForceAmplError), and the 386 

variability (standard deviation/mean) of the maintained force (ForceVariability). Notably, both 387 

indicators of force accuracy were computed in the second half of the trial (i.e., the last 1000 ms), 388 

well after force initiation, when participants maintained a stable level of force.  389 

We compared between-trial changes in ForceInitiation (ForceInitiation-BTC), ForceAmplError 390 

(ForceAmplError-BTC), and ForceVariability (ForceVariability-BTC) following Success or Failure trials of 391 

similar Error magnitude in the three groups. The ANOVA run on the ForceInitiation-BTC data revealed 392 

a significant Outcome x GroupTYPE interaction (F(2,84) = 7.62,  p < 0.001, partial η2
 = 0.15) that was 393 

driven by the fact that post-Success and post-Failure ForceInitiation-BTC were different in Group-SR and 394 
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Group-SRR (p < 0.001, d = -1.04 and p < 0.001, d = -1.59, respectively) but not in Group-S (p = 0.10, 395 

d = -0.27). Moreover, post-Success changes in ForceInitiation were smaller in Group-SRR than in 396 

Group-S (p = 0.023, d = -0.56); it also tended to be smaller in Group-SR than in Group-S (p = 0.071, 397 

d = -0.49), while it was comparable in Group-SR and Group-SRR (p = 0.65, d = 0.14).  Corroborating 398 

these results, we found that reinforcement feedback impacted the modulation of initiation speed 399 

(expressed as ForceInitiation-BTC following a Failure in percentage of ForceInitiation-BTC following a 400 

Success; F(2,84) = 8.50,  p < 0.001, partial η2
 = 0.17; post-hocs: Group-S vs. Group-SR: p = 0.0011, d 401 

= -0.84, Group-S vs. Group-SRR: p < 0.001, d = -1.09;  Fig 4A). Interestingly though, we did not find 402 

any effect of reward on the reinforcement-based adjustment of speed (Group-SR vs. Group-SRR: p = 403 

0.78, d = -0.072). At the level of ForceAmplError, we found again a Outcome x GroupTYPE interaction 404 

(F(2,84) = 14.07,  p < 0.001, partial η2
 = 0.25; Fig. 4B) that was driven by the fact that post-Success 405 

and post-Failure ForceAmplError-BTC were different in Group-SR and Group-SRR (p < 0.001, d = -0.97 406 

and p = 0.0034, d = -1.44, respectively) but not in Group-S (p = 0.99, d = -0.0002). Group 407 

comparisons at post-Success and post-Failure did not evidence any significant difference in 408 

ForceAmplError-BTC. Notably though, there was a trend for the post-Success ForceAmplError-BTC to be 409 

smaller in Group-SRR than in Group-S (p = 0.066, d = -0.42). Interestingly, direct comparison of 410 

reinforcement-related changes in ForceAmplError-BTC (post-Failure vs. post-Success) revealed a 411 

significant effect of reward (F(2,84) = 9.54,  p < 0.001, partial η2
 = 0.19; Fig 4B). As such, participants 412 

of the Group-SRR modulated more the ForceAmplError according to the reinforcement feedback than 413 

subjects of the two other groups (Group-S vs. Group-SRR: p < 0.001, d = -1.04, Group-SR  vs. Group-414 

SRR: p = 0.018, d = -0.70). Notably, there was also a trend for Group-SR to be different from Group-415 

S (p = 0.064, d = -0.50). Finally, analysis of ForceVar-BTC did not reveal any Outcome x GroupTYPE 416 

interaction (F(2,84) = 0.79,  p = 0.46, partial η2
 = 0.018; Fig 4C), neither did it show a GroupTYPE 417 
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effect (F(2,84) = 0.81, p = 0.45, partial η2
 = 0.020; Fig 4C) on reinforcement-based adjustments 418 

(ForceVar-BTC post-Failure vs. post-Success). Hence, while reward strongly influenced 419 

reinforcement-based adjustments of force amplitude, it did not modulate the between-trial 420 

regulation of the speed at which the force was initiated or the variability of the maintained force. 421 

This suggests that the effect of reward on reinforcement-related adjustments was not global (i.e., 422 

affecting all aspects of the movement) but rather specific to force amplitude. 423 

We also considered the effect of the sensory feedback on between-trial adjustments by 424 

comparing ForceInitiation-BTC, ForceAmplError-BTC, and ForceVariability-BTC following failed trials of 425 

different Error magnitudes (i.e., small or large Failure). Contrary to the global ErrorBTC index, we 426 

did not find any Outcome x GroupTYPE interaction neither for ForceInitiation-BTC (F(2,76) = 0.54,  p = 427 

0.59, partial η2
 = 0.014), nor for ForceAmplError-BTC (F(2,76) = 2.80,  p = 0.067, partial η2

 = 0.069) or 428 

ForceVariability-BTC (F(2,76) = 1.25,  p = 0.29, partial η2
 = 0.032). Consistently, we did not find any 429 

significant difference in the way participants from the different groups adjusted individual motor 430 

components depending on the size of the preceding Failure (Large vs. Small Failure on Fig 4D, 431 

4E, 4F; ForceInitiation-BTC: F(2,76) = 0.10,  p = 0.90, partial η2
 = 0.0026; ForceAmplError-BTC: F(2,76) = 2.57,  432 

p = 0.083, partial η2
 = 0.063; ForceVariability-BTC: F(2,76) = 2.46,  p = 0.092, partial η2

 = 0.061). This 433 

analysis supports the idea that reward did not increase the sensitivity to the sensory feedback, but 434 

rather boosted specific adjustments in motor commands in response to the reinforcement feedback. 435 

Finally, as a control analysis, we characterized the respective influence of each motor 436 

component in the Error, which determined task success. As such, in addition to representing 437 

different levels of force control (i.e., initiation, amplitude and variability), the motor components 438 

evaluated here may also bear different relevance for task success (van der Kooij et al., 2021). For 439 

each participant, we ran separate partial linear regressions on the Error data with ForceInitiation, 440 



26 

 

ForceAmplError or ForceVariability as predictors. Notably, we used partial regressions here to assess the 441 

relationship between the Error and each motor component, while controlling for the effect of the 442 

other motor components in the correlation. Interestingly, we found that ForceAmplError explained the 443 

largest part of variance in the Error (r = 0.96 ± 0.003; p<0.05 in 90/90 subjects). ForceInitiation also 444 

explained a large part of variance in the Error (r = 0.81 ± 0.01; p<0.05 in 90/90 subjects), while 445 

ForceVariability explained a smaller, yet significant in most subjects, part of variance (r = 0.22 ± 0.03; 446 

p<0.05 in 68/90 subjects). Hence, although all motor parameters were relevant for task success, the 447 

ForceAmplError was the most influential factor.  448 

Altogether, our results demonstrate that reward potentiates reinforcement-based 449 

adjustments in motor commands and that this effect persists even after reward removal, on the 450 

subsequent day. The data also show that this effect does not concern all components of the 451 

movement but specifically the amplitude of the force which was the most relevant factor for task 452 

success. 453 
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 454 

Fig 4. Between-trial adjustments in initiation time, amplitude error and variability. Reinforcement-455 

based adjustments in the ForceInitiation (A), ForceAmplError (B) and ForceVariability (C). Absolute between-trial changes 456 

(BTC) for each motor component (ForceBTC = |Forcen+1-Forcen|) according to the reinforcement feedback (i.e., Success 457 

or Failure) encountered at trialn in the three GroupTYPES (grey: Group-S, light green: Group-SR, dark green: Group-SRR). 458 

Notably, these bins of trials where constituted based on the success threshold-normalized Error at trialn. Stars denote 459 

significant group differences in ErrorBTC for a given outcome (left panel). Reinforcement-based adjustments (ForceBTC 460 

after Failure in percentage of ForceBTC after Success) in the three GroupTYPES (right panel). Sensory-based 461 

adjustments in the ForceInitiation (D), ForceAmplError (E) and ForceVariability (F). ForceBTC following trialsn with Failures 462 
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of different Error magnitudes (left panel). Sensory-based adjustments (ForceBTC after Large Failure in percentage of 463 

ForceBTC after Small Failure) in the three GroupTYPES (right panel). *: p < 0.05. 464 
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3. Discussion 465 

In this study, we investigated the net effect of reward on motor learning while controlling 466 

for the reinforcement feedback received by the participants. Our results provide evidence that 467 

reward can improve motor skill learning and that this effect is related to a specific potentiation of 468 

reinforcement-related adjustments in motor commands. Strikingly, the potentiation of such 469 

adjustments persisted on a subsequent day in the absence of reward. Moreover, such boosting of 470 

reinforcement-based adjustments did not concern all components of force production but only the 471 

amplitude, which was the most relevant one for task success. These findings shed light on the 472 

mechanisms through which reward can durably enhance motor performance. They also lay the 473 

groundwork for future rehabilitation strategies involving optimized sensory and reinforcement 474 

feedbacks. 475 

A main goal of the present study was to explore the net effect of reward on motor skill 476 

learning by experimentally dissociating it from the reinforcement feedback. As such, previous 477 

motor learning studies have often coupled reinforcement and reward (e.g.,(Abe et al., 2011; Steel 478 

et al., 2019, 2016; Wachter et al., 2009; Wilkinson et al., 2015)), based on the underlying 479 

assumption that receiving knowledge of performance (e.g., points or binary feedback) provides a 480 

form of intrinsic reward that can by itself increase motivation to perform well (Leow et al., 2018). 481 

However, in addition to providing some form of intrinsic reward, reinforcement feedback also 482 

provides a learning signal to the motor system, that can influence motor learning (Bernardi et al., 483 

2015; Galea et al., 2015; Huang et al., 2011; Kim et al., 2019; Leow et al., 2018; Mawase et al., 484 

2017; Nikooyan et al., 2015; Shmuelof et al., 2012; Therrien et al., 2016; Uehara et al., 2018). In 485 

order to assess the net effect of motivation on motor learning, we therefore compared groups of 486 

participants trained with different monetary rewards but with the exact same reinforcement 487 
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feedback. We found that motivation by reward allowed marked improvements in motor 488 

performance that were maintained after reward removal and even 24 hours later (Fig 2). Notably, 489 

this was the case despite the fact that reinforcement alone was not sufficient to influence motor 490 

learning in our task. This demonstrates that the motivational context experienced during training 491 

can by itself strongly influence motor skill learning, beyond performance-based reinforcement 492 

feedback. 493 

The prospect of obtaining rewards for good performance enhances motivation but does not 494 

provide any additional learning signal to the motor system (Berke, 2018). Yet, it may boost the 495 

reliance on sensory and/or reinforcement feedbacks (Kim et al., 2019). To explore this possibility, 496 

we developed an analysis allowing us to investigate how participants adjusted their motor 497 

commands based on sensory or reinforcement feedbacks while controlling for differences in 498 

performance between the groups (see Materials and Methods for more details). Interestingly, we 499 

found that reward specifically boosted reinforcement-based adjustments, following both positive 500 

and negative feedbacks, while sensory-based adjustments remained unaffected by reward (Fig 3). 501 

This suggests that reward boosted both the reproduction of successful behaviour (exploitation) and 502 

correction of motor commands after failure (exploration; (Dhawale et al., 2017)). This was the case 503 

despite the fact that both types of feedback were relevant to improve motor performance at the 504 

single-trial level (Fig 3B, D, F, H). This result suggests that reward increases the reliance on 505 

reinforcement information during the learning process, with less effect on sensory-based 506 

adjustments. Interestingly, this finding may explain why tasks that strongly emphasize sensory-507 

based learning (over reinforcement-based learning; (Cashaback et al., 2017; Izawa and Shadmehr, 508 

2011)), often show less sensitivity to motivation. Accordingly, monetary reward shows little impact 509 

on sensorimotor adaptation (Galea et al., 2015; Hill et al., 2020) and on motor skill acquisition in 510 
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tasks that strongly rely on sensory feedback (e.g., (Abe et al., 2011; Steel et al., 2016; Widmer et 511 

al., 2016)). The differential effect of reward on sensory and reinforcement-based adjustments may 512 

be due to the qualitatively different learning processes that are driven by these two types of 513 

feedbacks (Cashaback et al., 2017; Uehara et al., 2018). As such, while sensory feedback promotes 514 

error correction by providing directional feedback (Shadmehr et al., 2010), reinforcement can guide 515 

motor exploration based on binary feedback about task success (Therrien et al., 2016). Our results, 516 

along with the observation that monetary rewards are less effective in tasks where learning is 517 

dominated by sensory feedback, suggest that the potential of reward to improve motor learning 518 

relies on the boosting of a reinforcement learning mechanism. Based on this, we propose that the 519 

susceptibility of a given motor learning task to reward may depend on the relative contribution of 520 

sensory and reinforcement feedbacks in the learning process. Characterizing what type of motor 521 

tasks can benefit from motivational interventions is an important line of future work to translate 522 

fundamental motor control research into innovative rehabilitation procedures. 523 

The finding of a reward-dependent boosting of reinforcement-based adjustments is in line 524 

with previous neuroimaging results showing that reward increases reinforcement-related activity 525 

in the striatum in the context of motor learning (Widmer et al., 2016). This reward-driven increase 526 

in striatal activity is reduced after a stroke (even when the striatum is unlesioned), a process that 527 

may contribute to the motor learning deficits observed in these patients (Widmer et al., 2019). 528 

Moreover, such reward-dependent modulation of motor adjustments has been shown to rely on 529 

dopamine (Galea et al., 2013; Pekny et al., 2015), a key neurotransmitter of the striatal circuitry. 530 

Based on these elements and on the causal role of the striatum in reinforcement-based adjustments 531 

in motor commands (Nakamura and Hikosaka, 2006; Williams and Eskandar, 2006), we suspect 532 

that this region may be crucial for the beneficial effect of reward observed in the present study. 533 
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Notably, the cerebellum (Carta et al., 2019; Heffley et al., 2018; Sendhilnathan et al., 2020; 534 

Vassiliadis et al., 2019; Wagner et al., 2017) and frontal areas (Dayan et al., 2018, 2014; Hamel et 535 

al., 2018; Palidis et al., 2019; Ramakrishnan et al., 2017; Sidarta et al., 2016) are also likely to 536 

contribute to reward-based motor learning. Further investigations are required to better delineate 537 

the neurophysiological bases of reward-related improvements in motor learning. 538 

The beneficial effect of reward on single-trial adjustments was maintained on day 2, even 539 

after reward removal. As in day 1 training, reinforcement-based adjustments were boosted while 540 

sensory-based adjustments remained unchanged by reward. This persistent change in the specific 541 

reaction to the reinforcement feedback after reward removal is suggestive of an associative learning 542 

process. In associative learning, presentation of a neutral stimulus (i.e., a conditioned stimulus) that 543 

has been consistently paired with a rewarding stimulus (i.e., an unconditioned stimulus) during a 544 

training period elicits a behaviour that was initially only generated in reaction to the reward 545 

(Pavlov, 1927; Rescorla and Wagner, 1972). Following this framework, it is possible that the 546 

repetitive pairing of the reinforcement feedback with the reward during training induced an implicit 547 

association between the two events that remained evident when the reward was removed. This 548 

could explain why strong reinforcement-specific adjustments were maintained on day 2 in the 549 

reward group, even though no rewards were at stake anymore. Such associative learning processes 550 

are known to strongly influence autonomic responses (Pool et al., 2019), inhibitory control 551 

(Avraham et al., 2020b; Lindström et al., 2019; Verbruggen et al., 2014), decision making 552 

(Lindström et al., 2019) and even sensorimotor adaptation (Avraham et al., 2020b) in humans. We 553 

propose that associative learning may also contribute to the durable influence of motivation on 554 

motor skill learning (Abe et al., 2011; Sporn et al., 2020). 555 
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In order to better characterize the effect of reward on motor learning, we considered 556 

separately the different components of the movement and found that force amplitude was the most 557 

strongly affected, while the speed of initiation and force variability remained largely insensitive to 558 

reward. This suggests that reward can have a selective influence on the regulation of a specific 559 

component of motor control. Importantly, an estimation of the respective influence of each motor 560 

component on task success also showed that force amplitude was the most relevant component for 561 

the task. Notably, the specificity of the effect of reward on the regulation of one motor component 562 

is in accordance with the idea that multidimensional motor tasks (i.e., requiring the control of 563 

multiple motor components) can be decomposed in subtasks that are learned separately in the motor 564 

system (Ghahramani and Wolpert, 1997) In this framework, learning of the different motor 565 

components may depend on their respective relevance for task success (Ghahramani and Wolpert, 566 

1997; van der Kooij et al., 2021). Such task relevance may be estimated based on a priori 567 

knowledge of the task (e.g., following instructions; (Popp et al., 2020)) and through the reliance on 568 

a credit assignment system allowing to estimate the particular influence of each motor component 569 

on task success through trial and error (McDougle et al., 2016; Parvin et al., 2018). Based on this 570 

idea, we believe that the strong relationship between the amplitude of the force and task success in 571 

the present task pushed participants of the reward group to largely modulate this component based 572 

on the reinforcement feedback. If this is the case, this would suggest that it is possible to affect the 573 

training of specific motor abilities by modulating the weight of individual motor components in 574 

the computation of the reinforcement feedback, an aspect that could be exploited in future 575 

rehabilitation protocols. Alternatively, reward might have specifically modulated the amplitude of 576 

the force, independently of the relevance of this parameter. Although the present study cannot rule 577 

out this hypothesis, we believe that such interpretation is unlikely given previous demonstration 578 
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that reward can improve several aspects of motor control concomitantly (Codol et al., 2020; 579 

Manohar et al., 2015). Another possibility is that reinforcement feedback alone was sufficient to 580 

maximally modulate initiation time and variability in this task, precluding us from observing a 581 

difference with the reward-based training because of some form of ceiling effect. Further studies 582 

are required to disentangle these potentially co-existing interpretations to guide the development 583 

of component-specific rehabilitation therapies (Norman et al., 2017). 584 

 585 

Limitations of the study 586 

Our findings suggest that extrinsic reward can improve the acquisition and maintenance of 587 

a motor skill by boosting reinforcement-based adjustments in motor commands. However, it should 588 

be noted that here we focused on a very simple unimanual task in which performance relied on the 589 

ability to modulate a 1-degree of freedom force. While our analysis of the different motor 590 

components suggests that reward may also improve the learning of more complex tasks (by 591 

selectively boosting the adjustment of the most relevant dimensions for task success), future studies 592 

should address the generalizability of our results by using tasks engaging more complex skills.  593 

Besides, our single-trial analysis suggests that reward affects differently sensory and 594 

reinforcement-based adjustments in motor commands. Yet, sensory and reinforcement feedbacks 595 

were always coupled in the present task. We did so on purpose, to avoid inducing conflict in the 596 

learning process, yet the reward effect we report here could be influenced by the relationship 597 

between these feedbacks. Hence, follow-up investigations should assess the effect of reward on 598 

sensory and reinforcement-based adjustments in situations where both feedback types are 599 

dissociated (Cashaback et al., 2017).  600 
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STAR Methods 601 

KEY RESOURCES TABLE 602 

 603 

RESOURCE SOURCE IDENTIFIER 

Deposited data   

Motor learning data This paper https://osf.io 

Subjects characteristics This paper https://osf.io 

Software and algorithms   

Matlab vR2007 7.5 and R2008a Mathworks MATLAB - MathWorks - MATLAB & 

Simulink 

Statistica 10 StatSoft Inc. https://www.statsoft.de/en/software/tibco-

statisticatm 

Psychophysics Toolbox Psychtoolox.org http://psychtoolbox.org/ 

 604 

RESOURCE AVAILABILITY 605 

Lead contact 606 

Further information and requests should be directed to the lead contact, Pierre Vassiliadis 607 

(pierre.vassiliadis@uclouvain.be). 608 

 609 

Materials availability 610 

This study did not generate new unique reagents. 611 

 612 

Data and code availability 613 

Data used in this study are available upon request (contact: 614 

pierre.vassiliadis@uclouvain.be) and will be freely available at the time of publication via an open-615 

access data sharing repository (https://osf.io). 616 

https://osf.io/
https://osf.io/
https://www.mathworks.com/products/matlab.html
https://www.mathworks.com/products/matlab.html
https://www.statsoft.de/en/software/tibco-statisticatm
https://www.statsoft.de/en/software/tibco-statisticatm
http://psychtoolbox.org/
mailto:pierre.vassiliadis@uclouvain.be
mailto:pierre.vassiliadis@uclouvain.be
https://osf.io/
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 617 

EXPERIMENTAL MODEL AND SUBJECT DETAILS 618 

A total of ninety right-handed healthy volunteers participated in the present study (58 619 

women, 23.7 ± 0.3 years old; mean ± SE). Handedness was determined via a shortened version of 620 

the Edinburgh Handedness inventory Oldfield (Oldfield, 1971). None of the participants suffered 621 

from any neurological or psychiatric disorder, nor were they taking any centrally-acting 622 

medication. All participants gave their written informed consent in accordance with the Ethics 623 

Committee of the Université Catholique de Louvain (approval number: 2018/22MAI/219) and the 624 

principles of the Declaration of Helsinki. Subjects were financially compensated for their 625 

participation. Finally, all participants were asked to fill out a French adaptation of the Sensitivity 626 

to Punishment and Sensitivity to Reward Questionnaire (SPSRQ; (Lardi et al., 2008; Torrubia et 627 

al., 2001)). 628 

 629 

METHOD DETAILS 630 

General aspects 631 

Participants were seated approximately 60 cm in front of a computer screen (refresh rate = 632 

100 Hz) with their right forearm positioned at a right angle of the table. The task was developed 633 

on Matlab 7.5 (the Mathworks, Natick, Massachusetts, USA) exploiting the Psychophysics 634 

Toolbox extensions (Brainard, 1997; Pelli, 1997) and consisted in an adaptation of previously used 635 

motor learning tasks (Abe et al., 2011; Mawase et al., 2017; Steel et al., 2016). The task required 636 

participants to squeeze a force transducer (Arsalis, Belgium) between the index and the thumb to 637 

control the one-dimension motion of a cursor displayed on the screen. Increasing force resulted in 638 

the cursor moving vertically and upward. Each trial started with a preparatory phase in which a 639 
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sidebar appeared at the bottom of the screen and a target at the top (Fig 1A). After a variable time 640 

interval, a cursor popped up in the sidebar and participants had to pinch the transducer to move the 641 

cursor as quickly as possible from the sidebar to the target and maintain it there for the rest of the 642 

task. The level of force required to reach the target (TargetForce) was individualized for each 643 

participant and set at 10% of maximum voluntary contraction (MVC). Notably, squeezing the 644 

transducer before the appearance of the cursor was considered as an anticipation and therefore led 645 

to an interruption of the trial. Such trials were discarded from further analyses. At the end of each 646 

trial, a binary reinforcement feedback represented by a colored circle was provided to the subject 647 

followed by a reminder of the color/feedback association and potential monetary reward associated 648 

to good performance (see Reinforcement feedback section below). 649 

 650 

Sensory feedback 651 

We provided only limited visual feedback to the participants (Mawase et al., 2017). As 652 

such, on most trials (90%), the cursor disappeared shortly after the subject started to squeeze the 653 

force transducer (partial vision trials): it became invisible as soon as the generated force became 654 

larger than half of the TargetForce (i.e., 5% of MVC). Conversely, the remaining trials (10%) 655 

provided a continuous vision of the cursor (full vision trials). Therefore, on most trials, participants 656 

had limited visual information and had to rely exclusively on somatosensory feedback to generate 657 

the TargetForce. Importantly, full vision trials were not considered in the analyses. 658 

 659 
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Reinforcement feedback 660 

At the end of each trial, subjects were presented with a binary reinforcement feedback 661 

indicating performance. Success on the task was determined based on the Error; that is, the absolute 662 

force difference between the TargetForce and the exerted force (Fig 1B; (Abe et al., 2011; Steel et 663 

al., 2016)). The Error was computed for each frame refresh (i.e., at 100Hz) from 150 ms to the end 664 

of the trial and then averaged for each trial (Steel et al., 2016) and expressed in percentage of MVC. 665 

This indicator of performance allowed us to classify a trial as successful or not based on an 666 

individualized success threshold (see below). When the Error on a given trial was below the 667 

threshold (negative normalized Error), the trial was considered as successful, and when it was 668 

above the threshold (positive normalized Error), the trial was considered as failed. Hence, task 669 

success depended on the ability to reduce the Error by approximating the TargetForce as quickly and 670 

accurately as possible. Importantly, participants were told explicitly that both speed and accuracy 671 

were taken into account to determine task success. In summary, to be successful, participants knew 672 

that they had to quickly initiate the force and be as accurate as possible in reproducing the 673 

TargetForce.  674 

In different blocks of trials, we manipulated the reinforcement feedback and reward 675 

provided during training. In Block-S, the reinforcement feedback was non-informative (magenta 676 

circle regardless of performance), and participants could only rely on somatosensory feedback to 677 

perform the task. In Block-SR, the reinforcement feedback consisted in a yellow (representing a 678 

successful trial) or blue circle (representing a failed trial), providing knowledge of performance 679 

(Fig 1A). In Block-SRR, this knowledge of performance was associated to a monetary reward (+8 680 

cents or 0 cent for Success or Failure, respectively). Therefore, contrarily to Block-S, Block-SR and 681 
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Block-SRR provided knowledge of performance and this feedback was associated to a monetary 682 

reward in Block-SRR. 683 

 684 

Experimental procedure  685 

Subjects’ performance was tested for two consecutive days (Day 1 and Day 2; Fig 1C). On 686 

Day 1, we first measured the individual MVC to calculate the TargetForce. Notably, MVC was 687 

measured before and after both sessions to assess potential muscle fatigue related to the training 688 

(see 4.4.3). Participants then performed 2 blocks of Familiarization. In a first block, participants 689 

performed 20 full vision trials; it served to familiarize the subjects with the task in a Block-SR setting 690 

(Full vision block). Subsequently, all blocks were composed of a mixture of full vision trials (10 691 

% of total trials) and partial vision trials (90 % of total trials). The second Familiarization block 692 

consisted in 20 trials and allowed us to determine baseline performance to individualize the 693 

difficulty of the task for the rest of the experiment (Calibration block). For every subject, each 694 

partial vision trial of the Calibration block was classified in terms of Error from the lowest to the 695 

greatest in percentage of MVC. We took the 35th percentile of the Error to determine the individual 696 

success threshold. Success thresholds were constrained between 2 and 3.5 % of MVC by asking 697 

participants to repeat the Calibration block when the computed threshold was outside these 698 

boundaries. Those parameters were determined based on pilot data to obtain coherent learning 699 

curves among individuals. 700 

After the Familiarization and Calibration blocks, the first experimental session consisted in 701 

280 trials divided in 8 blocks. All subjects started with a Block-SR of 20 trials to evaluate the 702 

performance at Pre-training and similarly ended the session with a Post-training assessment of 20 703 
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trials. In between, 6 Training blocks of 40 trials were performed by the participants (Fig 1B). 704 

During this Training period, individuals were split into 3 separate groups (GroupTYPE: Group-S, 705 

Group-SR or Group-SRR) depending on the type of blocks they performed during training. As such, 706 

Group-S completed Block-S, Group-SR performed Block-SR and Group-SRR trained under Block-SRR 707 

condition. Contrasting performance in the Pre- and Post-training blocks allowed us to evaluate 708 

learning of the skill under the three training conditions. 24 hours later, subjects performed the task 709 

again with the same TargetForce and success threshold. After a 20 trials Familiarization used to 710 

remind the task to participants, they performed 140 trials split in 4 blocks; all were performed in a 711 

Block-SR setting. This Re-test session allowed us to assess skill maintenance 24h after training. 712 

 713 

QUANTIFICATION AND STATISTICAL ANALYSIS 714 

Statistical analyses were carried out with Matlab 2018a (the Mathworks, Natick, 715 

Massachusetts, USA) and Statistica 10 (StatSoft Inc., Tulsa, Oklahoma, USA). Post-hoc 716 

comparisons were always conducted using the Fisher’s LSD procedure. The significance level was 717 

set at p ≤ 0.05, except in the case of correction for multiple comparisons (see below). 718 

 719 

Motor skill learning and maintenance  720 

  The main aim of the present study was to evaluate the effect of reward on motor skill 721 

learning and maintenance. To assess skill learning, we expressed the median Error at Post-training 722 

in percentage of the value obtained at Pre-training. To evaluate skill maintenance, we expressed 723 

the median Error during the Re-test session in percentage of Pre-training. First, compared skill 724 

learning and maintenance between the groups through one-way ANOVAs with the factor 725 
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GroupTYPE. Then, we also explored the significance of skill learning and maintenance within each 726 

group by conducting Bonferroni-corrected single sample t-tests on these percentage data against a 727 

constant value of 100% (i.e., corresponding to the Pre-training level).  728 

 As explained above, task performance depended on both the speed and the accuracy of the 729 

produced force (Fig 1B). We characterized the effect of reward on these different levels of force 730 

control, by evaluating separately the speed of force initiation and the accuracy of the maintained 731 

force. To evaluate the speed of force initiation, we measured the force initiation time (ForceInitiation) 732 

which was defined as the delay between the appearance of the cursor and the moment where the 733 

applied force reached 5% of MVC (i.e., corresponding to half of the TargetForce). Force accuracy 734 

was evaluated in the second half of the trial (i.e., the last 1000 ms), through two different 735 

parameters. First, we computed the Amplitude Error of the force (ForceAmplError), defined as the 736 

absolute difference between the mean force exerted in the last 1000 ms of the trial and the 737 

TargetForce. It reflected how much the amplitude of the maintained force differed from the 738 

TargetForce. Second, force accuracy was also characterized by considering the variability of the 739 

maintained force, with high levels of variability causing increases in the Error. To assess force 740 

variability (ForceVariability), we computed the coefficient of variation of the force in the second half 741 

of the trial (i.e., standard deviation of force/mean force). In summary, to be successful, participants 742 

had to quickly initiate the force (i.e., low ForceInitiation) and be as accurate as possible (i.e., low 743 

ForceAmplError and ForceVariability).  744 

 As a control, we verified that the three motor components described above (i.e., 745 

ForceInitiation, ForceAmplError and ForceVariability) were closely related to the Error, and therefore were 746 

relevant for task success. To do so, we ran partial linear regressions on the Error data with 747 

ForceInitiation, ForceAmplError and ForceVariability as predictors to estimate the respective influence of 748 
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each motor component on the Error, while controlling for the effect of the other components. 749 

Interestingly, we found that ForceAmplError explained the largest part of variance in the Error (r = 750 

0.96 ± 0.003; p<0.05 in 90/90 subjects). ForceInitiation also explained a large part of variance in the 751 

Error (r = 0.81 ± 0.01; p<0.05 in 90/90 subjects), while ForceVariability explained a smaller, yet 752 

significant in most subjects, part of variance (r = 0.22 ± 0.03; p<0.05 in 68/90 subjects). Hence, 753 

although all motor parameters were relevant for task success, the ForceAmplError was the most 754 

influential factor. 755 

 756 

Between-trial adjustments in motor commands  757 

A second goal of the present study was to assess the effect of reward on between-trial 758 

adjustments in motor commands. Specifically, we aimed at evaluating how motor commands were 759 

adjusted based on reinforcement and sensory feedback in our three experimental groups.  760 

To do so, for each trialn we computed the absolute between-trial change (BTC) in Error 761 

(ErrorBTC; see (Pekny et al., 2015; Uehara et al., 2019) for similar approaches in reaching tasks).  762 

𝐵𝑇𝐶 𝐸𝑟𝑟𝑜𝑟 =  |𝐸𝑟𝑟𝑜𝑟(𝑛 + 1) −  𝐸𝑟𝑟𝑜𝑟(𝑛) |  763 

In order to study how much motor commands were adjusted based on previous experience, 764 

we compared adjustments in motor commands following trials of different Error magnitudes. To 765 

do so, we first subtracted each subject’s individual success threshold to the Error data. Hence, 766 

normalized Errors below 0 corresponded to successful trials and normalized Errors above 0 767 

corresponded to failed trials. Then, we split the Error data in consecutive bins of 1 % of MVC and 768 

averaged the corresponding ErrorBTC. This allowed us to compare ErrorBTC following trials of 769 

similar Errorn across the groups.  770 
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As a first step, to better understand how motor commands were adjusted based on the 771 

reinforcement feedback, we compared ErrorBTC following bins of Success or Failure trials of 772 

neighboring Error magnitudes (BinSuccess:  -1% < Errorn < 0% MVC; BinFailure:  0% < Errorn < 1% 773 

MVC). Fixing the boundaries of BinSuccess and BinFailure allowed us to compare reinforcement-774 

related adjustments between the groups while controlling for the magnitude of Errorn; an aspect 775 

that might directly influence between-trial adjustments. First, we performed a two-way ANOVA 776 

with the factors Outcome (Success or Failure) and GroupTYPE. We then computed reinforcement-777 

based adjustments as the percentage change in ErrorBTC in BinFailure compared to BinSuccess. This 778 

index allowed us to determine in a single measure how participants from the different groups 779 

adjusted their behavior based on the reinforcement obtained in the previous trial.  780 

Reinforcement-based adjustments in ErrorBTC = 100 x 
ErrorBTC (𝐵𝑖𝑛𝐹𝑎𝑖𝑙𝑢𝑟𝑒) 

 ErrorBTC (𝐵𝑖𝑛𝑆𝑢𝑐𝑐𝑒𝑠𝑠)
  781 

These analyses were conducted separately on the Day 1 and Day 2 data. We had to exclude 782 

3 and 9 participants for Day 1 and Day 2 analyses, respectively, because they had less than 7 trials 783 

in at least one of the two bins (remaining subjects on Day 1: Group-S = 29; Group-SR = 28; Group-784 

SRR = 30; Day 2: Group-S = 26; Group-SR = 27; Group-SRR = 28). For the remaining participants, an 785 

average of 56 ± 3 and 39 ± 2 trials were included for each bin for Day 1 and Day 2 analyses, 786 

respectively. Reinforcement-based changes in ErrorBTC were compared between the groups through 787 

one-way ANOVAs with the factor GroupTYPE.  788 

As a second step, we evaluated how participants adjusted movements when they could only 789 

rely on the sensory feedback. We compared ErrorBTC following bins of Failure trials of different 790 

Error magnitudes (BinSmall-Failure:  0% < Errorn < 1% MVC; BinLarge-Failure:  1% < Errorn < 2% MVC). 791 

In this case, the reinforcement feedback was the same in the two bins and the only difference 792 
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between the trials consisted in the magnitude of the Error experienced at trialn. Again, we first 793 

performed a two-way ANOVA with the factors Outcome (Small or Large Failure) and GroupTYPE. 794 

We then computed sensory-based adjustments as the percentage change in ErrorBTC in BinLarge-Failure 795 

compared to BinSmall-Failure. This index allowed us to determine how participants adjusted their 796 

behavior based on the previous somatosensory experience, in the absence of any difference in the 797 

reinforcement feedback obtained.  798 

Sensory-based adjustments in ErrorBTC = 100 x 
ErrorBTC (𝐵𝑖𝑛𝐿𝑎𝑟𝑔𝑒−𝐹𝑎𝑖𝑙𝑢𝑟𝑒) 

 ErrorBTC (𝐵𝑖𝑛𝑆𝑚𝑎𝑙𝑙−𝐹𝑎𝑖𝑙𝑢𝑟𝑒)
  799 

This analysis was first run on the Day 1 data. We had to exclude 12 participants because 800 

they had less than 7 trials in at least one of the two bins (remaining subjects: Group-S = 27; Group-801 

SR = 28; Group-SRR = 24). For Day 2, applying the same procedure led to the exclusion of 29 subjects 802 

with a lower number of participants in the Group-SRR (15 subjects). For this reason, we ran another 803 

analysis where we exceptionally excluded participants only if they had less than 5 trials in one bin. 804 

This allowed us to keep a reasonable number of participants in each group (19 subjects excluded; 805 

remaining subjects: Group-S = 24; Group-SR = 26; Group-SRR = 21). Notably, both analyses (i.e., with 806 

7-trials or 5-trials cutoff) gave similar results and we only present the latter in the Results section. 807 

For the remaining participants, an average of 47 ± 3 and 29 ± 2 trials were included for each bin 808 

for Day 1 and Day 2 analyses, respectively. Sensory-based changes in ErrorBTC were compared 809 

between the groups through a one-way ANOVA with the factor GroupTYPE.  810 

As a last step, we asked whether the effect of reward on between-trial adjustments in motor 811 

commands concerned all aspects of force control, or only specific motor components. To do so, we 812 

investigated reinforcement-based and sensory-based adjustments in ForceInitiation, ForceAmplError and 813 

ForceVariability, using the same method described above for the average Error. We first performed 814 
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two-way ANOVAs with the factors Outcome (reinforcement-based analysis: Success or Failure 815 

sensory-based analysis: Small or Large Failure) and GroupTYPE. Then, to assess reinforcement-816 

based adjustments, we contrasted between-trial changes in ForceInitiation (ForceInitiation-BTC), 817 

ForceAmplError (ForceAmplError-BTC) and in ForceVariability (ForceVariability-BTC) following BinSuccess and 818 

BinFailure. Sensory-based adjustments were computed by contrasting ForceInitiation-BTC, ForceAmplError-819 

BTC and ForceVariability-BTC following BinSmall-Failure and BinLarge-Failure. These data were compared 820 

between the groups through one-way ANOVAs with the factor GroupTYPE. 821 

 822 

Group features, muscle fatigue and monetary gains 823 

As a control, we verified that our 3 groups were comparable in terms of age, success 824 

threshold, TargetForce and Sensitivity to Reward and to Punishment (i.e., as assessed by the SPSRQ 825 

questionnaire). As displayed in Table 1, one-way ANOVAs on these data did not reveal any 826 

significant differences between the groups.  827 

We also assessed muscle fatigue on Day 1 and Day 2 (Derosière et al., 2014; Derosiere and 828 

Perrey, 2012) by expressing the MVC obtained after each session (MVCPOST) in percentage of the 829 

MVC measured initially (MVCPRE). The relative change of MVC was not different according to 830 

the GroupTYPE (Day 1, F(2,87) = 0.51, p = 0.60; Day 2, F(2,87) = 0.60, p = 0.55; Table 1). As an 831 

additional safety check, we wanted to make sure that the decrements in MVC caused by the training 832 

period of Day 1 could not impair performance. To test this, we compared MVCPOST (expressed in 833 

% of MVCPRE) with a fixed value of 10% of MVCPRE (i.e., corresponding to the TargetForce) through 834 

Bonferroni-corrected single sample t-tests. This analysis revealed that MVCPOST levels were always 835 

significantly above the TargetForce (Group-S: t(29) = 35.84, p < 0.001; Group-SR: t(29) = 34.14, p < 836 
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0.001 and Group-SRR: t(29) = 34.44, p < 0.001). Hence, force decrements caused by the training were 837 

comparable between groups and are unlikely to have limited task performance. 838 

In a final step, we checked that the monetary gains obtained at the end of the experiment 839 

were similar between groups. Subjects received a fixed show-up fee corresponding to 10 euros/hour 840 

of experiment. In addition, participants also gained a monetary bonus. This bonus was set at 10 841 

euros for subjects in Group-SR and Group-S while it was variable from 0 to 20 euros according to 842 

the Group-SRR performance (gain of 8 cents per successful trial in Block-SRR). Importantly, this 843 

bonus procedure in Block-SRR was determined to match that obtained in the other groups; it 844 

corresponded to 10.4 ± 0.67 euros. A t-test revealed that the total ending remuneration was similar 845 

across the different GroupTYPES (t(29) = 0.57; p = 0.57). 846 

 847 

 
Group-S 

(n=30) 

Group-SR 

(n=30) 

Group-SRR 

(n=30) 
F(2,87) p 

Age  

(years) 

23.9 ± 0.67 23.3 ± 0.50 23.9 ± 0.43 0.34 0.71 

Gender  

(number of females) 

19 19 20 / / 

Success Threshold  

(% MVC) 

2.8 ± 0.01 2.8 ± 0.01 2.9 ± 0.01 0.13 0.88 

TargetForce  

(Newtons) 

5.3 ± 0.30 4.7 ± 0.25 5.1 ± 0.21 1.16 0.31 

Sensitivity to reward (score) 37.1 ± 1.18 35.6 ± 1.11 37.5 ± 1.14 0.79 0.46 

Sensitivity to punishment (score) 42.3 ± 1.59 42.0± 1.59 40.9 ± 1.46 0.22 0.81 
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Table 1. Group features and muscle fatigue in the three experimental groups (mean ± SE). The 2 last columns provide 848 

the results of one-way ANOVAs’ ran with the factor GroupTYPE.  849 

Muscle fatigue – Day 1 

(MVCPOST in % of MVCPRE) 
95.7 ± 2.39 99.0 ± 2.61 98.6 ± 2.57 0.51 0.60 

 Muscle fatigue – Day 2 

(MVCPOST in % of MVCPRE) 
94.6 ± 2.74 93.9 ± 1.52 97.0 ± 1.89 0.60 0.55 
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